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ABSTRACT 
 

Context: In recent years, Cloud computing has gained a wide range of attention in both industry 
and academics as Cloud services offer pay-per-use model, due to increase in need of factors like 
reliability and computing results with immense growth in Cloud-based companies along with a 
continuous expansion of their scale. However, the rise in Cloud computing users can cause a 
negative impact on energy consumption in the Cloud data centers as they consume huge amount 
of overall energy. In order to minimize the energy consumption in virtual datacenters, 
researchers proposed various energy efficient resources management strategies. Virtual Machine 
dynamic Consolidation is one of the prominent technique and an active research area in recent 
time, used to improve resource utilization and minimize the electric power consumption of a 
data center. This technique monitors the data centers utilization, identify overloaded, and 
underloaded hosts then migrate few/all Virtual Machines (VMs) to other suitable hosts using 
Virtual Machine selection and Virtual Machine placement, and switch underloaded hosts to 
sleep mode. 
 
Objectives: Objective of this study is to define and implement new energy-aware heuristic 
algorithms to save energy consumption in Cloud data centers and show the best-resulted 
algorithm then compare performances of proposed heuristic algorithms with old heuristics.   
 
Methods: Initially, a literature review is conducted to identify and obtain knowledge about the 
adaptive heuristic algorithms proposed previously for energy-aware VM Consolidation, and find 
the metrics to measure the performance of heuristic algorithms. Based on this knowledge, for 
our thesis we have proposed 32 combinations of novel adaptive heuristics for host overload 
detection (8) and VM selection algorithms (4), one host underload detection and two adaptive 
heuristic for VM placement algorithms which helps in minimizing both energy consumption 
and reducing overall Service Level Agreement (SLA) violation of Cloud data center. Further, an 
experiment is conducted to measure the performances of all proposed heuristic algorithms. We 
have used the CloudSim simulation toolkit for the modeling, simulation, and implementation of 
proposed heuristics. We have evaluated the proposed algorithms using PlanetLab VMs real 
workload traces.   
 
Results: The results were measured using metrics energy consumption of data center (power 
model), Performance Degradation due to Migration (PDM), Service Level Agreement violation 
Time per Active Host (SLATAH), Service Level Agreement Violation (SLAV = PDM . 

SLATAH) and, Energy consumption and Service level agreement Violation (ESV).  Here for all 
four categories of VM Consolidation, we have compared the performances of proposed 
heuristics with each other and presented the best heuristic algorithm proposed in each category. 
We have also compared the performances of proposed heuristic algorithms with existing 
heuristics which are identified in the literature and presented the number of newly proposed 
algorithms work efficiently than existing algorithms. This comparative analysis is done using T-
test and Cohen's d effect size.  
 
From the comparison results of all proposed algorithms, we have concluded that Mean absolute 
Deviation around median (MADmedain) host overload detection algorithm equipped with 
Maximum requested RAM VM selection (MaxR) using Modified First Fit Decreasing VM 
placement (MFFD), and Standard Deviation (STD) host overload detection algorithm equipped 
with Maximum requested RAM VM selection (MaxR) using Modified Last Fit decreasing VM 
placement (MLFD) respectively performed better than other 31 combinations of proposed 
overload detection and VM selection heuristic algorithms, with regards to Energy consumption 
and Service level agreement Violation (ESV). However, from the comparative study between 
existing and proposed algorithms, 23 and 21 combinations of proposed host overload detection 
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and VM selection algorithms using MFFD and MLFD VM placements respectively performed 
efficiently compared to existing (baseline) heuristic algorithms considered for this study. 
 
Conclusions:  
This thesis presents novel proposed heuristic algorithms that are useful for minimization of both 
energy consumption and Service Level Agreement Violation in virtual datacenters. It presents 
new 23 combinations of proposed host overloading detection and VM selection algorithms 
using MFFD VM placement and 21 combinations of proposed host overloading detection and 
VM selection algorithms using MLFD VM placement, which consumes the minimum amount 
of energy with minimal SLA violation compared to the existing algorithms. It gives scope for 
future researchers related to improving resource utilization and minimizing the electric power 
consumption of a data center. This study can be extended in further by implementing the work 
on other Cloud software platforms and developing much more efficient algorithms for all four 
categories of VM consolidation. 
 
Keywords: Cloud computing, Virtualization, Energy consumption, CloudSim toolkit, dynamic 
Virtual Machine consolidation (VMC) 
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1 INTRODUCTION 
This chapter gives a brief introduction towards cloud computing, a description of the problem 
identified, aim and objectives, and research questions formulated that are intended to be 
answered through this thesis work.  

1.1 CLOUD COMPUTING 
To meet the ever-changing business demands, organizations have to invest time and budget to 
enlarge their IT infrastructure such as such as hardware, services and development platforms. 
However, with an on-premise IT infrastructure, the process of enlargement can be slow and 
frequent achievement of optimal utilization of IT infrastructure is not possible by organizations. 
Cloud computing is a paradigm shift, that supports computing through the internet (user 
devices). A cloud computing service consists of highly optimized virtual datacenters that 
provide various software, hardware and information resources for use, where needed 
organizations can merely connect to the cloud and use the available resources on a pay-per-use 
basis. The Quality of Service (QoS) is ensured by the infrastructure service provider by means 
of Service Level Agreements (SLAs) contracted with cloud users. This helps companies avoid 
capital expenditure on additional on-premises infrastructure resources and instantly scale up or 
scale down according to business requirements [1]. Five main essential characteristics of Cloud 
computing are broad network access, rapid elasticity, on-demand self-service, resource pooling 
and measured service [2].  
 
 
 

 
Figure 1: Cloud computing context 

 
Services models 
The Cloud services are categorized into three types [2] as defined below  
 

 Software as a Service (SaaS): 
A customer can use the service provider’s applications running on a Cloud infrastructure by 
accessing the applications from various user devices or either through a user interface, such 
as a web browser or an application program interface (API). Users are not able to control or 
manage the basic Cloud infrastructure including operating systems, network, servers, 
storage, data, or even individual application. One of the well known SaaS service providers 
is SalesForce.com [2]. 

 
 Platform as a Service (PaaS):  
A customer can deploy any user-created or acquired applications created by making use of 
programming languages, libraries, tools, and services supported by the service provider onto 

Cloud User 
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the Cloud infrastructure. Users are not able to control or manage the basic Cloud 
infrastructure including operating systems, network, servers, or storage, but have a control 
over the self-deployed applications. Example service provider of PaaS is Google Engine 
[2].  

 
 Infrastructure as a Service (IaaS):   
A customer can deploy and run any software, which includes operating systems and 
applications. Users are not able to control or manage the basic Cloud infrastructure but have 
a control over the storage, operating systems, self-deployed applications, and have a limited 
control over networking components (e.g., host firewall). Example service provider of IaaS 
is Amazon Web Services (AWS) [2]. 

 
Deployment models 
The four type of Cloud deployment models [2]: Public, Private, Community, and Hybrid as 
defined below  
 

 Public cloud: 
This Cloud infrastructure is provisioned to make the service available for general public 
users through internet. It is owned and managed by a business for commercial purposes, 
academia for academic purposes or government organization [2]. 

 
 Private cloud: 
This Cloud infrastructure is provisioned exclusively for a use of a single organization which 
may be composed by multiple consumers. It is owned and managed by organizations or a 
third party [2].  

 
 Community cloud: 
This Cloud infrastructure is provisioned exclusively for use of customers from several 
organizations having a specific community with shared concerns (e.g., Security 
requirements). It is owned and managed by one or more organizations or a third party [2]. 

 
 Hybrid cloud: 
This Cloud infrastructure is comprised of two or more distinct Clouds (public, private or 
community) that has specific constraints for data/application access but they are bounded 
together by standardized or proprietary technology, which allows the data and application to 
be moved from one Cloud to another if required [2]. 

 

1.2 PROBLEM IDENTIFICATION 
In recent years, Cloud computing has achieved a wide range of attention in both industry and 
academics. This is because of the fact that, type of computing in Cloud computing mainly relies 
on sharing computing resources instead of owning servers or personal devices. As a result of its 
immense growth in popularity, many numbers of companies are rebranding their services and 
products from non-cloud to cloud computing with a continuous expansion of their scale.   
However, rising in the number of users in Cloud computing can also cause rising in energy 
consumption in the cloud data centers. Since modern data centers that are working under Cloud 
computing model, serves various type of applications ranging from shorter run time (web 
application serving requests) to longer run time (large dataset processing and simulations) and 
they consume an extreme amount of energy. This is accountable for overall raise of operating 
costs for CSPs, as energy cost is directly proportional to the IT costs [3]. Koomey [4] said that 
from 2005 to 2010 energy consumption in the datacenters has been increased by 56%, which 
accounts 1.1% to 1.5% of total electricity usage. In [5] is reported that in 2013, datacenters in 
US consumed 70 billion kWh (i.e., kilowatt-hours) of power, representing 2% of global 
electricity usage, which increased to 3% by 2014 and also mentioned that by 2020 energy 
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consumption of data centers to grow by 4% and reach about 140 billion kWh. It is expected that 
this percentage to be increased significantly in upcoming years.  
 
According to related report’s analysis, the two main reasons for highest energy consumption of 
data centers as follows: first, due to the increase in the number of the data centers and its 
resulting power consumption. According to International Data Corporation (IDC) report, in 
2017 the count of data centers being built around the world continues increasing until it peaks at 
8.6 million [6]. The statistical results of a survey shown in [7] state that by 2021 the transition 
of traditional data centers to Cloud data centers will be more than 94% and private Cloud 
storage internet users will be raised up to 58% (2 billion) from 42% (1.1 billion) in 2016. 
Second, it is due to the low utilization of the PMs in data centers. According to [8] [9], majority 
of the data centers which are at a low level of resource utilization, i.e., approximately 30%, 
while the energy consumption of an active server in these data centers is very high resulting 
with huge amount of energy wastage. For example, on an average, the server's utilization of 
Google's clusters is less than 50% [10]. In [9] stated that servers which are in complete idle state 
also consume about 70% of their peak power.  
 
Hence, energy management concept turns crucial in any Cloud computing solution. Therefore, 
to overcome this problem it is essential to design the energy efficient resources management 
strategies along with maintaining Quality of Service (QoS) in Cloud data center, i.e., QoS 
should be ensured while adopting energy efficient technique. Here, QoS in Cloud environments 
is defined in terms of Service Level Agreements (SLAs) contracted between service provider 
and users. VM Consolidation is one of the prominent technique and an active research area in 
recent time, used for reduction of energy consumption in the Cloud system. 
 

1.3 AIM AND OBJECTIVES  

Aim: 
The main aim of this thesis is to propose new energy-aware heuristic algorithms which optimize 
the usage of resources in order to reduce the energy consumption of the system, along with also 
providing adherence to the SLA.  
 
Objectives: 

 To analyze the architecture and working of CloudSim [36]. 
 To obtain knowledge about the existing energy-aware heuristic policies regarding VM 
consolidation in Cloud data centers. 
 To build a CloudSim simulation model. 
 To minimize the energy consumption and SLA violations for the developed system. 
 To implement and analyze the behavior and performance of a few existing heuristic 
algorithms found through literature review. 
 To define and implement new energy-aware heuristic algorithms to save energy consumption 
in Cloud datacenters. 
 To analyze the performance of the proposed heuristic algorithms using CloudSim. 
 To compare the obtained results of each algorithm based on their performance metrics.  
 To compare the performances of proposed heuristic algorithms with old heuristics.   

  

1.4 RESEARCH QUESTIONS 
RQ1: What are the algorithms that can be used to implement energy aware adaptation model? 
Motivation: The main propose of this question is to identify different existing algorithms 
available for energy-aware models using Virtual Machine Consolidation technique, which aids 
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this work in understanding the existing algorithms and their working, and facilitates us in 
developing new and efficient heuristic algorithms. 
 
RQ2: What are the performances of proposed energy-aware adaptation algorithms and 
algorithms identified in RQ1? 
Motivation: Comparison of the performance of the newly proposed heuristic algorithms with 
each other and with existing heuristic, allows us to understand which heuristic algorithm 
performs better under different workloads. 
 

1.5 THESIS COLLABORATION AND SPLIT OF WORK 
This thesis is done in collaboration with my colleague. This work division is based on the VM 
consolidation technique (VMC) and heuristic algorithms of its four categories. Since the VM 
consolidation topic is introduced in the background work section, so the description of this 
thesis work division is presented in the following chapter under section 2.4. 
 

1.6 THESIS OUTLINE 
In this section, it shows how this research document is structured. Second chapter is background 
and related work: that illustrates about  Virtualization, VM consolidation technique, Related 
work which shows and depicts the research that has been done so far with relevance to this 
study research gap and contribution, i.e., what and how additional contribution can be made for 
this area of study, and description about CloudSim toolkit. Further, the third chapter is the 
research methodology: methods literature review and experiment that depicts how the 
experiment has been performed and also what kind of resources does the experiment needed to 
perform well. Then chapter fourth is Results and analysis. Chapter fifth for this study is 
discussions part that answers the research questions and validity threats. Lastly, this study wraps 
up by sixth chapter conclusions and future work. 
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2 BACKGROUND AND RELATED WORK 
This chapter describes the background work of the study, related work, research gap and 
contribution, simulation toolkit used, and thesis work collaboration. 
 

2.1 BACKGROUND WORK 
This section is focused on understanding the concept of virtualization and its importance in 
could computing. 

2.1.1 Virtualization 
In recent times, Virtualization has turned out to be a key asset in many areas of Computer 
Science. Cloud computing is generally based on the concept called virtualization. In 
computing, virtualization refers to creation of a virtual version to any device or resource, such 
as a server, operating system, storage device or network, which means the framework divides a 
resource into multiple execution environments. Virtualization plays an important role in 
organizing and managing access to the pool of resources employing a software layer termed as 
virtual machine monitor (VMM). For higher-level applications, it hides the physical resources 
details and only provides the virtualized resources. Furthermore, it virtualizes the entire 
resources of a given host (PM) allowing several VMs in it to share its resources [11]. Microsoft 
hyper-v [12], Xen [13], and KVM [14], are some of the popular virtualization software's. One 
main advantages of virtualization is it allows opportunity of assigning multiple VMs into a 
single data center or a PM using a technique referred as server consolidation or VM 
consolidation. It also provides a capability called VM live migration, i.e., the ability of 
relocating a VM from one host to the other, nearly with a zero downtime [17]. 
 

2.1.2 Virtual Machine Consolidation 
VM consolidation is an efficient approach, which is used by Cloud datacenters to improve 
resource utilization and minimize the electric power consumption of DC [15]. The server 
consolidation process is especially essential when there are unpredictable customer workloads 
which need to be revisited often. Whenever a change occurs in customer demand, the required 
VMs can be resized and relocated to other physical machines according to the demand. This 
consolidation process can either be performed in one step by making use of the peak load 
demands of each customer workload then configure VM capacities accordingly. By using the 
peak load demand utilization, it guarantees that it avoids overloading of virtual machines. 
However, since the workloads have a chance of presenting any variable demand patterns, it may 
lead to idleness of virtual machines. This approach is known as static consolidation, in this type 
of consolidation VMs are placed in a PMs, and no VM migration takes place, so the VMs 
remains in the same PM during their entire lifetime. The other way is periodically re-evaluating 
the workload demand of each VM and performing the appropriate configuration changes. Since 
it dynamically changes VM capacities depending on the current workload demands this 
approach results with better consolidation. This is known as dynamic consolidation, in this type 
of consolidation VMs are placed into PMs and if necessity occurs the VMs can be migrated to 
other PMs. Here in our present work, we are using dynamic VM consolidation technique.  
 

2.1.3 VM Consolidation Technique 
A Beloglazov et al. [16] [17] [18] mentioned that VM consolidation technique deals with four 
categories:  

1. Identifying when a host can be considered as overloaded, then migrate one or more 
available VMs present in this host to other active or reactivated hosts to avoid SLA 
violating, i.e., violating the QoS requirements.  

2. Identifying when a host can be considered as underloaded, then migrate all the available 
VMs present in this host and switch it to sleep mode. 
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3. Selecting the VMs that need to be migrated from an overloaded host. 
4. Placing the VMs which are selected for migration from both overloaded and underloaded 

hosts on other active or reactivated hosts. 
 

 
Figure 2: Virtual Machine Consolidation (VMC) process in the Cloud data center 

The two major advantages of this approach over the other traditional techniques are: First, 
splitting the problem helps in simplifying the analytical treatment of the further sub-problems. 
Second, this approach allows implementing in a shared manner, i.e., by individually executing 
or working on various scenarios like the overload detection, underload detection, VM selection 
algorithms, and VM placement algorithm respectively depending on the requirement. These 
distributed consolidation algorithms help in the natural scaling of a system whenever any new 
hosts are joined, which is very important for the large-scale Cloud service providers. So VM 
consolidation technique is divided into four subproblems, i.e., four category of algorithms (each 
category represents a class of algorithm) as follows:  
Category 1: Host overload detection.  
Category 2: Host underload detection 
Category 3: VM selection.  
Category 4: VM placement. 

Algorithm for this subproblem can be designed separately with the goal of obtaining close to an 
optimal solution which ensures a reduced power consumption of the active hosts and minimum 
SLA violation.  
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2.2 RELATED WORK  
In the survey [19] the authors have presented comparative analysis and description of energy-
aware resource allocation algorithms and techniques for VM consolidation in Cloud, which are 
used for making more energy efficient VMs. The presented strategies incorporate Utilization 
Prediction aware VM Consolidation (UP-VMC), Self-managing utility function, Dynamic 
Voltage and Frequency Scaling (DVFS), Honeybee Cluster Technique (HCT) and Ant Colony 
Optimization (ACO). Similarly, in [20] [21] authors have presented various resource allocation 
techniques and their limitations. They have also discussed metrics considered, advantages and 
disadvantages of each technique.   

 
In [22] authors have presented the Machine Learning (ML) solutions for maintaining the 
energy-aware resource management in Cloud environments. In [23] they have presented various 
techniques such as energy-efficient scheduling, energy-efficient hardware, energy-efficient 
network, server consolidation and clustering of servers, used for saving energy in Cloud 
computing. In [24] a study on energy-efficient Cloud computing is presented, where they have 
presented two different ways to minimize the power and energy, then discussed various power 
and energy models, and their respective challenges to build a model with the help of defined 
SLAs (QoS).  
 
There exists some considerable number of researches that have been conducted for the VM 
consolidation using various types of heuristic algorithms in its four categories (prior researches 
of heuristic methods for host overload detection, host underload detection, VM selection, and 
VM placement). 
 
Beloglazov et al. [16] [17] For overloading detection, proposed threshold utilization heuristic 
algorithms that estimate the CPU utilization based statistical analysis of the historical data 
which is collected in a VMs lifetime: Median Absolute Deviation (MAD), Interquartile Range 
(IQR), Local Regression (LR) and Robust Local Regression (LRR). For VM selection: Random 
Choice (RC), Maximum Correlation (MC), Minimum Migration Time (MMT) and used Power 
Aware Best Fit Decreasing (PABFD) for VM placement. This paper addressed all the four 
subproblems, where most of the proposed algorithms are designed in an adaptive way allowing 
the system to work dynamically.  
 
In the survey papers by J Sekhar et al [25] and Y Li et al., [26] discussed various techniques 
regarding live migration which are based on the heuristic approaches, in [27] Y Chang, C Gu, 
and F Luo proposed an effective VM allocation policy, i.e., VM placement based on resource-
aware utility model. These papers addressed subproblems (3 and 4) VM selection and 
placement, with distinct threshold those where identified based on knowledge or experience.   
 
In [28] they proposed an improved Underloaded Decision (IUD) algorithm, Where based on 
their CPU utilization they have categorized the underloaded hosts as three types as underloaded 
host with low workload (UL), underloaded host with high workload, with chances to become 
overloaded (UH) and intermediate state in between UL and UH (UM). 
 
Few authors redesigned or updated the existing algorithms of VM consolidation each with a 
different aim, i.e., some for minimizing the energy consumption while some other concentrated 
more on minimizing SLA violation depending on their own requirement. In [18] VM 
consolidation is introduced with a migration control. Where to assure the better performance, 
migrates a VM with unsteady usage but not the VM with a steady usage, these migrations are 
done by heuristic approaches. The main reason for using the heuristics is because of the 
advantage it has, i.e., we can get an acceptable or a static performance with few errors. Based on 
this idea, author in [29] have redesigned three VM selection algorithms proposed in [17], i.e., 
MMT, RC, MC by adopting migration control concept. 
 
In the paper [30] they proposed two VM selection heuristics namely minimum VM migration 
count and minimum migration time minimum VM migrated count, these are built on the base of 
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algorithms proposed by authors in [17]. Authors in the papers [31] and [32] have proposed 
energy-aware dynamic VM selection algorithms named minimum utilization Minimum size 
(MuMs) and Variance Minimization base VM Selection Algorithm (VMS) respectively. 
  
In [33] they proposed a Predicted Affinity-based Virtual Machine Placement Algorithm 
(PAVMP) built upon PABFD in [17] to which author has defined a model called affinity model 
which evaluates the resource utilization volatility of any two VMs when they are placed on the 
same host, here the affinity model was defined on the base of resource requirement provided by 
ARIMA prediction. Authors in [34] redesigned VM placement algorithm PABFD in [17] with a 
combination of the k-means algorithm. Similar to this, authors in the paper [35] focused on 
evaluation of the K-means for VM Selection in VM Consolidation. 
 

2.3 RESEARCH GAP AND CONTRIBUTION 
Most of the researches till now have focused on an individual category of VM consolidation 
(VMC), i.e., each of them designed new heuristic algorithm for only one of the four categories 
of VM consolidation technique. Even though there exist some researches which tried 
implementing a combination of algorithms, but there is limited prior research work done on the 
combination of all the four categories. For instance, there is only one research paper exists that 
deals with new heuristic algorithms for all four categories of VMC technique, the best 
algorithms declared in it is chosen as a baseline algorithms for our thesis work. In this thesis 
work, we have proposed novel heuristic algorithms regarding the problem of resource utilization 
and energy efficient dynamic Virtual Machine consolidation in each category, i.e., proposed 
new heuristic algorithms for all the four categories of VM consolidation (VMC) and presented 
an extensive simulation-based evaluation and performance analysis of the proposed algorithms. 
Now, this study presents the new VMC algorithms (new heuristic algorithms in all four 
categories) which perform better than (consume minimum energy with less SLA violation) the 
chosen baseline algorithm. 
 

2.4 THESIS COLLABORATION AND SPLIT OF WORK 
This thesis is done in collaboration with my colleague Srivasthav Mahadevmangalam. This 
thesis deals with four different category algorithms of VM consolidation technique (VMC), 
where we have proposed new heuristic algorithms in each category of VMC. Here as described 
in section 2.1.3, one complete VMC algorithm means a set of all four category heuristic 
algorithms of VMC technique. 
 
For example, in the dynamic VM consolidation technique: 
Let, 
Category 1 (host overload detection)   = overload heuristic algorithm 
Category 2 (host underload detection) = underload heuristic algorithm 
Category 3 (VM selection)                   = selection heuristic algorithm 
Category 4 (VM placement)                 = placement heuristic algorithm  
 
As the combination of all four categories is said to be one VMC algorithm, i.e., VMC algorithm 
= (category 1+ category 2 + category 3 + category 4). Now, for the above example the final 
VMC algorithm = (overload heuristic algorithm + underload heuristic algorithm + selection 
heuristic algorithm + placement heuristic algorithm).  

 
Motivation and Difference: 
 The split of work: The newly proposed heuristic algorithms used in category 1 (host overload 

detection), category 2 (host underload detection) and category 3 (VM selection) are same in 
both the thesis, the major difference is heuristic algorithms proposed in category 4 (VM 
placement). The reason for using same heuristic algorithms in category 1, 2 and 3 in both the 
thesis is, as all four categories were interlinked to make final VM consolidation algorithm 
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work properly, making use of all proposed heuristic algorithms from categories (1-3) with a 
combination of different heuristic algorithm in category 4, finally aides in presenting the 
working and performances of more combinations of algorithms (i.e., final VM consolidation 
algorithms) instead of limiting with few algorithms.  

VM consolidation  Swetha Penumetsa 
Thesis 

Srivasthav 
Mahadevmangalam Thesis 

Category 1 (host overload detection) 
Category 2(host underload detection)  
Category 3 (VM selection)  
Category 4 (VM placement)  

A 
B 
C 
D 

A 
B 
C 
E 

Final VMC algorithm  ABCD ABCE 
Table 1: Thesis differentiation 

Let A, B, C, D and A, B, C, E are names of heuristic algorithms used by both the thesis 
respectively. From the above table (table 1) we can see the difference between two theses, 
where heuristic algorithms in category 1-3 (A, B, C) are same, and category 4 (D and E) is 
different but the final VMC algorithm resulted with combination of heuristic algorithms 
from all four categories for both theses makes them an entirely new and different algorithms 
as ABCD and ABCE respectively. Therefore, here none of the results for these final VMC 
algorithms will be same.  
 

 Use different heuristic algorithms in all categories of VMC technique: Here, along with 
different heuristic algorithms in category 4, we could also have divided the heuristic 
algorithms from category 1-3 and use all different algorithms in each category, but that 
would miss out the remaining combinations possible (other possible combinations are 
described in table 3). 

VM consolidation  Swetha Penumetsa 
Thesis 

Srivasthav 
Mahadevmangalam Thesis 

Category 1 (host overload detection) 
Category 2(host underload detection) 
Category 3 (VM selection)  
Category 4 (VM placement) 

A1 
B1 
C1 
D 

A2 
B2 
C2 
E 

Final VMC algorithm  A1B1C1D A2B2C2E 
Table 2: Algorithm combinations possible if heuristic algorithms are different in all 

four categories of VMC 
Let A1, B1, C1, D and A2, B2, C2, E are names of heuristic algorithms used by both the 
thesis respectively. From the above table (table 2) we can see different algorithms in all 
categories (A1, B1, C1, D) and (A2, B2, C2, E) and final VMC algorithm resulted with 
combination of all four categories is A1B1C1D for “Swetha Penumetsa Thesis” and 
A2B2C2E for “Srivasthav Mahadevmangalam Thesis”. In this case, none of the thesis 
discusses about the performances of other possible combination of final VMC algorithms, 
which would miss out from both thesis works. 
 

 Use different heuristic algorithms in only one category of VMC technique: If we only 
divided the heuristic algorithms of any one category and use same heuristic algorithms for 
the remaining three categories helps in presenting more VMC algorithms and their working, 
i.e., as shown in the table below (table 3).  

 VM consolidation Final VMC 
algorithm Category 1 Category 2 Category 3 Category 4 

Swetha Penumetsa
Thesis 

A1 B1 C1 D A1B1C1D 
A2 B1 C1 D A2B1C1D 
A1 B2 C1 D A1B2C1D 
A1 B1 C2 D A1B1C2D 
A2 B2 C2 D A2B2C2D 
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A1 B2 C2 D A1B2C2D 
A2 B1 C2 D A2B1C2D 
A2 B2 C1 D A2B2C1D 

Srivasthav 
Mahadevmangalam 
Thesis 

A1 B1 C1 E A1B1C1E 
A2 B1 C1 E A2B1C1E 
A1 B2 C1 E A1B2C1E 
A1 B1 C2 E A1B1C2E 
A2 B2 C2 E A2B2C2E 
A1 B2 C2 E A1B2C2E 
A2 B1 C2 E A2B1C2E 
A2 B2 C1 E A2B2C1E 

Table 3: Algorithm combinations possible if heuristic algorithms are different in one 
category of VMC 

For the same example presented in table 2, if we use heuristic algorithms in category 1-3 
(A1, B1, C1) and (A2, B2, C2) as same, and different algorithms in category 4 (D and E), the 
final VMC algorithms resulted with combination of all four categories will be (A1B1C1D, 
A2B1C1D, A1B2C1D, A1B1C2D, A2B2C2D, A1B2C2D, A2B1C2D and A2B2C1D) for 
“Swetha Penumetsa Thesis” and (A1B1C1E, A2B1C1E, A1B2C1E, A1B1C2E, A2B2C2E, 
A1B2C2E, A2B1C2E and A2B2C1E) for “Srivasthav Mahadevmangalam Thesis” 
respectively. Here, each thesis work presents working and performances of eight new 
combinations of VMC algorithms, where seven from each of them would have been missed 
out without being presented in either of the thesis works if we follow the previous way of 
dividing the algorithms (use different heuristic algorithms in all categories of VMC 
technique). 
 

 Most the research works available till date have proposed new heuristic algorithm in only 
one of the four VM consolidation categories, and for rest of the three categories the authors 
have used the existing algorithms from their corresponding prior work, and they have 
presented the new VMC algorithm which is obtained with a combination of new proposed 
heuristic algorithm in one category and using existing algorithms found from their 
corresponding prior work in rest of the three categories of VMC.  
 

 Here, in both of our thesis works, we have proposed new heuristic algorithms for all four 
categories of VM consolidation (VMC) and presented all the possible combinations of our 
proposed VMC algorithms. Here the point to observe is that even though heuristic 
algorithms used within categories 1-3 were same, as we use the different heuristic algorithms 
in category 4 makes the final VMC algorithm as a separate/different and new algorithm. So, 
none of the results of all algorithms we present were same.  

 

2.5 SIMULATION TOOLKIT - CLOUDSIM  

Motivation:  
Since it is not possible to set up a new energy-efficiency mechanism on a real machine and 
observe its effects as they are not meant to be used for testing purposes. For any kind of 
organization that provides Cloud services, it is mandatory to perform testing their services 
before deploying them to an actual Cloud with the intention of reducing or avoiding the 
associated risk with actual deployment. Simulation is often used by the researchers to model the 
new mechanisms and evaluate the results. Furthermore, simulating a datacenter also helps in 
avoiding time and effort need to spend in configuring the real testing environment. For Cloud 
computing context, there exists various kind of Cloud simulation tools such as CloudSim, 
Network CloudSim, DynamicCloudSim, CloudReports, CloudAnalyst, Open Cirrus, OCT(Open 
Closed Testbed), SPECI, DCSim, iCanCloud, EMUSIM, CDOSim, MDCSim, GroudSim, 
TeachCloud and Green-Cloud [37]. 
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In our study, we have used CloudSim among the tools that have been stated above. “CloudSim 
is a well-known toolkit used to perform modeling and simulation of Cloud computing 
environments and evaluation of resource provisioning algorithms” [36] [38]. In [39] the author 
conducted a survey on the usage of CloudSim simulation toolkit in Cloud computing and gave a 
detailed explanation on issues in Cloud computing and the benefits of CloudSim over the other 
simulators.  On the base of CloudSim toolkit, many simulating tools have been developed by 
researchers. For example, tools specified above like DynamicCloudSim [40], CloudReports 
[41], NetworkCloudSim [42] and CloudAnaylst [43] were also built on the top of CloudSim 
toolkit [36]. The major advantages of using CloudSim for initial performance testing include 
flexibility, applicability and time effectiveness. Moreover, it meets the requirements needed for 
our thesis, i.e., it covers activities of resembling a large scale Cloud data centers. It provides the 
required support for modeling and simulation of Cloud data centers, energy-aware 
computational resources and virtualized hosts with customizable resources provisioning policies 
[38]. It allows user-defined allocation policies for allocating host and its resources to VMs. 
 
The following describes the architecture of CloudSim and how can we use it to model the Cloud 
environment [36]. 
 

 
Figure 3: CloudSim Architecture [36] 

2.5.1 CloudSim Architecture  
The above Figure 3 displays architectural components and layered design of the CloudSim 
framework. The three layers [36] presented in it are: 
 

 CloudSim core simulation engine: 
The CloudSim initially released was on the base of SimJava, where Simjava is a discrete 
event simulation library for Java, which supports some core functionalities like Cloud 
entities creation, i.e., data center, host, VMs, datacenter broker, event processing and 
simulation clock management etc. But later on, this layer was removed in the current 
released version of CloudSim with the aim of providing some advanced operations which are 
not supported by SimJava.  
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 CloudSim simulation: 
This layer provides support for creation of Cloud resources like datacenter, host, VMs, 
datacenter broker. To simulate and model any virtualized Cloud computing environments, 
interface management of VMs, bandwidth, storage, and memory. Fundamental issues 
handled by this layer are dynamically monitoring the state of system, management of 
applications execution, and evaluating the efficiency of various resource provisioning 
algorithms, i.e., allocating hosts to VMs. 

 
 User Code: 
This is the top-most layer of CloudSim architecture that displays the basic entities required 
for applications requirements, i.e., tasks, type of users applications, VMs specification, hosts 
specification, and datacenter broker scheduling policies. Activities we can perform extending 
this basic entities are generating different application configurations, model Cloud scenarios 
and implement allocation techniques for Cloud applications.  

 

2.5.2 Modeling the Cloud 
Using CloudSim, we can simulate IaaS related Clouds by extending an entity called datacenter. 
A datacenter maintains a few number of host entities which in turn maintain several VMs in it. 
Host entity represents physical machines/servers in Cloud environment, it implements an 
interface that supports both single and multi-core nodes, and it is assigned with processing 
capability called MIPS, i.e., millions of instructions per second, storage, memory, bandwidth, 
and provisioning policy in order to allocate cores to VMs. The datacenter assigns hosts to any 
number of VMs depending on VM allocation policy defined by CSP. VM allocation policy is a 
process of operations control of a VM life cycle like creating a VM on a host, destructing a VM 
from a host, allocating a host to VM and migrating a VM from one to another host. Similar to 
this, application provisioning is performed by provisioning any number of applications to a VM. 
Here, each entity is instance of a CloudSim component, that can be a single or set of classes 
(abstract or complete) need to be created to represent a model (data center, host, VMs) [36]. 
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3 METHODOLOGY  
 
In order to provide valid and reliable answers to the research questions, we need to choose the 
appropriate research methods. In this thesis, we have presented two research questions, for 
which we have chosen to perform a literature review for answering RQ1 and experimentation 
for answering RQ2.  
 

3.1 MOTIVATION 
Selected research methods 

 Literature review: Any kind of research cannot be performed without having the idea on 
earlier related research work [44]. So we have chosen literature review to examine and gain 
prior researches knowledge. When we need to formulate and identify any particular concept, 
the literature review has to be performed to gather appropriate literature [45]. For the present 
work initially, a literature review was conducted to learn about existing heuristics and 
identify performance evaluation metrics.   

 
 Experimentation: Experiment is a research method, where it examines the required variables 
and way they get affected under various experimental conditions [44]. For evaluating any 
systems model and also for running simulations to notice whether the model is affected by 
various variables, the method that is conducted to get the results is experimentation [46]. As 
this study deals with the performance evaluation of heuristic algorithms the metric used for 
this are ESV, i.e., a combination of energy consumption and SLA violation, they evaluate the 
effect of heuristics under different workloads, and therefore experiment is the other research 
method chosen for this study.    

 
Excluded research methods 

 Survey: Survey is conducted to get the opinions from certain group of people [47]. In our 
study, the answers that we receive by conducting survey are not suitable or do not add any 
advantage to this study. We have not chosen survey as a research method, since the results of 
evaluating behavior and performance of algorithms cannot be achieved through it. 
 
 Case Study: Case study can be preferred when we are performing exploratory studies that are 
indefinite and getting the results it takes a long time [47]. The case-study is an appropriate 
process for evaluation of tools and methods in order to prevent scale-up issues in any 
industry. Here in this study we have considered a real-time scenario and generalize the 
results to all CSPs (cloud service providers), not to a particular company organization. 
Therefore we have not considered the case study as a research method for our work.  

 

3.2 LITERATURE REVIEW 
The literature review is a proper way to collect all the necessary information on a specific field 
from various sources [48], and it is crucial to conduct for any academic project [49]. Also, it 
provides appropriate analysis and results for the research that is being considered. After 
performing a literature review, the research gap and related work is identified. This literature 
review is conducted by following these steps [48].  
 
The following Inclusion/Exclusion criteria have been defined to scrutiny the obtained literature. 

 Is the article published in English? 
 Is the article available with full text? 
 Is the article published in between 2010-2017? 
 Is the article based on Cloud computing and energy-aware heuristic algorithms in VM 
consolidation?  
 Is the article based on discussing the performances of heuristics?  
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1. Identification of keywords and databases: Initial step to do for the present research study 
is to identify search strings. Later, searching literature from various databases: IEEE, 
Google Scholar, ScienceDirect etc. were used to gather the information according to the 
chosen study, as from various databases the coverage of literature will also be different. 
Keywords that were identified are Cloud computing, virtualization, Energy consumption, 
CloudSim toolkit, and SLA. In addition, by developing the search strings, new keywords 
Such as resource management, dynamic consolidation and PlanetLab VM data, etc. were 
improvised and aided to find relevant articles. By collecting and utilizing the citations and 
references from the research article, the sampling of forward and backward iterations is 
also done.  
 

2. Examining the articles: Examined all the articles that are obtained from databases. Later, 
considered the journals and articles which are more relevant to our study based on 
reading the titles, abstracts and also by examining what methods were proposed in those 
articles. In this step, assessing of literature is done based on its relevance according to this 
present research. 
 

3. Writing the review: Literature review is the final step to extract the generated information 
and write in a precise and structured way. Literature that was considered as more relevant 
from various sources has been written in the background and related work for this present 
research study. 

 

3.3 EXPERIMENTATION 

3.3.1 System model 
The system targeted in this work is IaaS environment which is represented by a data center. The 
data center contains X heterogeneous physical machines (PM/hosts/servers), and each physical 
machine contains Y heterogeneous virtual machines (VMs). Here, the DC performs VM 
provisioning. The VM provisioning refers to allocation of VMs to hosts, where this allocation 
depends on the hosts CPU utilization. So, the resources of each PM as well as VM are 
characterized by performance of CPU defined in Million Instructions per Second (MIPS), 
network bandwidth and amount of RAM. In this system model, physical machines (hosts) are 
equipped with multi-core CPU Architectures, i.e., each host contains n number of cores and 
each core have m MIPS as a single core CPU (total capacity of a host = nm MIPS) and a 
limitation is set for CPU capacity of a VM, that it should be always less than or equal to single 
core CPU capacity of a host, because if it is greater than single core CPU capacity then that VM 
needs to be executed parallelly on more number of cores [17] (automatic parallelization leads to 
complex research problem).  

 

 
 

 
 

Figure 4: System model 

Virtual Machines 

Pool of physical 
Machines (hosts) 
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As shown in the figure above, the system has two main components namely global resource 
manager and local resource manager. Each host has a local resource manager, whose objective 
is to regularly monitor the host's CPU utilization and send the collected information to global 
resource manager. Global resource manager resides within the datacenter which maintains 
overall resources management of the system using data collected by local resource manager, it 
allocates the VMs to hosts based on the allocation policy through VMM. Whenever it issues the 
command for VM placement optimization, the VMM present in virtualization layer performs 
the VM migration, VM resizing (or) changing the host's power modes according to the resource 
requirement [17]. 
 

3.3.2 Performance metrics  

3.3.2.1 Power consumption model   
The power consumption of data center can be determined by CPU utilization, as it is typically 
proportional to overall load of the system. Recent studies have shown usually the power 
consumption models represent a linear relationship between the overall power consumption of 
the system as function of the CPU utilization or processor frequency or number of core used 
[52] [16]. Moreover, they have stated that servers which are in complete idle state also consume 
about 70% of their peak power. This fact helps in justifying the technique of switching idle PMs 
(hosts) to sleep mode by which we can reduce overall power consumption. In this thesis, we 
have used the linear model defined in equation (1)  

 - (1) 

Where, Pmax is maximum power consumed by the host when it is fully utilized (For our 
experiments Pmax is set to 250 W, as it is the usual power consumption value of a modern 
server), k is fraction of power consumed by idle host (i.e., 70% as stated in section 1.2) and u is 
host’s CPU utilization. 
 
The CPU utilization may alter regularly because of the workload fluctuation. So, the CPU 
utilization as function of time is defined as  [16]. Therefore, the total energy consumption 
of a host ( ) over a period of time ( ) is defined as integral to the function of power as 
defined in equation (2).  

       - (2) 

The total energy/power consumption of a data center can be represented as sum of power 
consumption of all hosts present in the data center as shown in (3)  

 
Where,  is number of hosts in the datacenter and  is host  CPU utilization.   

 

3.3.2.2 Cost of Live VM Migration 
Live VM Migration allows relocating of VMs from one host to another host without any 
interruption and with short downtime. Yet, VM live Migration involves some negative impact 
on application performance running in it during VM migration. For a variable workload, the 
estimated average performance degradation along with the downtime is 10% of total CPU 
utilization [50]. In our simulation model, we have assigned same amount of CPU capacity to a 
VM in the target host, which means each VM migration may result with some violation of SLA. 
So, it is essential to reduce the VM number of migrations.  
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For our experiments, we have used the migration time and performance degradation of a VM  
as defined in [17] that are presented in equation 4 and 5. 

 

 
Where, 

 is migration time of VM ,  is amount of memory used by VM , and   is available 
network bandwidth. 
  is VM  total performance degradation,  is migration start time,  is migration end 
time and  is VM  CPU utilization.  

 

3.3.2.3 SLA Violation Metrics 
In a Cloud environment, it is extremely essential to meet QoS requirements of a Cloud user, 
which are generally formalized as SLAs. In case of SLA violation occurrence, CSP has to pay 
penalty to their users. In our experiments, we have used three SLA Violation performance 
metrics defined in [17], i.e., SLATAH, PDM, and SLAV. Here SLAs are defined to be delivered 
properly when VMs running in the data center gets their required allocation resources (like 
MIPS, RAM) at any time. In case of unavailable required resources, then leads to occurring of 
SLA violation.  
 
1. SLA violation Time per Active Host (SLATAH)/ SLA violation due to Host 

Overloading: A percentage of the time, an active host experienced 100% of CPU utilization 
[17]. If the host which serves the VMs is experiencing 100% of CPU utilization, i.e., 
overloaded, then results in not providing the required level of performance for VMs.   

 
Where,  is total number of hosts;  is total amount of time host  experienced 100% of 
CPU utilization, leading to an SLA violation;   is total amount of time host  being in 
active state (serving VMs). 

 
2. Performance Degradation due to Migrations (PDM): Overall performance degradation 

due to migrations by all VMs present in datacenter. 

 
Where,  is number of VMs;  is estimate of VM  performance degradation caused due 
to migrations (  is estimated as 10% of the CPU utilization in MIPS during all migrations 
of the VM  [50]).  is total requested CPU capacity by VM  in its lifetime.  

 
3. SLA Violation (SLAV): Both of the above metrics are independently having equal 

importance in characterizing the level of SLA violations. Therefore, one more combined 
metrics was defined that encompasses by both SLATAH and PDM. This metric is denoted as 
SLA Violation (SLAV) and is calculated as shown in (8)    
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3.3.2.4  Energy consumption and Service level agreement Violation (ESV) 
To compare the capability and effectiveness of algorithms, various metrics have been used in 
order to assess their performances. Total energy consumption is one metric among the metrics 
considered, which is the power consumption of all physical servers (hosts) present in the data 
center. The calculation of energy consumption was done as per the power model specified in 
section 3.3.2.1.  Generally, the metrics used to assess the SLA violations level that is occurred 
by system are PDM, SLAV and SLATAH were calculated as shown in section 3.3.2.3. Another 
metric is VM migrations number proposed by VM manager. Among the several metrics, the 
main metrics that are considered were energy consumption by datacenter and SLAV. These 
main metrics are negatively correlated as energy can generally be reduced by increased level of 
cost of SLA violations. Hence, we have used one more metric called ESV, which projects 
combined metric of energy consumption and SLA violations level, this thesis work is evaluated 
using this metric. 

 

3.3.3 Proposed heuristic algorithms for dynamic VMC  
In the current section, we describe the heuristics proposed in this thesis for all categories of 
dynamic VM consolidation based on historical analysis of data (VMs resource usage). 
 
The basic VM placement optimization algorithm is shown in Algorithm1 [17].  

 The first phase of algorithm checks the entire host list whether it contains any overloaded 
host in it, by applying host overloaded detection algorithm.  
 If it finds any overloaded host, then it selects specific VMs to migrate from the overloaded 
host by applying VM selection algorithm. 
 Once the VMs list that needs to be migrated from overloaded hosts is ready, it finds a 
suitable host to place them by invoking the VM placement algorithm.   
 The second phase of algorithm is for finding hosts that are underloaded and find a suitable 
host to place all the VMs from underloaded hosts.  

 
The algorithm finally returns a migration map which contains information related to new VM 
placements that are selected to migrate from underloaded and overloaded hosts. 2N is 
complexity of the algorithm (N is total number of hosts). 
 

 
 

3.3.3.1 Host Overloading Detection algorithms 
Dynamic CPU utilization threshold: The overload decision is based on a dynamic CPU 
utilization threshold to detect host overutilization. We have proposed various techniques (eight) 
to set the adaptive utilization threshold (upper utilization threshold) depending on the statistical 
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analysis of the VMs historical data that is collected during their lifetime. We have used different 
Descriptive Statistics approaches like,  
 
Mean: Mean is a measure of central tendency. For a data set of  the mean is 
defined as sum of all data set values divided by total number of values  

 
 
Median: Median of a data set is the value separating the higher and lower halves of the data set. 
In other words, median is mean of middle two values in a sorted data set. 
 
Mode: Mode of data set is the most frequent value, i.e., a value which appears often in the data 
set.  
 
Range: Range of a data set is the value obtained by subtracting largest and smallest values in 
data set.  
 
Variance (VAR): Variance measures that how far each value in data set is from the average 
value (mean). It is calculated considering the differences in between each value in the data set 
and mean, then the differences are squared (to get positive value) and the sum of the squares are 
divided by total number of values in data set. In other words, it is the average of squared 
differences from the mean.  

 
 
Standard Deviation (STD):  Standard deviation is a measure used to quantify amount of 
dispersion or variation of data set value (how spread out numbers are), it is square root of 
variance. 

 
 
Mean absolute deviation around the mean (MADmean): Mean absolute deviation of a data 
set is the average of absolute deviations from the mean. 
For a data set of  the MAD mean is defined as mean of the absolute deviations 
from the data’s mean. 

 
 

Mean absolute deviation around the median (MADmedian): Mean absolute deviation of a 
data set is the average of absolute deviations from the median. 
For a data set of 

g
 the MAD median is defined as mean of the absolute deviations 

from the data’s median. 

 
 
Now, according to [17], upper utilization threshold ( ) is defined as: 

 
 
Where, s R+ is a safety parameter (in percentage) of the method, it is a constant value. If the 
host’s current CPU utilization is greater than threshold , then the host is considered as an 
overload host and some number of VMs need be migrated from this host (using VM selection). 
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3.3.3.2 Host Underloading Detection algorithm 
For underloaded hosts detection, we have used a simple approach. Initially, we find all 
overloaded hosts in the data center using any of the proposed overloading detection algorithms 
and migrate the VMs from the identified overloaded hosts to new destination hosts. Now 
excluding the overloaded hosts, an iterative process is used repeatedly for all the other hosts. 
Where, the algorithm finds a host with minimum CPU utilization compared to reaming hosts 
and considering this as underloaded host, try to find a suitable host (without overloading it) to 
place the VMs present in this host. If all VMs present in this host can be placed to other hosts 
then the considered underloaded host can be switched to sleep mode, in the either case the host 
should be kept in an active state.  
 

3.3.3.3 VM Selection Policies 
After finding out the overload host, the step followed by it is selecting specific VMs from the 
host for migration using VM selection policies and check the host, if it is still being overloaded. 
If yes, then the process is repeated on the same host again until it is considered as not 
overloaded. The proposed VM selection policies (four) are described as follows: 
 
Minimum requested RAM (MinR): The VM which has minimum requested RAM among all 
the VMs in the host is selected to migrate. 

 
 
Maximum requested RAM (MaxR): The VM which has maximum requested RAM among all 
the VMs in the host is selected to migrate.  
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Minimum Utilization (MinU): The VM with minimum CPU utilization among all the VMs in 
the host is selected to migrate. 

   
Where, Vj be a set of VMs currently allocated to host j; CPUu(a) is CPU utilization of VM a. 

 
 
Maximum Utilization (MaxU): The VM with maximum CPU utilization among all the VMs in 
the host is selected to migrate. 

   
Where, Vj be a set of VMs currently allocated to host j; CPUu(a) is CPU utilization of VM a. 

 
 

3.3.3.4 VM Placement algorithms 
We can view this VM placement as bin packing problem with different bin sizes, items, and 
prices. Where hosts are represented by bins, bin sizes represents host's CPU capacities, items in 
bins represent VMs that need to be allocated to hosts and prices are the host's power 
consumption [17]. 
 
In [16] [17] the author has proposed an algorithm called Power Aware Best Fit Decreasing 
(PABFD), which is a modification to the Best Fit Decreasing algorithm. Where all the VMs 
were sorted in decreasing order according to their present CPU utilization, then each VM is 
allocated to a host which provides minimal increase in power consumption due to allocation.  
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The Algorithm is represented in the following manner [17]:   

 
 
 
For our thesis, we have proposed two VM placement algorithms based on the bin packing 
problem named as Modified First Fit Decreasing (MFFD) and Modified Last Fit Decreasing 
(MLFD).  
 
First Fit Decreasing: 
The First Fit algorithm begins with most active bin and it tries to place as many items as 
possible in it before moving to next bin (go to next bin only if the first bin is not suitable for the 
arrived item). In this manner for placing any new item arrived, algorithm again starts from 
checking the very first incompletely filled bin to place the item in it. Now in First Fit 
Decreasing algorithm, first the items will be sorted in decreasing order and then follow the 
process similar to First Fit algorithm (actually First Fit Decreasing is First Fit algorithm with 
items that are decreasingly sorted).  It was proved by Yue M [53] that First Fit Decreasing 
(FFD) use not more than 11/9▪OPT+1 bins (where OPT is the number of bins provided by the 
optimal solution). 
 
Modified First Fit Decreasing algorithm (MFFD): Initially we have sorted the VM list to be 
migrated in decreasing order according to their present CPU utilization. Now, for each VM in 
VM migration list check whether there is a suitable host available from host list (Excluding 
overutilized hosts from host list) to place the VM in that host (start with first position), here a 
VM is allocated to a host only if power of the host after allocation of VM to it, is less than 
maximum available power of that host. If yes, then VM is placed into it, and then the next VM 
from the VM list is chosen to find the suitable host in similar manner. If the host is not suitable 
to place the VM in it, then the next host in the host list is chosen. In this same way, for the turn 
of next VM, the host from the beginning is checked first, i.e., the first host in the host list is 
checked/ occupied first until it reaches its maximum power. 
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Last Fit Decreasing: 
The Last Fit algorithm works similar to the first fit except for one thing, instead of choosing bin 
from beginning it chooses bin from the last, i.e., the last Fit algorithm begins with rightmost bin, 
and it tries to place as many items as possible in it before moving to next bin (go to next bin 
only if last bin is not suitable for the arrived item).  
 
Modified Last Fit Decreasing algorithm (MLFD): Initially we have sorted the VM list to be 
migrated in decreasing order according to their present CPU utilization, and then sort the entire 
host list in reverse order. As mentioned above MLFD works by choosing the last host available 
from the host list (Excluding overutilized hosts from host list), instead of first host and the entire 
process works similar to Modified First Fit Decreasing algorithm.     
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3.3.4 Base Line of Thesis (Previous existing heuristics used for comparison) 
Authors in [17] have proposed heuristic algorithms for all four categories of VM Consolidation 
among which we have chosen IQR_MMT i.e., Overload detection algorithm: Interquartile 
Range (IQR) and VM selection: Minimum Migration Time (MMT) as it resulted with minimal 
energy consumption and SLAV, here the VM placement used was Power Aware Best Fit 
Decreasing (PABFD).  
 
 Interquartile Range (IQR): “In descriptive statistics, the interquartile range (IQR), also 

called the midspread or middle fifty, is a measure of statistical dispersion, being equal to the 
difference between the third and first quartiles” [17].  

 
 Minimum Migration Time Policy (MMT): A VM which takes minimum time compared to 

other VMs in host, to complete the migration will be selected from the considered overload 
host.   

 Power Aware Best Fit Decreasing (PABFD): Briefly described in VM Placement 
algorithms (section: 3.3.3.4).  

 
 

Here in the above sections 3.3.3 and 3.3.4, we have described the proposed and chosen existing 
heuristic algorithms respectively.   
 In our entire thesis work, we have referred the considered existing heuristics as 

PABFD(IQR_MMT). i.e., Overload detection algorithm: Interquartile Range (IQR) and VM 
selection: Minimum Migration Time (MMT) using VM placement: Power Aware Best Fit 
Decreasing (PABFD)  

 Now let’s see the combinations of proposed heuristics to avoid confusion. The combinations 
of heuristic algorithms are 32, i.e., eight host overload detection and four VM selection 
algorithms, all of them are presented in the table below (table 4). Since there is only one 
proposed host underload detection algorithm (described in section 3.3.3.2), it is the same 
algorithm used for all the 32 algorithm combinations presented in table 4. The results of 
these 32 heuristic algorithms using both proposed VM placement algorithms (MFFD, 
MLFD) were presented in results and analysis.  

 
Host 

overloading 
detection 

algorithms 

VM selection algorithms 
Maximum 

Requested RAM 
(MaxR) 

Minimum 
Requested RAM 

(MinR) 

Maximum CPU 
utilization (MaxU) 

Minimum CPU 
utilization 

(MinU) 
Mean Mean_MaxR Mean_MinR Mean_MaxU Mean_MinU 

Median Median_MaxR Median_MinR Median_MaxU Median_MinU 
Mode Mode_MaxR Mode_MinR Mode_MaxU Mode_MinU 
Range Range_MaxR Range_MinR Range_MaxU Range_MinU 

Variance VAR_MaxR VAR_MinR VAR_MaxU VAR_MinU 
Standard 
Deviation 

STD_MaxR STD_ MinR STD_MaxU STD_MinU 

MADmean MADmean_Ma
xR  

MADmean_MinR  MADmean_Max
U 

MADmean_Min
U 

MADmedian MADmedian_M
axR 

MADmedian_Mi
nR 

MADmedian_Ma
xU 

MADmedian_M
inU 

Table 4: 32 combinations of proposed host overload detection and VM selection heuristic 
algorithms 
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3.3.5 Dependent and Independent variables 
The following are the dependent and independent variables of our study 

 Independent variables: The independent variables for this work are all our proposed 
heuristic algorithms (explained in 3.3.3), (baseline) existing heuristic algorithms chosen 
(explained in 3.3.4) and workload datasets. Each group has particular level or value, so the 
independent variable is also called as grouping variable [61]. Each independent variable 
has minimum two levels or groups and have maximum of 5 levels. In our experiment, the 
algorithms are proposed to perform better by taking minimum energy consumption with 
less SLA Violation (i.e., minimum ESV), this algorithm is said to be efficient if it has 
minimum ESV value and it is not efficient if it has maximum ESV value. In our 
experiment, the independent variables are algorithms and it has two levels, i.e., minimum 
ESV value and maximum ESV value. 
 

 Dependent variables: The performance metrics chosen, i.e., energy consumption, 
performance degradation due to migration (PDM), SLA violation Time per Active Host 
(SLATAH), SLA violation (SLAV=PDM  SLATAH), and Energy consumption and 
Service level agreement Violation (ESV). 

3.3.6 Experiment Setup 
To evaluate our proposed heuristic algorithms we have used CloudSim toolkit version: 3.0.3 and 
reasons for choosing the CloudSim was described in section 2.5, where we have described its 
functionality and how it is suitable for our thesis work. As mentioned in system model (section 
3.3.1) we have simulated a data center that contains 50 hosts (Physical machines) with two 
types, i.e., half of hosts are type 1, and other half are type2. The characteristics of the hosts and 
VMs were listed in table 5 and 6 respectively, the VM types described in the following table 
corresponds to Amazon EC2 instance types.  
 

Host Cores MIPS RAM 
Type 1 2 1860  4096 
Type 2 2 2660 4096 

Table 5: characteristics of Host 
 

VM Cores MIPS RAM 
Type 1 1 2500 870 
Type 2 1 2000 1740 
Type 3 1 1000 1740 
Type 4 1 500 613 

Table 6: characteristics of VM 

3.3.7 Workload 
For a simulation based experiments to make them applicable in real Cloud environments, the 
main factor is to conduct them using real systems workload traces. So we have used real dataset 
provided by PlanetLab, as a part of CoMon project [51]. Data in this workload is the CPU 
utilization by VMs collected for time interval of every five minute from various servers located 
around the world, and the characteristic of this data for every day were described by Beloglazov 
and Buyya in [17]. In this work, we have used the mix of various days workload provided in 
PlanetLab and then divided them into 10 different workloads as follows: 

 
Scenario 1: Less loaded Cloud data centers (range = 1 host: 0.2-0.6 VMs) 
Workload 1: 10 VMs and 50 hosts  
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Workload 2: 20 VMs and 50 hosts
Workload 3: 30 VMs and 50 hosts 
 
Scenario 2: Medium loaded Cloud data centers (range = 1 host: 0.8-1.4 VMs) 
Workload 4: 40 VMs and 50 hosts 
Workload 5: 50 VMs and 50 hosts 
Workload 6: 60 VMs and 50 hosts 
Workload 7: 70 VMs and 50 hosts 
 
Scenario 3: Heavy loaded Cloud data centers (range = 1 host: 1.6-2 VMs) 
Workload 8: 80 VMs and 50 hosts 
Workload 9: 90 VMs and 50 hosts 
Workload 10: 100 VMs and 50 hosts 
 
Motivation: Most of the prior researches presented in section 2.2, haven’t used (or) categorized 
multiple workloads. They have analyzed the results using only a single workload; hence the 
obtained results cannot be generalized to a large extent. So we have chosen multiple workloads 
representing three different scenarios. i.e., less, medium and heavy loaded Cloud data centers. 
 
Different workload ranges used by prior researchers were in between 1 host: 1.2 VMs - 1 host: 
1.5VMs, i.e., range considered by one researcher is 1 host: 1.2 VMs and in other research paper 
it is 1 host: 1.4 VMs and so on. In our study, the range for all ten workloads is between 1 host: 
0.2 VMs - 1 host: 2VMs. Maximum range limit is one host: two VMs because of the memory 
bound and dual-core architecture considered for hosts (presented in section 3.3.6) if we increase 
the number of cores, the ratio can also be increased. We have used these ten different workloads 
to have a better idea on the performance of algorithms, and we have tested them on our 
proposed heuristics and also previously declared best heuristic in [17] and then compared both 
the results.  

3.4 TESTING 
Hypothesis testing: Hypothesis testing is a claim to be tested, i.e., to determine the probability 
of a given hypothesis is correct [54]. 

 Null Hypothesis ( ): A statement that is currently accepted. It can include signs like 
equal to (=), less than or equal to (≤) or greater than or equal to (≥) [54]. 

 Alternative Hypothesis ( ): A statement that directly contradicts the null hypothesis, 
i.e., It is the hypothesis that usually an experimenter or researcher perform to prove the null 
hypothesis to be wrong. It is also called research hypothesis, which involves the claim to be 
tested. It can include signs like not equal to (≠), less than (<) or greater than (>) [54]. 

 
“If you reject the null hypothesis, which means the alternative hypothesis will be accepted”[55]. 
However, the rules to be noted for rejecting a null hypothesis is check P-value, t-value, mean 
difference. The rules are as follows: 

 P-value:  
o Should be less than 0.05, 0.01 or 0.1 

 t-value  
o Can be positive or negative if ≠ is considered in  
o Should be positive if > is considered in  
o Should be negative if < is considered in  

 Mean difference: 
o Can be positive or negative if ≠ is considered in  
o Should be positive if > is considered in  
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o Should be negative if < is considered in  
 

3.4.1 T-test 
The T-test is a statistic check, if two means are different from each other, done by measuring t-
value and each t-value has a p-value. P-value is the significance level which measures 
correctness of statistical evidence [56]. Most referred statistically significant P-value by authors 
is P < 0.01, 0.05 and highly significant if P < 0.001 (less than one out of thousand chances for 
being wrong). Confidence interval (CI) is calculated for mean difference to measure the limit of 
true difference may lie by saying the upper and lower limits. 95% CI means 95% of 
guarantee/sure that true mean difference lie in between the upper and lower bounds. These are 
considered as satisfied P-values as evidence to reject null hypothesis at 95% Confidence interval 
and conclude by saying alternative hypothesis is true [57]. 

 One-tailed T-test: It can be either of right-tailed T-test and left tailed T-test but not both, 
i.e., the rejection region for null hypothesis is only one-tailed.   

 Two-tailed T-test: It is both right-tailed T-test and left tailed T-test, i.e., the rejection region 
for null hypothesis can be either of the tails.  

 

3.4.1.1 Paired T-test 
It is used for comparison of two sample means, i.e., observation of sample one is compared with 
observation of other samples [57]. Occurrence examples: Observation made before and after for 
same subject (or) “A comparison of two different methods of measurement or two different 
treatments where the measurements/treatments are applied to the same subjects” [57]. For 
instance, the measurement of energy consumption using two different algorithms. The following 
is the formula used for Paired T-test.    

 

Where, 
is mean difference,  is standard deviation difference, and is sample size 

 

3.4.2 Cohen's d 
To measure the variations among two groups, Effect sizes were used. It has abundant benefits 
over statistical significance tests as it indicates the respective magnitude variations among two 
groups rather difference of likelihood. Cohen's d is briskly chosen by many researchers by that 
preparing it standard for effect sizes. Thus, by considering the benefits of Cohen’s d it is 
selected by us for the current work [58]. 
 
According to Cohen, analysis of effect sizes can be classified as small, medium and large. Small 
when (d≥0.20), medium when (d≥0.50) and large when (d≥0.80) [58].  
 
The value of Cohen’s d is calculated as follows:   

 

 
Where,  

and  are mean values of both algorithms 
 and  are standard deviation values of both algorithms 
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4 RESULTS AND ANALYSIS  
This chapter describes the results and analysis of the proposed and existing algorithms, and the 
chapter contains four sections. In section one and two, we present all the results obtained for the 
proposed algorithms using graphs and analyze the best resulted (minimum energy consumption 
and SLA violation) heuristic algorithm using paired T-test. In section three, we present a 
comparative analysis of the proposed and existing algorithms using paired T-test and Cohen's d 
effect size. Finally, section four describes the summary of results and analysis.  
 

4.1 MODIFIED FIRST FIT DECREASING (MFFD) 
Making use of workload data presented in section 3.3.7, we have done simulations for all the 32 
combinations of heuristic algorithms (described in table 4) i.e., combinations of eight proposed 
host overload detection algorithms (Mean, Median, Mode, Range, VAR, STD, MADmean and 
MADmedian), four VM selection algorithms (MaxR, MinR, MaxU and MinU) for proposed 
MFFD VM placement. 
 
4.1.1 Simulation Results 
Here using box plots in figure 5 to 10, we are presenting the obtained results for all the 32 
combinations of heuristic host overload detection and VM selection algorithms (described in 
table 4) using Modified First Fit Decreasing (MFFD) VM placement in 10 different workloads 
that have been considered under the performance metrics described in section 3.3.2 i.e., energy 
consumption (power model), number of VM migrations, Performance Degradation due to 
Migration (PDM), SLA violation Time per Active Host (SLATAH), SLA Violation (SLAV), 
Energy consumption and Service level agreement Violation (ESV). Here, box plot summaries 
extreme values and quartiles of a set of data like minimum, Q1 (25th Percentile), Q2 (50th 
Percentile), Q3 (75th Percentile) and maximum [59].  
 

 

 
 

Figure 5: Energy consumption using MFFD 
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Figure 6: Number of VM migrations using MFFD 
 
 
 

 
 

Figure 7: Performance Degradation due to Migration (PDM) using MFFD 
 



 

38 

 
 

 
 

Figure 8: SLA violation Time per Active Host (SLATAH) using MFFD 
 
 
 

 
 

Figure 9: SLA Violation (SLAV) using MFFD 
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Figure 10: Energy consumption and Service level agreement Violation (ESV) using MFFD 
  
 
 

4.1.2 Analysis 
As described in section 3.3.2.4, ESV metric is produced by combination of all other five 
performance metrics (ESV is a combination of energy consumption and SLAV (where SLAV is 
a combination of PDM and SLATAH, here PDM depends on number of VM migrations)). 
Considering ESV as main metric for measuring the results, we are presenting the best resulted 
host overload and VM selection heuristic algorithms using Modified First Fit Decreasing 
(MFFD) VM placement in 10 different workloads.   

 
Initially, we have performed the Ryan-Joiner’s normality test, where the ESV metric values 
produced by all 32 combinations of heuristic algorithms follow the normal distribution with p-
value > 0.1. Since these ESV values passed the normality test we have performed the two paired 
T-tests as follows: 
 

 Test 1: we have performed the paired T-test for selection of one best heuristic algorithm 
among proposed VM selection heuristic algorithms. 
 

 Test 2: we have performed the paired T-test for selection of one best combination of 
heuristic algorithms among proposed host overload detection with combination of best 
resulted VM selection heuristic algorithm (the best VM selection heuristic algorithm is 
obtained from Test 1). 
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4.1.2.1 VM Selection Algorithm (Test 1) 

We have conducted six paired T-tests for comparison of means of ESV metric produced by the 
four proposed VM selection heuristic algorithms (MaxR, MinR, MaxU, MinU) in-order to 
determine the best VM selection algorithm among all algorithm combinations (Table 7), in term 
of both minimum energy consumption and SLA violation (i.e., minimum ESV). 
 
Paired T-tests for comparison of means of ESV metric: 

Null Hypothesis: Mean difference for algorithm 1 and algorithm 2 is equal to zero. i.e., mean 
difference (μ) = 0 
Alternative Hypothesis: Mean difference for algorithm 1 and algorithm 2 is not equal to zero. 
(two-tailed alternative hypothesis) i.e., mean difference (μ) ≠ 0 
 
Algorithm 1 (ESV)  Algorithm 2 (ESV) Difference (95% CI) P-value (2-tailed) 
MinR (0.00761) MaxR (0.002869) 0.00474 (0.00047, 0.00995) P-value < 0.05 
MaxU (0.010394) MaxR (0.002869) 0.00753 (0.00025,0.01530) P-value < 0.05 
MinU (0.009266) MaxR (0.002869) 0.00640 (0.00012, 0.01291) P-value < 0.05 
MaxU (0.010394) MinR (0.00761) 0.00278 (0.00019, 0.00536) P-value < 0.05 
MinU (0.009266) MinR (0.00761) 0.00166 (0.00068, 0.00263) P-value < 0.05 
MaxU (0.010394) MinU (0.009266) 0.00113 (0.0035, 0.00192) P-value < 0.05 

Table 7: six-paired T-test of VM selection heuristic algorithms (MFFD) 
 
The table 7 displays the 6-pair proposed VM selection heuristic algorithm combinations with 
their respective ESV mean value obtained (algorithm 1 and algorithm 2) in column 1, where the 
mean value of ESV is the average of ESV values obtained from 10 workloads. Column 2, 
column 3 presented is the mean difference between algorithm 1 and algorithm 2 along with 95% 
of Confidence Interval of mean difference lie in between the upper and lower bounds. The last 
column, i.e., column 4 shows the resulted p-value.   
 
The alternative hypothesis is accepted, and the null hypothesis is rejected as all the results 
shown in Table 7 satisfy the rule of P-value < 0.05, mean difference and t-value can either be 
positive or negative as μ≠ 0 is considered in alternative hypothesis. Since the alternative 
hypothesis is accepted, we have concluded that there is a statistically significant mean 
difference of ESV metric between all the four proposed VM selection heuristic algorithms, and 
the heuristic algorithm with a minimum value of ESV metric can be declared as the best 
heuristic algorithm. Here, the minimum value of ESV metric means a minimum of energy 
consumption and SLA violation. From the results of six paired T-test, MaxR (Maximum 
requested RAM) is concluded as the best VM selection heuristic algorithm. As results in the 
above table shows that usage of MaxR (Maximum requested RAM) heuristic algorithm it leads 
to statistically significantly less value of ESV metric with P-value < 0.05.  
 

4.1.2.2 Host overload detection algorithm (Test 2) 

Here, we have analyzed the eight combinations of proposed host overload detection algorithms 
with MaxR VM selection algorithm (MaxR is the best VM selection heuristic algorithm 
obtained from Test 1). Where, we have conducted 28 paired T-test for comparison of means of 
ESV metric produced by the eight combination algorithms (Mean_ MaxR, Median_ MaxR, 
VAR_MaxR, STD_ MaxR, Mode_ MaxR, Range_ MaxR, MADmean_ MaxR, MADmedian_ 
MaxR) in-order to determine the best host overload detection_VM selection heuristic algorithm 
among all algorithm combinations (Table 8), in term of both minimum energy consumption and 
SLA violation (i.e., minimum ESV).  
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Paired T-tests for comparison of means of ESV metric: 

Null Hypothesis: Mean difference for algorithm 1 and algorithm 2 is equal to zero. i.e., mean 
difference (μ) =0 
Alternative Hypothesis: Mean difference for algorithm 1 and algorithm 2 is not equal to zero. 
(two-tailed alternative hypothesis) i.e., mean difference (μ) ≠ 0  
 
Algorithm 1 (ESV)  Algorithm 2 (ESV) Difference (95% CI) P-value (2-tailed) 
Median_MaxR 
(0.002869) 

Mean_MaxR 
(0.002429) 

0.00044 
(0.00054,0.00142) 

P-value < 0.05 

VAR_MaxR 
(0.005351) 

Mean_MaxR 
(0.002429) 

0.00292 
(0.00057,0.00527) 

P-value < 0.05 

Mean_MaxR 
(0.002429) 

STD_MaxR 
(0.000999) 

0.00143 
(0.00009,0.00295) 

P-value < 0.05 

Mode_MaxR 
(0.00574) 

Mean_MaxR 
(0.002429) 

0.00331 
(0.00025,0.00636) 

P-value < 0.05 

Range_MaxR 
(0.00474) 

Mean_MaxR 
(0.002429) 

0.00231 
(0.00049,0.00413) 

P-value < 0.05 

Mean_MaxR 
(0.002429) 

MADmean_Ma
xR (0.000504) 

0.00193 
(0.00027,0.00358) 

P-value < 0.05 

Mean_MaxR 
(0.002429) 

MADmedian_M
axR (0.000474) 

0.00196 
(0.00025,0.00367) 

P-value < 0.05 

VAR_MaxR 
(0.005351) 

Median_MaxR 
(0.002869) 

0.00248 
(0.00018,0.00478) 

P-value < 0.05 

Median_MaxR 
(0.002869) 

STD_MaxR 
(0.000999) 

0.00187 
(0.00002,0.00376) 

P-value < 0.05 

Mode_MaxR 
(0.00574) 

Median_MaxR 
(0.002869) 

0.00287 
(0.00067,0.00506) 

P-value < 0.05 

Range_MaxR 
(0.00474) 

Median_MaxR 
(0.002869) 

0.00187 
(0.00024,0.00349) 

P-value < 0.05 

Median_MaxR 
(0.002869) 

MADmean_Ma
xR (0.000504) 

0.00237 
(0.00031,0.00442) 

P-value < 0.05 

Median_MaxR 
(0.002869) 

MADmedian_M
axR (0.000474) 

0.00240 
(0.00030,0.00449) 

P-value < 0.05 

VAR_MaxR 
(0.005351) 

STD_MaxR  
(0.000999) 

0.00435 
(0.00187,0.00684) 

P-value < 0.05 

Mode_MaxR 
(0.00574) 

VAR_MaxR 
(0.005351) 

0.00039 
(0.00028,0.00049) 

P-value < 0.05 

VAR_MaxR 
(0.005351) 

Range_MaxR 
(0.00474) 

0.00061  
(0.00044,0.00077 ) 

P-value < 0.05 

VAR_MaxR 
(0.005351) 

MADmean_Ma
xR (0.000504) 

0.00485 
(0.00217,0.00753) 

P-value < 0.05 

VAR_MaxR 
(0.005351) 

MADmedian_M
axR (0.000474) 

0.00488 
(0.00218,0.00758) 

P-value < 0.05 

Mode_MaxR 
(0.00574) 

STD_MaxR  
(0.000999) 

0.00475 
(0.00216,0.00733) 

P-value < 0.05 

Range_MaxR 
(0.00474) 

STD_MaxR  
(0.000999) 

0.00375 
(0.00115,0.00634) 

P-value < 0.05 

STD_MaxR 
(0.000999) 

MADmean_Ma
xR (0.000504) 

0.00049 
(0.00021,0.00076) 

P-value < 0.05 

STD_MaxR 
(0.000999) 

MADmedian_M
axR (0.000474) 

0.00052 
(0.00017,0.00122) 

P-value < 0.05 

Mode_MaxR 
(0.00574) 

Range_MaxR 
(0.00474) 

0.00100 
(0.00021,0.00178) 

P-value < 0.05 
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Mode_MaxR 
(0.00574) 

MADmean_Ma
xR (0.000504) 

0.00070 
(0.00051,0.00088) 

P-value < 0.05 

Mode_MaxR 
(0.00574) 

MADmedian_M
axR  (0.000474) 

0.00526 
(0.00170, 0.00881) 

P-value < 0.05 

Range_MaxR 
(0.00474) 

MADmean_Ma
xR (0.000504) 

0.00423  
(0.0065, 0.00780) 

P-value < 0.05 

Range_MaxR 
(0.00474) 

MADmedian_M
axR  (0.000474) 

0.00426 
(0.0069, 0.00782) 

P-value < 0.05 

MADmean_M
axR(0.000504) 

MADmedian_M
axR (0.000474) 

0.00003  
(0.0000,0.00006) 

P-value < 0.05 

Table 8: 28-paired T-test of host overload detection algorithms with combination of MaxR 
VM selection (using MFFD) 

 
The table 8 displays the 28-pair proposed host overload_VM selection algorithm combinations 
with their respective ESV mean value obtained (algorithm 1 and algorithm 2) in column 1, 
where the mean value of ESV is the average of ESV values obtained from 10 workloads. 
Column 2, column 3 presented is the mean difference between algorithm 1 and algorithm 2 
along with 95% of Confidence Interval of mean difference lie in between the upper and lower 
bounds. The last column, i.e., column 4 shows the resulted p-value.   
 
The alternative hypothesis is accepted, and the null hypothesis is rejected as all the results 
shown in Table 8 satisfy the rule of P-value < 0.05, mean difference and t-value can either be 
positive or negative as μ≠ 0 is considered in alternative hypothesis. Since the alternative 
hypothesis is accepted we have concluded that there is a statistically significant mean difference 
of ESV metric between all the eight proposed host overload_VM selection combination 
algorithms (Mean_MaxR, Median_MaxR, VAR_MaxR, STD_MaxR, Mode_MaxR, 
Range_MaxR, MADmean_MaxR, MADmedian_MaxR), and the combination algorithm with 
minimum value of ESV metric can be declared as best algorithm. Here, a minimum value of 
ESV metric means the minimum of energy consumption and SLA violation. From the results of 
this 28 paired T-test, MADmedian_MaxR is concluded as the best combination of host overload 
detection_VM selection algorithm. As results in the above table shows that usage of 
MADmedian_MaxR algorithm leads to statistically significantly less value of ESV metric with 
P-value < 0.05.  
 
Based on the analysis of T-test (Test 1, Test 2) we have concluded that in term of minimum 
ESV, i.e., combination of both minimum energy consumption and SLA violation, MFFD 
(MADmedian_MaxR) provides best result compared to remaining algorithm combinations. 
Here, MFFD (MADmedian_MaxR) refers to MADmedian host overload detection algorithm 
with combination of MaxR VM selection algorithm using MFFD VM placement. 
 

4.2 MODIFIED LAST FIT DECREASING (MLFD) 
Making use of workload data presented in section 3.3.7, we have done simulations for all the 32 
combinations of heuristic algorithms (described in table4) i.e., combinations of eight proposed 
host overload detection algorithms (Mean, Median, Mode, Range, VAR, STD, MADmean and 
MADmedian), four VM selection algorithms (MaxR, MinR, MaxU and MinU) for proposed 
MLFD VM placement. 
 

4.2.1 Simulation Results 
Here using box plots in figure 11 to 16, we are presenting the obtained results for all the 32 
combinations of heuristic host overload detection and VM selection algorithms (described in 
table 4) using Modified Last Fit Decreasing (MLFD) VM placement in 10 different workloads 
that have been considered under the performance metrics described in section 3.3.2 i.e., energy 
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consumption (power model), number of VM migrations, Performance Degradation due to 
Migration (PDM), SLA violation Time per Active Host (SLATAH), SLA violation (SLAV), 
Energy consumption and Service level agreement Violation (ESV). Here, box plot summaries 
extreme values and quartiles of set of data. 
 

 
 

Figure 11: Energy consumption using MLFD 
 
 

 
 

Figure 12: Number of VM migrations using MLFD 
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Figure 13: Performance Degradation due to Migration (PDM) using MLFD 
 

 
 
 

 
 

Figure 14: SLA violation Time per Active Host (SLATAH) using MLFD 
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Figure 15: SLA violation (SLAV) using MLFD 
 
 
 

 
 

Figure 16: Energy consumption and Service level agreement Violation (ESV) using MLFD 
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4.2.2 Analysis 
As described in section 3.3.2.4, ESV metric is produced by combination of all other five 
performance metrics (ESV is combination of energy consumption and SLAV (where SLAV is a 
combination of PDM and SLATAH, here PDM depends on number of VM migrations)). 
Considering ESV as main metric for measuring the results, we are presenting the best resulted 
host overload detection and VM selection heuristic algorithms using Modified First Fit 
Decreasing (MFFD) VM placement in 10 different workloads.  

 
Initially, we have performed the Ryan-Joiner's normality test, where the ESV metric values 
produced by all 32 combinations of heuristic algorithms follow the normal distribution with p-
value > 0.1. Since these ESV values passed the normality test we have performed the two paired 
T-tests as follows:  

 Test 1: we have performed the paired T-test for selection of one best heuristic algorithm 
among proposed VM selection heuristic algorithms. 

 Test 2: we have performed the paired T-test for selection of one best combination of 
heuristic algorithms among proposed host overload detection with combination of best 
resulted VM selection heuristic algorithm (the best VM selection heuristic algorithm is 
obtained from Test 1).  

4.2.2.1 VM Selection Algorithm (Test 1) 

We have conducted six paired T-tests for comparison of means of ESV metric produced by the 
four proposed VM selection heuristic algorithms (MaxR, MinR, MaxU, MinU) in-order to 
determine the best VM selection algorithm among all algorithm combinations (Table 9), in term 
of both minimum energy consumption and SLA violation (i.e., minimum ESV). 
 
Paired T-tests for comparison of means of ESV metric: 
Null Hypothesis: Mean difference for algorithm 1 and algorithm 2 is equal to zero. i.e., mean 
difference (μ) =0 
Alternative Hypothesis: Mean difference for algorithm 1 and algorithm 2 is not equal to zero. 
(two-tailed alternative hypothesis) i.e., mean difference (μ) ≠ 0  
 
Algorithm 1 (ESV)  Algorithm 2 (ESV) Difference (95% CI) P-value (2-tailed) 
MinR (0.012312) MaxR (0.003076) 0.00924 (0.00178, 0.01669) P-value < 0.05 
MaxU (0.014006) MaxR (0.003076) 0.01093 (0.00184,0.02002) P-value < 0.05 
MinU (0.015278) MaxR (0.003076) 0.01220 (0.00185, 0.02255) P-value < 0.05 
MaxU (0.014006) MinR (0.012312) 0.00169 (0.00026, 0.00312) P-value < 0.05 
MinU (0.015278) MinR (0.012312) 0.00297 (0.00114, 0.00480) P-value < 0.05 
MinU (0.015278) MaxU (0.014006) 0.00127 (0.0053, 0.00201) P-value < 0.05 

Table 9: six-paired T-test of VM selection algorithms (MLFD) 
 
The table 9 displays the 6-pair proposed VM selection heuristic algorithm combinations with 
their respective ESV mean value obtained (algorithm 1 and algorithm 2) in column 1, where the 
mean value of ESV is the average of ESV values obtained from 10 workloads. Column 2, 
column 3 presented is the mean difference between algorithm 1 and algorithm 2 along with 95% 
of Confidence Interval of mean difference lie in between the upper and lower bounds. The last 
column, i.e., column 4 shows the resulted p-value.   
 
The alternative hypothesis is accepted, and the null hypothesis is rejected as all the results 
shown in Table 9 satisfy the rule of P-value < 0.05, mean difference and t-value can either be 
positive or negative as μ≠ 0 is considered in alternative hypothesis. Since the alternative 
hypothesis is accepted we have concluded that there is a statistically significant mean difference 
of ESV metric between all the proposed VM selection heuristic algorithms, and the heuristic 
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algorithm with a minimum value of ESV metric can be declared as best heuristic algorithm. 
Here, a minimum value of ESV metric means the minimum of energy consumption and SLA 
violation. From the results of six paired T-test, MaxR (Maximum requested RAM) is concluded 
as the best VM selection heuristic algorithm. As results in the above table shows that usage of 
MaxR (Maximum requested RAM) heuristic algorithm, it leads to statistically significantly less 
value of ESV metric with P-value < 0.05.   

4.2.2.2 Host overload detection algorithm (Test 2) 

Here, we have analyzed the eight combinations of proposed host overload detection algorithms 
with MaxR VM selection algorithm (MaxR is the best VM selection heuristic algorithm 
obtained from Test 1). Where, we have conducted 28 paired T-test for comparison of means of 
ESV metric produced by the eight combination algorithms (Mean_ MaxR, Median_ MaxR, 
VAR_MaxR, STD_ MaxR, Mode_ MaxR, Range_ MaxR, MADmean_ MaxR, MADmedian_ 
MaxR) in-order to determine the best host overload detection_VM selection heuristic algorithm 
among all algorithm combinations (Table 10), in term of both minimum energy consumption 
and SLA violation (i.e., minimum ESV).   
 
Paired T-tests for comparison of means of ESV metric: 

Null Hypothesis: Mean difference for algorithm 1 and algorithm 2 is equal to zero. i.e., mean 
difference (μ) = 0 
Alternative Hypothesis: Mean difference for algorithm 1 and algorithm 2 is not equal to zero. 
(two-tailed alternative hypothesis) i.e., mean difference (μ) ≠ 0  
 
Algorithm 1 (ESV)  Algorithm 2 (ESV) Difference (95% CI) P-value (2-tailed) 
Mean_MaxR 
(0.00338) 

Median_MaxR 
(0.003076) 

0.00030 
(0.0009,0.00053) 

P-value<0.05 

VAR_MaxR 
(0.005545) 

Mean_MaxR 
(0.00338) 

0.00216  
(0.00171, 0.00261) 

P-value<0.05 

Mean_MaxR 
(0.00338) 

STD_MaxR 
(0.000856) 

0.00252  
(0.00063, 0.00442) 

P-value<0.05 

Mean_MaxR 
(0.00338) 

Mode_MaxR 
(0.002396) 

0.00098  
(0.00024, 0.00172) 

P-value<0.05 

Mean_MaxR 
(0.00338) 

Range_MaxR 
(0.0013955) 

0.00198  
(0.00007, 0.00389) 

P-value<0.05 

Mean_MaxR 
(0.00338) 

MADmean_Ma
xR(0.001641) 

0.00174 
(0.00014, 0.00333) 

P-value<0.05 

Mean_MaxR 
(0.00338) 

MADmedian_M
axR(0.000912) 

0.00247  
(0.00052, 0.00441) 

P-value<0.05 

VAR_MaxR 
(0.005545) 

Median_MaxR(
0.003076) 

0.00247  
(0.00094, 0.00400) 

P-value<0.05 

Median_MaxR 
(0.003076) 

STD_MaxR 
(0.000856) 

0.00222  
(0.00062, 0.00382) 

P-value<0.05 

Median_MaxR 
(0.003076) 

Mode_MaxR 
(0.002396) 

0.00068  
(0.0004, 0.00132) 

P-value<0.05 

Median_MaxR 
(0.003076) 

Range_MaxR 
(0.0013955) 

0.00168  
(0.0004, 0.00332) 

P-value<0.05 

Median_MaxR 
(0.003076) 

MADmean_Ma
xR(0.001641) 

0.00144  
(0.00024, 0.00242) 

P-value<0.05 

Median_MaxR 
(0.003076) 

MADmedian_M
axR(0.000912) 

0.00216  
(0.00051, 0.00381) 

P-value<0.05 

VAR_MaxR 
(0.005545) 

STD_MaxR 
(0.000856) 

0.00469  
(0.00060, 0.00878) 

P-value<0.05 

VAR_MaxR Mode_MaxR 0.00315 P-value<0.05 
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(0.005545) (0.002396) (0.00052, 0.00578) 
VAR_MaxR 
(0.005545) 

Range_MaxR 
(0.0013955) 

0.00415  
(0.00052, 0.00777) 

P-value<0.05 

VAR_MaxR 
(0.005545) 

MADmean_Ma
xR(0.001641) 

0.00390  
(0.00011, 0.00769) 

P-value<0.05 

VAR_MaxR 
(0.005545) 

MADmedian_M
axR(0.000912) 

0.00463  
(0.00051, 0.00875) 

P-value<0.05 

Mode_MaxR 
(0.002396) 

STD_MaxR 
(0.000856) 

0.00154  
(00029, 0.00279) 

P-value<0.05 

Range_MaxR 
(0.0013955) 

STD_MaxR 
(0.000856) 

0.00054  
(0.0009, 0.00098) 

P-value<0.05 

MADmean_Ma
xR(0.001641) 

STD_MaxR 
(0.000856) 

0.00079  
(0.00010, 0.00147) 

P-value<0.05 

MADmedian_M
axR(0.000912) 

STD_MaxR 
(0.000856) 

0.00018  
(0.00006, 0.00030) 

P-value<0.05 

Mode_MaxR 
(0.002396) 

Range_MaxR 
(0.0013955) 

0.00100  
(0.00025, 0.00175) 

P-value<0.05 

Mode_MaxR 
(0.002396) 

MADmean_Ma
xR(0.001641) 

0.00075  
(0.00006, 0.00144) 

P-value<0.05 

Mode_MaxR 
(0.002396) 

MADmedianMa
xR(0.000912) 

0.00148  
(0.00056, 0.00240) 

P-value<0.05 

Range_MaxR 
(0.0013955) 

MADmean_Ma
xR(0.001641) 

0.00025  
(0.00004, 0.00046) 

P-value<0.05 

Range_MaxR 
(0.0013955) 

MADmedian_M
axR(0.000912) 

0.00048  
(0.00037, 0.00059) 

P-value<0.05 

MADmean_Ma
xR(0.001641) 

MADmedian_M
axR(0.000912)  

0.00073 (0.00000, 
0.00146) 

P-value<0.05 

Table 10: 28-paired T-test of host overload detection algorithms with combination of 
MaxR VM selection (using MLFD) 

The table 10 displays the 28-pair proposed host overload_VM selection algorithm combinations 
with their respective ESV mean value obtained (algorithm 1 and algorithm 2) in column 1, here 
the mean value of ESV is the average of ESV values obtained from 10 workloads. Column 2, 
column 3 presented is the mean difference between algorithm 1 and algorithm 2 along with 95% 
of Confidence Interval of mean difference lie in between the upper and lower bounds. The last 
column i.e., column 4 shows the resulted p-value.  
 
The alternative hypothesis is accepted, and the null hypothesis is rejected as all the results 
shown in Table 10 satisfy the rule of P-value < 0.05, mean difference and t-value can either be 
positive or negative as μ≠ 0 is considered in alternative hypothesis. Since the alternative 
hypothesis is accepted we have concluded that there is a statistically significant mean difference 
of ESV metric between all the eight proposed host overload_VM selection combination 
algorithms (Mean_MaxR, Median_MaxR, VAR_MaxR, STD_MaxR, Mode_MaxR, 
Range_MaxR, MADmean_MaxR, MADmedian_MaxR), and the combination algorithm with 
minimum value of ESV metric can be declared as best algorithm. Here, a minimum value of 
ESV metric means the minimum of energy consumption and SLA violation. From the results of 
this 28 paired T-test, STD_MaxR is concluded as the best combination of host overload 
detection_VM selection algorithm. As results in the above table shows that usage of 
STD_MaxR algorithm leads to statistically significantly less value of ESV metric with P-value 
< 0.05.   
 
Based on the analysis of T-test (Test 1, Test 2) we have concluded that in term of minimum 
ESV, i.e., combination of both minimum energy consumption and SLA violation, MLFD 
(STD_MaxR) provides the best result compared to remaining algorithm combinations. Here, 
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MLFD (STD_MaxR) refers to Standard Deviation (STD) host overload detection algorithm 
with combination of MaxR VM selection algorithm using MLFD VM placement. 
 

4.3 COMPARATIVE ANALYSIS  
This section describes the comparative analysis of proposed and existing algorithms, i.e., 
comparison of proposed heuristics (32 combinations of host overload and VM selection 
algorithms described in table 4) using two proposed VM placement algorithms (MFFD and 
MLFD) with existing (baseline) algorithm considered [PABFD (IQR_MMT)]. 

4.3.1 Comparison 1: Existing algorithm (PABFD) with the Proposed algorithm (MFFD)  

For performing the comparative study between the existing algorithms and proposed algorithms, 
initially we have conducted 32 paired T-tests for comparison of means of ESV metric produced 
by existing algorithm chosen through literature PABFD (IQR_MMT) and 32 combinations of 
host overload and VM selection heuristic algorithms (described in table 4) using Modified First 
Fit Decreasing (MFFD) VM placement algorithms to determine the best algorithms in term of 
both minimum energy consumption and SLA violation i.e., minimum ESV (using ESV metric).   
 
Further, we have also conducted the Cohen's d effect size to measure the strength of 
difference/phenomenon, i.e., measuring how strong the difference between the existing 
algorithm and proposed algorithm. In power analysis, it is said that the larger the effect size is, 
the larger the power of significance test and smaller the probability of making type II error (i.e., 
less chance of not rejecting null hypothesis). Acceptable power for larger effect size is defined 
as d >0.8 or higher, >0.7 is adequate and >0.9 is considered as excellent value [60].  
 
Paired T-test for comparison of means of ESV metric and measure of Cohen’s d effect size: 

Null Hypothesis: ESV for existing algorithm is less than or equal to the proposed algorithm. 
i.e., mean difference (μ) ≤0 
Alternative Hypothesis: ESV for existing algorithm is greater than the proposed algorithm. 
(one-tailed alternative hypothesis) i.e., mean difference (μ) >0 
 

Paired T-test Cohen’s 
d 

Existing- 
Algorithm 

(ESV) 

Proposed- 
Algorithm 

(ESV) 

Difference (95% CI) t- 
value 

P-value 
(1-tailed) 

Effect 
size 

IQR_MMT 
(0.041195) 

Mean_MaxR 
(0.002429) 

0.038766  
(0.01649, 0.06105) 

3.936 P-value< 0.001 
1.244671 

IQR_MMT 
(0.041195) 

Mean_MinR 
(0.026818) 

0.014377  
(-0.00574, 0.03449) 

1.617 P-value > 0.05 
0.511281 

IQR_MMT 
(0.041195) 

Mean_MaxU 
(0.026673) 

0.014522  
(0.00309, 0.02595) 

1.865 P-value < 0.001 
0.58981 

IQR_MMT 
(0.041195) 

Mean_MinU 
(0.016096) 

0.025099  
(0.00722, 0.04298) 

3.176 P-value < 0.001 
1.004407 

IQR_MMT 
(0.041195) 

Median_MaxR 
(0.002869) 

0.038326  
(0.01615, 0.06051) 

3.909 P-value < 0.001 
1.236074 

IQR_MMT 
(0.041195) 

Median_MinR 
(0.029814) 

0.011381  
(-0.00627, 0.02903) 

1.459 P-value > 0.05 
0.461325 

IQR_MMT 
(0.041195) 

Median_Max
U (0.029841) 

0.011354  
(-0.00511, 0.02781) 

1.560 P-value > 0.05 
0.493455 

IQR_MMT 
(0.041195) 

Median_MinU 
(0.025161) 

0.016034  
(-0.00590, 0.03797) 

1.654 P-value > 0.05 
0.522906 
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IQR_MMT 
(0.041195) 

VAR_MaxR 
(0.005351) 

0.035844  
(0.01420, 0.05749) 

3.746 P-value < 0.001 
1.184711 

IQR_MMT 
(0.041195) 

VAR_MinR 
(0.013477) 

0.027718  
(0.01116, 0.04066) 

3.786 P-value < 0.001 
1.197275 

IQR_MMT 
(0.041195) 

VAR_MaxU 
(0.016274) 

0.024921  
(0.00918, 0.04066) 

3.582 P-value < 0.001 
1.132666 

IQR_MMT 
(0.041195) 

VAR_MinU 
(0.013718) 

0.027477  
(0.01187, 0.04309) 

3.982 P-value < 0.001 
1.259282 

IQR_MMT 
(0.041195) 

STD_MaxR 
(0.000999) 

0.040196  
(0.01757, 0.06283) 

4.018 P-value < 0.001 
1.270591 

IQR_MMT 
(0.041195) 

STD_MinR 
(0.012046) 

0.029149  
(0.01251, 0.04579) 

3.962 P-value < 0.001 
1.253003 

IQR_MMT 
(0.041195) 

STD_MaxU 
(0.011653) 

0.029542  
(0.01242, 0.04667) 

3.903 P-value < 0.001 
1.23408 

IQR_MMT 
(0.041195) 

STD_MinU 
(0.008885) 

0.03231  
(0.01450, 0.05012) 

4.103 P-value < 0.001 
1.297491 

IQR_MMT 
(0.041195) 

Mode_MaxR 
(0.00574) 

0.035455  
(0.01785, 0.05307) 

4.028 P-value < 0.001 
1.108975 

IQR_MMT 
(0.041195) 

Mode_MinR 
(0.101835) 

-0.06064  
(-0.09055, -0.03073) 

-4.586 P-value < 0.001 
-1.45018 

IQR_MMT 
(0.041195) 

Mode_MaxU 
(0.094872) 

-0.05368  
(-0.08218, -0.02517) 

-4.260 P-value < 0.001 
-1.34705 

IQR_MMT 
(0.041195) 

Mode_MinU 
(0.092885) 

-0.05169  
(-0.08213, -0.02125) 

-3.841 P-value < 0.001 
-1.21462 

IQR_MMT 
(0.041195) 

Range_MaxR 
(0.00474) 

0.036455  
(0.01785, 0.05507) 

4.028 P-value < 0.001 1.273693 
 

IQR_MMT 
(0.041195) 

Range_MinR 
(0.037121) 

0.004074  
(-0.00704, 0.01519) 

0.829 P-value > 0.05 
0.262235 

IQR_MMT 
(0.041195) 

Range_MaxU 
(0.04552) 

-0.00433  
(-0.02561, 0.01697) 

-0.459 P-value > 0.05 
-0.14531 

IQR_MMT 
(0.041195) 

Range_MinU 
(0.032496) 

0.008699  
(0.00024, 0.01716) 

2.325 P-value < 0.001 
0.735328 

IQR_MMT 
(0.041195) 

MADmean_M
axR(0.000474) 

0.040721  
(0.01785, 0.06359) 

4.028 P-value < 0.001 
1.273693 

IQR_MMT 
(0.041195) 

MADmean_M
inR (0.00761) 

0.033585  
(0.01524, 0.05194) 

4.140 P-value < 0.001 
1.309295 

IQR_MMT 
(0.041195) 

MADmean_M
axU(0.010394) 

0.030801  
(0.01438, 0.04722) 

4.243 P-value < 0.001 
1.34161 

IQR_MMT 
(0.041195) 

MADmean_M
inU(0.009266) 

0.031929  
(0.01490, 0.04896) 

4.241 P-value < 0.001 
1.341107 

IQR_MMT 
(0.041195) 

MADmedian_
MaxR(0.00047
4) 

0.040721  
(0.01785, 0.06359) 

4.028 P-value < 0.001 

1.273693 
IQR_MMT 
(0.041195) 

MADmedian_
MinR(0.00903
7) 

0.032158  
(0.01450, 0.04981) 

4.121 P-value < 0.001 

1.303108 
IQR_MMT 
(0.041195) 

MADmedian_
MaxU(0.0099
26) 

0.031269  
(0.01337, 0.04917) 

3.951 P-value < 0.001 

1.24946 
IQR_MMT 
(0.041195) 

MADmedian_
MinU(0.00963
7) 

0.031558  
(0.01444, 0.04867) 

4.171 P-value < 0.001 

1.319076 
Table 11: 32-Paired T-test and Cohen's d effect size of PABFD and MFFD 
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The table 11 displays the 32-pair existing and proposed algorithm combinations in column 1 
and column 2 i.e., existing host overload detection_VM selection algorithm (IQR_MMT) and 
proposed host overload detection_VM selection algorithm (32 combinations describe in table 4) 
with their respective ESV mean value obtained, column 3 presented is the mean difference 
between existing algorithm and proposed algorithm along with 95% of Confidence Interval of 
mean difference lie in between the upper and lower bounds. Column 4 and 5 shows the resulted 
t-value and p-value respectively. The last column, i.e., column 6 shows the Cohen’s d effect size 
value obtained.  
 
From 32 pair T-test, the null hypothesis is rejected and alternative hypothesis is accepted for 23 
pairs among 32 as shown in table 11 which satisfy the rule of P-value < 0.001 (less than one out 
of thousand chances for being wrong), mean difference and t-value should be positive as μ>0 is 
considered in alternative hypothesis. Since the alternative hypothesis is accepted for 23 pairs 
among 32, making the alternative hypothesis true (ESV for existing algorithm is greater than the 
proposed algorithm), we have concluded that all these 23 combination algorithms (host overload 
detection_VM selection algorithm) consume the minimum amount of energy with minimum 
SLA violation.  
 
For remaining nine pairs the null hypothesis is not rejected, considering either any of these three 
values not satisfied (p-value, mean difference t-value), i.e., the null hypothesis is not rejected for 
p-value (>0.05), mean difference (negative value) and t-value (negative value). So as per results 
of T-test, 9 out of 32 proposed host overload detection and VM selection algorithms 
(Mean_MinR, Median_MinR, Median_MaxU, Median_MinU, Mode_MinR, Mode_MaxU, 
Mode_MinU, Range_MinR and Range_MaxU) using Modified First Fit Decreasing (MFFD) 
VM placement algorithm consume more ESV (energy and SLA Violation) than existing 
algorithm PABFD (IQR_MMT).  
 
Finally, according to the analysis of both T-test and Cohen’s d effect size presented in table 11, 
we have concluded that 23 combinations of proposed host overload and VM selection 
algorithms (Mean_MaxR, Mean_MaxU, Mean_MinU, Median_MaxR, VAR_MaxR, 
VAR_MinR, VAR_MaxU, VAR_MinU, STD_MaxR, STD_MinR, STD_MaxU, STD_MinU, 
Mode_MaxR, Range_MaxR, Range_MinU, MADmean_MaxR, MADmean_MinR, 
MADmean_MaxU, MADmean_MinU, MADmedian_MaxR, MADmedian_MinR, 
MADmedian_MaxU and MADmedian_MinU) using Modified First Fit Decreasing (MFFD) 
VM placement algorithm have performed better than the existing algorithm PABFD 
(IQR_MMT) in term of minimum ESV, i.e., combination energy and SLAV metrics, and also 
with > 0.9 large effect size for all 23 combinations (Cohen’s d effect size obtained for 23 
combinations range between >1-1.34). 

4.3.2 Comparison 2: Existing algorithm (PABFD) with the Proposed algorithm (MLFD) 

For performing the comparative study between the existing algorithms and proposed algorithms, 
initially we have conducted 32 paired T-tests for comparison of means of ESV metric produced 
by existing algorithm chosen through literature PABFD (IQR_MMT) and 32 combinations of 
host overload and VM selection heuristic algorithms (described in table 4) using Modified Last 
Fit Decreasing (MLFD) VM placement algorithms to determine the best algorithms in term of 
both minimum energy consumption and SLAV, i.e., minimum ESV (using ESV metric)  
 
Further, we have also conducted the Cohen's d effect size to measure the strength of 
difference/phenomenon, i.e., measuring how strong the difference between the existing 
algorithm and proposed algorithm. In power analysis, it is said that the larger the effect size is, 
the larger the power of significance test and smaller the probability of making type II error (i.e., 
less chance of not rejecting the null hypothesis). Acceptable power for larger effect size is 
defined as d >0.8 or higher, >0.7 is adequate and >0.9 is considered as excellent value [60]. 
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Paired T-test for comparison of means of ESV metric and measure of Cohen’s d effect size: 

Null Hypothesis: ESV for existing algorithm is less than or equal to the proposed algorithm. 
i.e., mean difference (μ) ≤0 
Alternative Hypothesis: ESV for existing algorithm is greater than the proposed algorithm. 
(one-tailed alternative hypothesis) i.e., mean difference (μ) >0 
 

Paired T-test Cohen’s 
d 

Existing- 
Algorithm 

(ESV) 

Proposed- 
Algorithm 

(ESV) 

Difference (95% CI) t- 
value 

P-value 
(1-tailed) 

Effect 
size 

IQR_MMT 
(0.041195) 

Mean_MaxR 
(0.00338) 

0.037815  
(0.01502, 0.060601) 

3.753 P-value < 0.001 
1.186854 

IQR_MMT 
(0.041195) 

Mean_MinR 
(0.02966) 

0.011535  
(-0.00884, 0.03191) 

1.280 P-value > 0.05 
0.40489 

IQR_MMT 
(0.041195) 

Mean_MaxU 
(0.035316) 

0.005879  
(-0.01372, 0.02548) 

0.678 P-value > 0.05 
0.214551 

IQR_MMT 
(0.041195) 

Mean_MinU 
(0.022461) 

0.018734  
(-0.00225, 0.03972) 

2.020 P-value > 0.05 
0.638647 

IQR_MMT 
(0.041195) 

Median_MaxR 
(0.003076) 

0.038119  
(0.01586, 0.06038) 

3.873 P-value < 0.001 
1.224812 

IQR_MMT 
(0.041195) 

Median_MinR 
(0.032118) 

0.009077 
(-0.00708, 0.02524) 

1.271 P-value > 0.05 
0.401789 

IQR_MMT 
(0.041195) 

Median_Max
U (0.032245) 

0.00895 
(-0.00626, 0.02416) 

1.331 P-value > 0.05 
0.421027 

IQR_MMT 
(0.041195) 

Median_MinU 
(0.024623) 

0.016572 
(0.00167, 0.03481) 

2.055 P-value < 0.001 
0.649938 

IQR_MMT 
(0.041195) 

VAR_MaxR 
(0.005545) 

0.03565 
(0.01470, 0.05660) 

3.849 P-value < 0.001 
1.217287 

IQR_MMT 
(0.041195) 

VAR_MinR 
(0.01765) 

0.023545 
(0.01008, 0.03701) 

3.957 P-value < 0.001 
1.251275 

IQR_MMT 
(0.041195) 

VAR_MaxU 
(0.017272) 

0.023923 
(0.00775, 0.04010) 

3.346 P-value < 0.001 
1.057946 

IQR_MMT 
(0.041195) 

VAR_MinU 
(0.022381) 

0.018814 
(0.00808, 0.02954) 

3.966 P-value < 0.001 
1.254281 

IQR_MMT 
(0.041195) 

STD_MaxR 
(0.000856) 

0.040339 
(0.01763, 0.06305) 

4.018 P-value < 0.001 
1.270486 

IQR_MMT 
(0.041195) 

STD_MinR 
(0.015077) 

0.026118 
(0.01119, 0.04105) 

3.957 P-value < 0.001 
1.251283 

IQR_MMT 
(0.041195) 

STD_MaxU 
(0.014565) 

0.02663 
(0.01064, 0.04262) 

3.767 P-value < 0.001 
1.191133 

IQR_MMT 
(0.041195) 

STD_MinU 
(0.01528) 

0.025915 
(0.01063, 0.04120) 

3.835 P-value < 0.001 
1.212676 

IQR_MMT 
(0.041195) 

Mode_MaxR 
(0.002396) 

0.038799 
(0.01727, 0.06233) 

3.995 P-value < 0.001 
1.231709 

IQR_MMT 
(0.041195) 

Mode_MinR 
(0.119771) 

-0.07858 
(-0.11545, -0.04170) 

-4.821 P-value < 0.001 
-1.52446 

IQR_MMT 
(0.041195) 

Mode_MaxU 
(0.10348) 

-0.06229 
(-0.09297, -0.03160) 

-4.592 P-value < 0.001 
-1.45224 

IQR_MMT 
(0.041195) 

Mode_MinU 
(0.108002) 

-0.06681 
(-0.09878, -0.03483) 

-4.726 P-value < 0.001 
-1.49458 

IQR_MMT Range_MaxR 0.039799 3.995 P-value < 0.001 1.26347 
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(0.041195) (0.001396) (0.01727, 0.06233) 
IQR_MMT 
(0.041195) 

Range_MinR 
(0.050593) 

-0.0094 
(-0.02224, 0.00344) 

-1.656 P-value < 0.001 
-0.52354 

IQR_MMT 
(0.041195) 

Range_MaxU 
(0.046389) 

-0.00519 
(-0.01992, 0.00953) 

-0.798 P-value > 0.05 
-0.25229 

IQR_MMT 
(0.041195) 

Range_MinU 
(0.038589) 

0.002606 
(-0.00787, 0.01308) 

0.563 P-value > 0.05 
0.177952 

IQR_MMT 
(0.041195) 

MADmean_M
axR(0.001641) 

0.039554 
(0.01689, 0.06222) 

3.947 P-value < 0.001 
1.248217 

IQR_MMT 
(0.041195) 

MADmean_M
inR(0.012312) 

0.028883 
(0.01309, 0.04467) 

4.138 P-value < 0.001 
1.308489 

IQR_MMT 
(0.041195) 

MADmean_M
axU(0.014006) 

0.027189 
(0.00967, 0.04471) 

3.511 P-value < 0.001 
1.110136 

IQR_MMT 
(0.041195) 

MADmean_M
inU(0.015278) 

0.025917 
(0.01023, 0.04161) 

3.737 P-value < 0.001 
1.181708 

IQR_MMT 
(0.041195) 

MADmedain_
MaxR(0.00091
2) 

0.040283 
(0.01752, 0.06305) 

4.003 P-value < 0.001 

1.265861 
IQR_MMT 
(0.041195) 

MADmedain_
MinR(0.01392
8) 

0.027267 
(0.01076, 0.04378) 

3.736 P-value < 0.001 

1.181303 
IQR_MMT 
(0.041195) 

MADmedain_
MaxU(0.0134
24) 

0.027771 
(0.01136, 0.04418) 

3.829 P-value < 0.001 

1.210905 
IQR_MMT 
(0.041195) 

MADmedain_
MinU 
(0.01713) 

0.024065 
(0.00630, 0.04183) 

3.064 P-value < 0.001 

0.968909 
Table 12: 32-Paired T-test and Cohen's d effect size of PABFD and MLFD 

The table 12 displays the 32-pair existing and proposed algorithm combinations in column 1 
and column 2 i.e., existing host overload detection_VM selection algorithm (IQR_MMT) and 
proposed host overload detection _VM selection algorithm (32 combinations describe in table 4) 
with their respective ESV mean value obtained, column 3 presented is the mean difference 
between existing algorithm and proposed algorithm along with 95% of Confidence Interval of 
mean difference lie in between the upper and lower bounds. Column 4 and 5 shows the resulted 
t-value and p-value respectively. The last column i.e., column 6 shows the resulted Cohen’s d 
effect size value obtained.  
 
From 32 pair T-test, the null hypothesis is rejected and alternative hypothesis is accepted for 21 
pairs among 32 as shown in table 12 which satisfy the rule of P-value < 0.001 (less than one out 
of thousand chances for being wrong), mean difference and t-value should be positive as μ>0 is 
considered in alternative hypothesis. Since the alternative hypothesis is accepted for 21 pairs 
among 32, making the alternative hypothesis true (ESV for existing algorithm is greater than the 
proposed algorithm), we have concluded that all these 21 combination algorithms (host overload 
detection_VM selection algorithm) consume the minimum amount of energy with minimum 
SLA violation.  
 
For remaining 11 pairs the null hypothesis is not rejected, considering either any of these three 
values not satisfied (p-value, mean difference t-value), i.e., the null hypothesis is not rejected for 
p-value (>0.05), mean difference (negative value) and t-value (negative value). So as per results 
of T-test, 11 out of 32 proposed host overload and VM selection algorithms (Mean_MinR, 
Mean_MaxU, Mean_MinU, Median_MinR, Median_MaxU, Mode_MinR, Mode_MaxU, 
Mode_MinU, Range_MinR, Range_MaxU and Range_MinU) using Modified Last Fit 
Decreasing (MLFD) VM placement algorithm consume more ESV than existing algorithm 
PABFD (IQR_MMT).  
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Finally, according to the analysis of both T-test and Cohen’s d effect size presented in table 12, 
we have concluded that 21 combinations of proposed host overload and VM selection 
algorithms (Mean_MaxR, Median_MaxR, Median_MinU, VAR_MaxR, VAR_MinR, 
VAR_MaxU, VAR_MinU, STD_MaxR, STD_MinR, STD_MaxU, STD_MinU, Mode_MaxR, 
Range_MaxR, MADmean_MaxR, MADmean_MinR, MADmean_MaxU, MADmean_MinU, 
MADmedian_MaxR, MADmedian_MinR, MADmedian_MaxU and MADmedian_MinU) using 
Modified Last Fit Decreasing (MLFD) VM placement algorithm have performed better than the 
existing algorithm PABFD (IQR_MMT) in term of minimum ESV, i.e., combination of energy 
and SLAV metrics, and also with d >0.9 large effect size for all 21 combinations (Cohen’s d 
effect size obtained for 23 combinations range between >0.9-1.30). 

4.4 SUMMARY OF RESULTS 
The several conclusions that can be made from the analysis performed in section 4.1, 4.2 and 
4.3 as follows:  
 
Best resulted VM selection algorithm using both Modified First Fit Decreasing (MFFD) and 
Modified Last Fit Decreasing (MLFD) VM placements is same, i.e., maximum requested RAM 
(MaxR), and best resulted host overload detection algorithms are Mean absolute Deviation 
around median (MADmedian) and Standard Deviation (STD) while using MFFD and MLFD 
VM placement algorithms respectively. 

1. MaxR VM selection algorithm produces better results when compared to the MinR, MaxU 
and MinU policies, which means selecting VM with maximum requested RAM while VM 
migration process is more critical than selecting VM with minimum requested RAM, 
maximum CPU utilization or maximum CPU utilization.  

2. While using MFFD VM placement algorithm, dynamic VM consolidation algorithms based 
on Mean absolute Deviation around median (MADmedian) host overload detection heuristic 
algorithm outperforms other proposed adaptive-threshold based algorithms. Similarly while 
using MLFD VM placement algorithm, the Standard Deviation (STD) host overload 
detection heuristic algorithm performed better than other proposed host overload detection 
heuristic algorithms, resulting with decrease in number of VM migration and reduction of 
SLA violations which might occur due to overloading of host. 

3. While using MFFD VM placement algorithm, 23 out of 32 proposed dynamic VM 
consolidation algorithms have performed better than baseline dynamic VM consolidation 
algorithm PABFD (IQR_MMT) i.e., 23 combinations of proposed host overload and VM 
selection algorithms (Mean_MaxR, Mean_MaxU, Mean_MinU, Median_MaxR, 
VAR_MaxR, VAR_MinR, VAR_MaxU, VAR_MinU, STD_MaxR, STD_MinR, 
STD_MaxU, STD_MinU, Mode_MaxR, Range_MaxR, Range_MinU, MADmean_MaxR, 
MADmean_MinR, MADmean_MaxU, MADmean_MinU, MADmedian_MaxR, 
MADmedian_MinR, MADmedian_MaxU and MADmedian_MinU) using Modified First 
Fit Decreasing (MFFD) VM placement algorithm have performed better than the existing 
algorithm PABFD (IQR_MMT).  

4. While using MLFD VM placement algorithm, 21 out of 32 proposed dynamic VM 
consolidation algorithms have performed better than baseline dynamic VM consolidation 
algorithm PABFD (IQR_MMT) i.e., 21 combinations of proposed host overload and VM 
selection algorithms (Mean_MaxR, Median_MaxR, Median_MinU, VAR_MaxR, 
VAR_MinR, VAR_MaxU, VAR_MinU, STD_MaxR, STD_MinR, STD_MaxU, 
STD_MinU, Mode_MaxR, Range_MaxR, MADmean_MaxR, MADmean_MinR, 
MADmean_MaxU, MADmean_MinU, MADmedian_MaxR, MADmedian_MinR, 
MADmedian_MaxU and MADmedian_MinU) using Modified Last Fit Decreasing (MLFD) 
VM placement algorithm have performed better than the existing algorithm PABFD 
(IQR_MMT). 
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5 DISCUSSION 
In this chapter, we revisit all the research questions and answer them through the literature 
review and experiment. We also evaluate the validity threats of the current study. 

5.1 RESEARCH QUESTIONS 

RQ1: What are the algorithms that can be used to implement energy aware adaptation model? 

Answer: We have identified adaptive heuristic algorithms proposed previously for energy-
aware models by conducting a literature review. The main propose of this question is to review 
the heuristic algorithms available for energy-aware models and find the metrics to measure the 
performance of heuristic algorithms, performing literature review benefited us in understanding 
the existing algorithms and their working, gaining this knowledge helped us in finding a way to 
propose new adaptive heuristic algorithms and analysis their working. Literature review is 
described in section 2.2 and 3.2, we have described the new heuristic algorithms proposed for 
our thesis in section 3.3.3, and in this work we have compared the results of all our proposed 
heuristic algorithms with each other and also with one of the best existing heuristic algorithm 
chosen through literature review described in section 3.3.4.   
 
RQ2: What are the performances of proposed energy-aware adaptation algorithms and 
algorithms identified in RQ1? 

Answer: Experiment is conducted for all the proposed heuristic algorithms using ten different 
workloads, the results were measured using metrics energy consumption, performance 
degradation due to migration (PDM), SLA violation Time per Active Host (SLATAH), SLA 
violation (SLAV=PDM  SLATAH) and ESV. Initially, from the paired T-tests (6-paired for VM 
selection algorithm, 28-paired for host overload detection with combination of VM selection 
algorithm) conducted using ESV metric results obtained from 10 different workloads on 32 
heuristic combinations of proposed host overload detection and VM selection using Modified 
First Fit Decreasing (MFFD) and Modified Last Fit Decreasing (MLFD) VM placements 
respectively, we conclude that MADmedian_MaxR (host overload detection and VM selection) 
in MFFD VM placement and STD_MaxR (host overload detection and VM selection) in MLFD 
VM placement algorithm produce least amount of energy consumption with minimal SLA 
violation, as they have resulted with minimum ESV value compared to others heuristics 
algorithms (ESV metric is a combination of energy consumption and SLAV). These results 
were presented in section in 4.1 and 4.2. 
 
Then we have compared all our proposed heuristic algorithms with the best existing (baseline) 
heuristic algorithms chosen, i.e., PABFD (IQR_MMT), the comparison is made using T-test and 
Cohen's d effect size.   

23 combination algorithms (host overload 
detection_VM selection) using Modified First 

Fit Decreasing (MFFD) 

21 combination algorithms (host overload 
detection_VM selection) using Modified Last 

Fit Decreasing (MLFD) 
Mean_MaxR, Mean_MaxU, Mean_MinU, 
Median_MaxR, VAR_MaxR, VAR_MinR, 
VAR_MaxU, VAR_MinU, STD_MaxR, 
STD_MinR, STD_MaxU, STD_MinU, 
Mode_MaxR, Range_MaxR, Range_MinU, 
MADmean_MaxR, MADmean_MinR, 
MADmean_MaxU, MADmean_MinU, 
MADmedian_MaxR, MADmedian_MinR, 
MADmedian_MaxU and MADmedian_MinU 

Mean_MaxR, Median_MaxR, Median_MinU,
VAR_MaxR, VAR_MinR, VAR_MaxU,
VAR_MinU, STD_MaxR, STD_MinR,
STD_MaxU, STD_MinU, Mode_MaxR,
Range_MaxR, MADmean_MaxR,
MADmean_MinR, MADmean_MaxU,
MADmean_MinU, MADmedian_MaxR,
MADmedian_MinR, MADmedian_MaxU and
MADmedian_MinU 

Table 13: List of proposed algorithms performed better than the baseline algorithm.  
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Here we conclude that from comparative study between existing and proposed algorithms, 23 
out of 32 combinations of proposed host overload detection and VM selection algorithms using 
MFFD and 21 out of 32 combinations of proposed host overload detection and VM selection 
algorithms using MLFD respectively (above table displays the names of these algorithms) 
consume minimum amount of energy with minimum SLA violation compared to the existing 
heuristic algorithms considered. These results were presented in section 4.3. 

5.2 VALIDITY THREATS 
Internal validity: 
"The internal validity is change in dependent variable which is based by independent variable". 
Internal validity is a way to consider, what precautions have been taken to lessen the errors and 
how effectively threats are handled from the experiment; lastly, that signifies how precisely an 
experiment is conducted [47] and how well it is treated to get the desired outcome. In this thesis, 
the primary cause of threat will be due to workload which might change experiments outcome. 
In order to overcome this issue, we have analyzed the results of our algorithms using ten 
workloads, so that we have used the average of the results obtained. Therefore this threat has 
been mitigated, by repeating the experiments on different workloads.  
 
External validity: 
"External validity refers to the extent to which results of the research can be generalized" [47]. 
If the results acquired in the experiment can be generalized to the range or extent of the study 
that refers as external threat to our thesis. However, outcomes could not be generalized, 
agreeing on the outcomes would be authentic for few applications rather than specific ones. For 
this study we have used the PlanetLab workload which resembles real systems workload traces, 
i.e., the data present in this workload is VMs CPU utilization collected from various servers 
around the world. Since our experiments are based on simulation, using this workload in our 
experiments helps in making them applicable in real Cloud environments. Therefore this threat 
has also been mitigated to some extent. 
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6 CONCLUSION AND FUTURE WORK 
6.1 CONCLUSION  
According to computing demand, there is vast growth in the Cloud data centers all over the 
world, and these data centers consume much electric energy to keep them running. So energy 
management concept turns crucial in any Cloud computing solution. Therefore, to overcome 
this problem Cloud service providers need to apply the energy efficient resources management 
strategies such as VM dynamic consolidation and switching off the idle servers. Along with 
maintaining quality of service (QoS) in Cloud data center, i.e., SLA contracted between service 
provider and users. This thesis work introduces 32 combinations of novel adaptive heuristic for 
host overload detection and VM selection algorithms, one for host underload detection and two 
new adaptive heuristics for VM placement algorithms which helped in minimizing energy 
consumption and reducing overall SLA violation of Cloud data center. The CloudSim 
simulation toolkit is used for the implementation of proposed heuristic algorithms, we have 
evaluated the proposed algorithms using PlanetLab VMs workload traces the obtained 
experimental results, and comparison results of proposed and old heuristic algorithms were also 
presented. From the results we have concluded that Mean absolute deviation around median 
host overload detection algorithm (MADmedain) equipped with Maximum requested RAM VM 
selection algorithm (MaxR) using Modified First Fit decreasing VM placement algorithm 
(MFFD), and standard deviation host overload detection algorithm (STD) equipped with 
Maximum requested RAM VM selection algorithm (MaxR) using Modified Last Fit decreasing 
VM placement algorithm (MLFD) respectively have performed better than other 31 
combinations of proposed heuristic of host overload detection and VM selection algorithms, 
with regards to ESV i.e., combination of all other metrics chosen: energy consumption, 
performance degradation due to VM migration, SLA violation time per active host and SLA 
violation. However, over the existing algorithms chosen we have achieved the remarkable 
improvements with 23 out of 32 combinations of proposed host overload detection and VM 
selection algorithms using MFFD and 21 out of 32 combinations of proposed host overload 
detection and VM selection algorithms using MLFD respectively, in term of minimum ESV i.e., 
consume less energy with minimal SLA violation in Cloud data center, we conclude by saying 
that our proposed heuristics MFFD(23) and MLFD(21) outperformed with larger Cohen’s d 
effect size when compared to existing heuristics considered.  

6.2 FUTURE WORK 
For future work, this work can be implemented in other Cloud platforms by extending them to 
Cloud management systems such as snooze and OpenStack. The other way of future work is by 
developing much more efficient algorithms in all four categories of VM consolidation, i.e., host 
overload detection, host underload detection, VM selection and VM placement which leads to 
better-improved energy efficient system. Following this, other metrics such as response time can 
be considered to measure the performance of algorithms and also future research can be 
performed by more complex workloads on the existing algorithms. 
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