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Abstract

The advancement in current technology has lead to the rapid rise in big data applications
like E-commerce, scientific computing, healthcare etc. These applications require enor-
mous computing capabilities such as high end infrastructure, platforms and softwares.
Cloud data centers provide these facilities based on pay as you go model, yet raise several
challenges which include energy efficiency, scalability, privacy, and storage etc. Among
these issues, energy efficiency has turned into an upcoming challenge for executing the

big data applications in cloud environment.

Energy has become a critical resource in modern computing systems, which presents
challenges to the traditional storage systems. The energy consumed by the storage sub-
system surpasses all other sub-components present in the server. The disks in high-end
servers are responsible for the high power consumption. Hence, the prediction based
energy-aware approach is required for an efficient data placement among the disks to
power it down for the long duration. Prediction also helps in identifying which data
objects need to be replicated. Therefore, an integration of data prediction with placement
along with the disk scheduling provides an optimal solution to reduce energy and time

consumption.

To achieve the set objectives, an extensive literature survey of existing data prediction
models and energy efficient storage techniques has been done. But the previous research
does not cover all the aspects such as data prediction, data placement including replica
management and disk scheduling for big data storage. Therefore, in this work, an intel-
ligent energy aware approach is proposed to reduce storage energy consumption in the

cloud environment.

Firstly, the storage prediction model has been proposed that generates and customizes

the SQL traces to find the frequency of each query fired on the real data streams obtained



from the SCATS sensors of Dublin city. Based on the calculated frequency, the future
frequency of each query has been predicted using ensemble approach. The predicted
results have been tagged and classified as popular and unpopular data based on threshold
frequency. The experimental results are validated in terms of accuracy, recall, precision,
error rate, F-score. It yields 87.5% accuracy and successfully reduces the error rate to
11%. The highest measure of precision possible with the proposed model is 89% with
87% recall. The ROC value of 0.93 reveals the best capability of the proposed storage

prediction model.

Next, an intelligent energy aware approach has been proposed that optimally utilizes the
prediction results to place the predicted popular data in hot disks using replication. Hot
disks are the set of disks that remains active for most of the time. While, unpopular data
is allocated to the cold disks that usually remain in standby state. When the user inputs
the request, an intelligent disk scheduling technique has been applied for searching and
selecting the most available disk that would execute the request. The replication allows
the scheduler to select the disk that would execute the request with minimum energy
and time. The disk selection is based on the maximum remaining time to move to idle
state and minimum waiting time for the disk in active state. Likewise, the identified disk
would save maximum disk spins. The standby disk would not be given any request until
it can be satisfied by idle and active disk. The reduced energy and seek time has been
measured in real world environment using multimeter and clampmeter which shows 9.7%

decrease in the total execution time.

Finally, an entire intelligent energy-aware approach has also been categorically validated
in a cloud environment. The performance has been evaluated on OLTP (e.g., e-commerce)
applications benchmarked with financial and websearch input-output traces. Based on
the performed experiments, the optimized replica, best disk ratio for each application is
selected that consumes least energy and time to execute the request. The experimental

results are compared with the reference benchmarks and existing literature. The proposed

vi



approach outperforms the existing approach with the 6.8% improvement in accuracy
yielded by storage prediction model. Also, the 6% reduction in the energy consumption
is seen along with the 18.26% improvement in the total execution time using intelligent

energy aware approach.
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Chapter 1

Introduction

The growth and development of the information and communication technology industry
has led to a rapid rise in big data applications. The development of cloud data centers
serves as an appropriate platform for delivering services to these applications. The ap-
plications hosted in cloud data centers brings with them wvarious challenges like energy
efficiency, scalability, heterogeneity and storage etc. Also, the E-commerce applications
targeting real time transactions using SQL queries demands large quantity of servers
equipped with disks that consume high energy. So, among all the other challenges, storage

energy efficiency has become a major concern.

This chapter exhibits an overall glimpse of the thesis and covers all aspects of energy ef-
ficiency techniques for big data applications hosted in the cloud data centers. It explores
cloud platforms for big data applications that extends to cloud data centers. Subsequently,
the enerqy efficiency challenge and its impact on the environment have been highlighted.
Besides, various energy efficiency techniques for big data have been reviewed. Among all
the approaches, the storage energy-efficient techniques has been identified to be in infancy
that requires attention. Therefore, this chapter reviews some generalised techniques to
resolve storage enerqgy efficiency challenge. Finally, the chapter has been concluded with

appropriate discussions on thesis contribution and organization.



1.1 Big Data: An Overview

Big data refers to datasets with sizes beyond the capability of the traditional database
software tools that are used to capture, manage, store, and analyze information. The
term denotes voluminous data that is collected from sensors or online portals that gather
climate information, flight details, traffic updates from GPS signals, posts at social media
sites, digital pictures, videos with transaction records, etc. As shown in Figure 1.1, the
data is characterized by the 5 V’s, namely (volume, velocity, variety, and veracity and

value).

Velocity>

Veracity value

Figure 1.1: Characteristics of Big Data

Volume refers to the enormous datasets that keep on increasing in size starting from
gigabytes (23° byte) and reaching terabyte(2' byte), and petabyte (2°° byte) levels;
sometimes even crossing exabytes (2%° byte) and zettabytes (270 byte). This vast amount
of data is migrated with a high speed which is termed as the velocity of data. Variety
focuses on the complexity of the big data. Complex computing is required to extract

valuable information from a large dataset which is known as value. Veracity of the data



refers to the ambiguity and inconstancy that needs to be analysed using tools such as

Hadoop, BigTable, etc. [1].

1.1.1 Big Data Applications: Categories

Big data is involved in various fields such as health care [2], criminal justice, space sci-
ence, and other domains that provide powerful outcomes. These disciplines are termed
as big data applications. These applications can be broadly categorized into three fields,
i.e. commercial, scientific and network. The categorization has been done on the basis of
the sources that consist of remotely-controlled sensors and actuators. Besides, the classi-
fication of the applications depends upon whether the data is structured, semi structured
or steaming. They differ in the characteristics, processing needs, analytical tools and
technologies required to analyse them. The major categories of such applications have

been described below:
e Scientific Applications

Scientific applications include astrophysics, oceanology, bioinformatics and health-
care. These domains generate a massive amount of experimental, reference and
observational data from high resolution sensors. For instance, the healthcare data
is generated by scanning technologies such as Magnetic Resonance Imaging (MRI)
[3]. The data for astronomical applications is collected by various space agencies
such as National Aeronautics and Space Administration (NASA), Indian Space
Research Organisation (ISRO), European Space Agency (ESA), etc. This unstruc-
tured or semi-structured data is stored in NoSQL databases such as Cassandra or

MongoDB and processed using big data tools such as Hadoop or Spark.
e Commercial Applications

Commercial applications involve day-to-day commercial activities. These appli-
cations include E-commerce, precise farming and habitat monitoring. E-commerce

applications targets a specific class of systems, called Online Transaction Processing



(OLTP). The data is mostly structured in the format consisting of reports which are
stored in databases. Such applications exercises large file management, concurrency
and random writes/reads. For example, the banking sector generates transactional

data which are then stored using mysql, oracle or SQLite.
e Network Applications

In network applications, the web client programs such as Internet Explorer or Fire-
fox, are made to run on the client computer whereas the server runs a web server
program such as Apache or internet information Server. These applications involve
data regarding social media, traffic monitoring and crime management. These ap-
plications demand strong and secure network connections. The data is never in
a structured form and would require Flume, Kafka, Sqoop or Hive for reading,
writing and interacting [4]. For example, the data for military applications would
include the commands and control messages. Social media applications would be
in the form of e-mails, word processing, web browsing, etc. In case of smart city
applications, the data would comprise traffic patterns, routes to the cities, or traffic

information including speed and location, which is processed using graph algorithms
[1].

Traditional data processing techniques have failed to meet the high real-time demand
for big data applications specifically for high Input-Output (IO) applications such as e-
commerce that produce intense storage access [5]. Cloud platform helps in dealing with

the big data outbreak by providing high computing facilities[6].

1.1.2 Big Data Applications: Emerging Cloud Technology

It is a platform that offers the ability to pay only for those resources that are needed
[7]. Tt provides applications as service over internet which is termed as Software as
a Service(SaaS). When it acts as a platform for big data applications, it is termed as

Platform as a Service(PaaS). Services provided by cloud also include Infrastructure as a



Service(IaaS) which hosts all the applications giving rise to cloud data centers as shown

in Figure 1.2.
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Figure 1.2: Emerging cloud technology for big data applications

1.1.3 Big Data Applications: Cloud Data Centers

Data centers provide facilities for housing the computer systems(servers) and associated
components [8]. Such a physical environment also ensures power supplies with backup,
redundant communication cabling systems including air conditioning, fire suppression
and physical security devices for staff entrances. High computing servers in the data
centers help in providing infrastructure as a service for analysing big data. These servers
offer high computation capabilities by supporting the virtualization technology. Besides,
the servers provides big data with high performance computing and storage resources.
Instead of utilizing a local computer, one can directly make use of the distributed storage
technology of cloud. Cloud data centers includes Amazon, Microsoft and Google, which
provide various services that the user can avail in pay-as-you-go fashion [9]. Examples
of such services provided by Amazon includes Elastic Compute Cloud (EC2), Simple
Storage Service (S3) and Elastic Map Reduce (EMR.)

Table 1.1 furnishes a comparison of today’s data centers from 2013 to 2019. Different data
centers from all over the world are compared on the basis of their size, number of locations,
energy and servers [10]. Amazon data centers are constructed in 1.5 million square feet

and can thus can accommodate 1.4 million servers at a time. Amazon appears to be



Table 1.1:

Comparisons for data centers

Data Centers

Characteristics| Amazon DC Facebook Google Microsoft

No of Servers 1.4 million 80000 2.5 million 80000

Location 100 9 14 100

Data Size 554 exabyte PM | 7 petabytes gear | 507.5 Zettabytes | 120 exabyte PM
every month

Energy 5500 megawatt | 3.43  terawatt | 10.6  terawatt | 7.5 Dbillion kilowatt-
hours hour hours (kWh)

Dimensions  of | 1.5 million Sq | 15 million Sq |30 million Sq | 1.2 million square feet

Data Centers feet feet feet

expanding their data center at northern Virginia in 2020. According to the “Amazon
Atlas”, Amazon has eight centers in San Francisco, 38 in Northern Virginia, seven in
Oregon and eight in Seattle. In Europe, it has 7 fully operated data centers at Dublin,
Ireland, while four are located in Germany, and three are in Luxembourg. In the Asia-
Pacific region it owns 12 data centers in Japan, six in Singapore, nine in China, and eight

in Australia. It also occupies six sites in Brazil.

Google owns eight data center locations all over the world: four in Europe, one in South
America and two in Asia [11]. Newly constructed data center of Google in Oregon is
spread across 164,000-square foot building. Its energy consumption has been raised to

10.6 terawatt hours in 2018 from 2.86 terawatt hours in 2011 [12].

The Microsoft Cloud spans over 100 data centers around 54 regions and delivers service
in 140 countries. The company currently owns approximately 80000 severs to process
the data. Microsoft data centers covers around 6.3 million square feet of space and has
its largest data center in Chicago. According to 2018 Data Factsheet: Environmental
Indicators for Microsoft, the market-based emissions crosses 7.5 billion kilowatt-hours

(kWh) of renewable energy attributes.

Facebook owns 80,000 servers which are distributed in nine worldwide locations. Its dat-
acenters are operated in:Prineville, Oregon, North Carolina, Forest City, Lulea, Altoona,
Sweden, Iowa and ready to be operated in Fort Worth, Texas Clone, Ireland. Facebook

has also announced to expand its Eagle Mountain branch from 1 million square feet to 1.5



million square feet. In may 2018, it is the first company that has broken the ground on
the campus. Its electricity consumption has been raised over the last years and reached

to 3.43 terawatt hours in 2018.

The development of huge data centers lead to the various challenges that effects smooth
functioning for implementing big data applications in cloud data centers. Subsequent

section, enlightens some key research challenges centers.

1.1.4 Big Data Applications: Challenges to Cloud Data Cen-

ters

The servers embedded in data centers for processing big data applications cause several
challenges like such as scalability, energy efficiency, data integrity, data transformation,

data heterogeneity, data quality, privacy and legal issues-
e Scalability

Scalability is the capability of a system to increase the number of resources with the
growing amount of data [13]. It is a process of increasing the output of system with

an increased load. The techniques that improves the scalability of system includes-

(i) Virtualization: Virtualization is a process of sharing a resource in isolation,

which gives the illusion of increased number computer resources to the user.

(ii) Map-Reduce: Map reduce is used for performing scalable distributed opera-
tions on various applications by providing an interface for distributed and parallel

computing in a cluster.
e Heterogeneity

Heterogeneity refers to the data that is not fit for the analysis purpose. The reasons
for the heterogeneity is the growth in virtually unlimited sources of data. Hetero-

geneous data generated is either structured or unstructured. However, in the case



of unstructured data, prior to the processing of the data for analysis purpose, it is
stored in distributed databases, such as HBase. Once it meets the schema-on-read

constraints then only it is retrieved.
Storage and Processing Issues

While dealing with big data, the storage available is not enough for storing volu-
minous data. Hosting and uploading the terabytes of data is a time consuming
process due to rapid changing of data. This results in a chaos in a distributed
nature of a cloud. To handle this chaos various database systems such as big table,
dynamo, cassandra and mongo have been developed that can support various big

data applications.
Data Security

Data security provides the privacy of data [14]. It is one of the major issue which
is encountered while outsourcing the confidential data into the cloud storage. En-
cryption and cryptography are current techniques that ensures data privacy in the

cloud environment.
Energy Efficiency

Energy efficiency is measured with the total power consumed by computing systems
in data center [15]. High energy is consumed in data processing as well as in
transmission process. Therefore, power consumption has become a major concern
for the development and design of modern data centers. This major challenge can

be resolved using-

(i) More efficient data transmission and compression technologies can be used before
storing it, so that it takes less space which ultimately helps in achieving energy

efficient storage.

(ii) Data Caching mechanisms reduces energy and time consumption by decreasing

overhead caused by disk spins.



(iii) Multicore central processing units(CPUs) can be used with combination of
virtual machine consolidation to improve the energy efficiency within the data cen-
ters. Through this VMs can be allocated to a single physical node which results in

improved utilization of resources hence reduces energy consumption.

There are several other issues like interoperability, data transfer, data visualization,
data redundancy, which causes inconsistency in data. Data captured from many
sources cause interoperability issue which requires a conversion of data into a format
that is easier and uniform to be used by users. Another issue termed as data
redundancy refers to reputation of data which causes increase in the response time
and makes the data unreliable. Data representation issue is encountered at time
of representing heterogeneous data. These days data can be represented using
visualization tools such as graphs and charts. Data transfer issue causes delay in
time and analysis while copying a data from one storage device to memory, which

can be controlled by increasing replication among disks.

Among all the issues discussed till now, it is noticed that most of the big data ap-
plications deployed in data centers consume large amount of energy. This results in
high operational cost and large amount of carbon emission in environment. It even
causes Service Level Violation (SLA) violation and also degrades the performance of
applications running on the systems. So it has become essential to manage energy
efficiency in data centers [16]. The following section enlightens the energy efficiency

challenge in detail.

1.2 Energy Efficiency Challenges for Cloud Data Cen-
ters

Recent surveys reveals the continuous rise in the infrastructure, power consumption, cost

and carbon emission in the Google data center.



e Raised Infrastructure

The burgeoning data density has led to a significant rise in cloud computing users
and data centers providers. Hence, a continuous increase in the square feet has

been noticed reaching 30 million square feets in 2020.
e Raised Cost

The infrastructure consists of extra switches and servers that largely contribute to
the operational costs. The cost varies with the installations and is predicted to
increase in the coming years. Google LLC has announced to spend over $10 billion

this year for growing its network of data centers in the U.S [17]
e Increased Power Consumption

Big data is accomplished with heterogeneous workload from various sources. The
excessive load placed on the local utilities in the data centers requires high-end
servers and power-hungry disks that escalate the power consumption. Google’s
data centers currently use around 260 million watts of power which accounts to
0.01% of global energy consumption. Hence, there is a need to address the green

issues regarding big data computing and processing.
e Environmental Concerns

The voluminous load placed on the utilities present in the data centers increases
the heat dissipation and leads to environmental concerns [18]. Energy-related C'O,
emissions account for 60% of the global emissions of the gas [19]. Nevertheless,
conversion of fuel into electricity within the data center can slash 88% of the emis-
sions at a time [20]. 2015 is the year with maximum carbon emissions. Thus, the
rapidly increasing carbon emissions from servers and air conditioners needs to be

monitored and reduced through computational and thermal techniques.
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e Degradation in System Performance

Applying energy-aware optimization mechanisms could, at times, affect the overall
performance of a system. The performance degradation causes server throttling and
SLA constraints in terms of time and cost. The survey reveals that the Power Usage
Effectiveness (PUE) has dropped significantly which is an industry standard for
understanding and improving the energy efficiency of the data center infrastructure
systems. High PUE is required for a data center to be called as a green center.
Google data centers provides 1.12 as an average PUE value. The value has remained

constant since 2013, whereas it reaches to 1.09 in the year 2020 [21].

This increased negative impact of the energy efficiency challenge has convinced the experts
to focus their attention on the necessary energy efficient techniques. The following section
covers taxonomy of all the techniques employed till date to gain energy efficiency in cloud

data centers.

1.2.1 Energy-Efficiency Techniques

Based on energy consumption analysis, the energy-aware approaches have been reviewed
for maximising a data center’s efficiency. As shown in Figure 1.3, the energy efficient
techniques can be divided into infrastructure, storage, networking, scheduling and ana-
lytical techniques. These approach are further categorized as Static Power Management
(SPM) and Dynamic Power Management (DPM) [22]. In SPM, optimization methods
are applied at the time of design and cannot be modified later. However, in DPM, the
optimization methods and strategies are applied at run time depending on the state of

the system.
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Figure 1.3: Taxonomy of energy efficiency techniques for data centers




e Infrastructure Techniques

Infrastructure techniques are used to minimise the energy consumed in the data
centers by constructing Green Data Centers (GDC). GDC consists of flooring with
perforated tiles and a raised floor plenum for cool air intake. Infrastructure tech-
niques also include the setting up of multicore servers encompassing the Graphics
Processing Unit-Central Processing Unit (GPU-CPU) architecture and Dynamic

Smart Cooling (DSC) system for saving energy in data centers.
e Storage Techniques

Storage subsystem is the second largest energy consumer. The storage energy con-
sumption can be further reduced using dynamic techniques such as storage consol-
idation, Redundant Array of Independent Disks (RAID), write offloading, caching
policy, Storage Area Network (SAN) and Network Attached Storage (NAS)

e Analytical Techniques

Energy efficiency through analytical techniques can be achieved with clusters of
nodes, which can be either homogeneous or heterogeneous [23]. Each of these
classes is further categorized into mapreduce based and Hadoop Distributed File

System (HDFS)based technique.
e Networking Techniques

Networking is considered an important technique that can improve energy efficiency
in the data center [24]. These techniques deal with numerous servers which are
connected through switches and routers. Static networking describes the categories
of the data center based on electronic Data Center Network (DCN), full optical

DCNs and hybrid electro-optical DCNs
e Scheduling Techniques

Scheduling techniques include thermal-aware, bio-inspired, voltage-aware and consolidation-

13



based methods. Scheduling techniques can be used with any of the above-mentioned

techniques [25].
e Hybrid Techniques

Standalone techniques do not provide the benefits that can be gained by combining
various energy-efficient approaches, which are termed as hybrid techniques. Such
hybrid techniques are quite effective as they provide a trade-off among energy, cost

and performance.

Although these techniques help in increasing the overall energy efficiency of the system,
however, they bear various limitations. Energy efficient storage technique suffers from
several issues such as disk overhead, data replication, operational cost, and load bal-
ancing. Also, the storage subcomponent like disks consumes about 26 % of the overall
energy[26]. Therefore, the storage techniques is still seen to be in infancy specifically for
big data applications that requires analysis to understand which queries are being fired
frequently such that the disk management can be performed to reduce the storage energy
consumption. Hence there is a need to addresses this challenge by employing energy-
efficient prediction, placement, and scheduling techniques as described in the following

subsection.

1.2.2 Storage Energy Efficiency Techniques

The storage energy efficiency can be achieved through energy efficient data prediction
which followed by data placement techniques. Further, an intelligent disk scheduling can
be applied which includes various threshold techniques to reduce overall storage energy

consumption ( Refer Figure 1.4 ).
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Figure 1.4: Generalised solution for storage energy efficiency challenge

e Data prediction

Data prediction evolves predicting the data frequency that would help in identify-
ing data usage patterns. The predicted results can be utilized in data placement

approaches using spacial and temporal locality.
e Data Placement

Energy efficient data placement evolves placing the most used predicted data in the
hot disk and the remaining in the cold disk. Such placement can reduce the high

spins and hence elongates the standby state of the disk.
e Disk scheduling

Finally, energy-efficient disk scheduling is adopted where the most energy-efficient
disk is searched and selected based on various threshold conditions applied on disk

idle and waiting time.

This section briefed about the generalized solution for energy-efficient storage techniques

that can be implemented together in cloud data centers. It motivates us to conduct the
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research. The following section discusses the research motivation for this thesis.

1.3 Research Motivation

Energy has become a critical resource in modern computing systems, which presents
challenges to the traditional storage systems [27]. The energy consumed by the storage
sub-system surpasses all other sub-components present in the server. The disks in high-
end servers are responsible for the high power consumption [28]. Hence, the disk’s power
consumption needs to be decreased by using data prediction approaches [29] specifically
for transactional oriented E-commerce applications which is the core of many data cen-
ters. Although, there are many impendence to research in energy-aware disk storage
algorithms. But the previous research does not cover all aspects such as data prediction
[30], data placement including replica management [31], monitoring of minute disk states,

disk idle and waiting timings, etc in the cloud environment [32].

Data prediction helps in an efficient data placement among the disks to power it down for
the longer duration. Prediction also helps in identifying which data objects need to be
replicated [33]. Therefore, an integration of data prediction with placement along with
the disk scheduling provides an optimal solution to reduce energy and time consumption.
Moreover, to the best of our knowledge, very few researchers in the field of storage have
implemented disk storage management in the real time environment as well as in a cloud

environment [34].

Therefore, the main motive of the current research work is to reduce storage energy con-
sumption and enhance performance by minimizing the execution time for the cloud data

centers. The following section describes the pertinent contributions of the thesis.
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1.4 Thesis Contributions

The pertinent contributions of the thesis are mentioned below:

e Various characteristics and challenges of big data applications in cloud data centers
have been explored. Subsequently, the relationship between big data and cloud
computing has been studied. The existing energy efficiency challenges pertaining

to big data storage in cloud data centers have been recognized.

e Several existing storage prediction models and energy-efficient storage techniques

for analyzing big data storage have been explored and analyzed.

e The data frequency based storage prediction model has been proposed using clas-
sified ensemble approach for identifying data usage patterns that predict data fre-
quency . It further tags the predicted popular and unpopular data based on thresh-
old. The experimental results are validated in terms of accuracy, recall, precision,

error rate, F-score

e An intelligent energy-aware approach has been framed that takes predicted popular
and unpopular requests as an input to distribute them in hot and cold disks respec-
tively using data replication. It further schedules the request to the best-identified

disk that can save maximum disk spins and consume the least energy and time.

e Finally, the proposed intelligent energy efficient framework is validated in real world
environment using data obtained from the SCATS sensors of Dublin city, taken as a
commercial application. The proposed approach is further simulated in cloud envi-
ronment on OLTP applications benchmarked with financial and websearch traces.
Besides, the best replica and disk ratio for each application has been recognised

based on execution time, energy savings.
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1.5 Thesis Oraganisation

The introduction to this thesis is presented in Chapter 1 and the rest is structured as

follows:
Chapter 2 Literature Survey:

Chapter 2 presents a detailed literature on big data and its challenges. It focuses on
energy efficiency challenge within the cloud data centers. After exploring the existing en-
ergy efficient approaches, it displays research issues specifically in energy efficient storage
techniques. It is followed by the deep survey of the solutions to storage energy efficiency
techniques such as data prediction, placement and disk scheduling. It surveys the existing
prediction approaches to predict data usage. Besides, the existing energy-efficient data
placement techniques are reviewed. Additionally, an extensive survey of the existing disk
scheduling that includes various threshold techniques are well explored. The chapter also
presents the platforms and tools used by various researchers to bring energy efficiency
within the data centers. Based on the gaps prevailing in the existing literature, the
problem formulation and objectives of this thesis are sketched. This chapter is derived

from:

e Sumedha Arora, and Anju Bala, ” A survey: ICT enabled energy efficiency tech-
niques for big data applications.” Cluster Computing, 23:775-796, 2019. [SCI In-

dexed, Impact Factor-3.458]
Chapter 3 Data Frequency Based Storage Prediction Model

Chapter 3 describes the proposed storage prediction model that uses a classified ensembled
approach for predicting the data frequency of each query fired on the real data streams
obtained from the SCATS sensor of a city. The methodology includes the trace generation
procedure. The key characteristics of trace and the strategies used in preprocessing are

well detailed. Further, the mathematical aspect of machine learning prediction models
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and proposed ensembled models are well highlighted. Next, the threshold criteria to
segregate the predicted popular and unpopular queries are lighted. It is followed by an
overview of the evaluation metrics that measure the performance of the proposed model.
The performance of the proposed approach is validated based on the accuracy, error rates,
precision, recall, F-score, ROC. The results clearly states the superiority of the proposed
approached by improving the overall accuracy by 6% with an error reduction up to 11%.
Further, the predicted result is used in an intelligent energy aware approach as described

in the following chapter. This chapter is partially derived from:

e Sumedha Arora, and Anju Bala, "An Ensembled Data Frequency Prediction
Based Framework For Fast Processing Using Hybrid Cache Optimization.” Jour-
nal of Ambient Intelligence and Humanized Computing. [SCI Indexed, Impact

Factor-4.594|[Status-Accepted).

Chapter 4 An Intelligent Energy Aware Approach Using Storage Prediction
Model:

Chapter 4 details an intelligent energy aware approach that distributes the predicted
popular data in the hot disk with the replication. The remaining data is stored in the
cold disk. It states the mathematical function for the data placement approach. When
the user inputs the request, an intelligent scheduling technique is applied for searching
and selecting the most available disk that can execute the request. The replication
allows the scheduler to select the disk that would execute the request with minimum
energy and time. The disk selection is based on the maximum remaining idle time
and minimum waiting time for the disk in active and idle state respectively. Likewise,
the identified disk would save maximum disk spins. The standby disk would not be
given any request until it can be satisfied by idle and active disk. It also unveils the
mathematical formulation for measuring the reduced energy consumption by the disks.
The proposed framework is validated against data placement approach, disk idle time

monitoring, energy consumption, and execution time in the actual real world environment
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using clampmeter and multimeter. Energy and response time has been measured with

respect to query size, replication number, disk ratio, etc.

It would save the spinning power by letting the disk to stay in an idle mode whenever
it has a request in the near future, elongates the standby duration of the disk. Hence,
87.5% accuracy in data frequency prediction leads to 9.7% decrease in the total execution

time.
This chapter acquired the content from:

e Sumedha Arora, and Anju Bala, "PAP: power aware prediction based frame-
work to reduce disk energy consumption.” Cluster Computing, 1-18, 2020. [SCI

Indexed, Impact Factor-3.45][Status-Accepted]

Chapter 5 An Intelligent Energy Aware Approach for Cloud Data Centers:
A Case Study on OLTP Applications:

An intelligent energy aware approach has been categorically validated on OLTP (e.g.,
e-commerce) applications benchmarked with financial and websearch 1/0 trace, in cloud
environment. Among all the features,the ASU is selected whose frequency has been
calculated, predicted and tagged the popular and unpopular files using storage prediction
model. The popular predicted data is prefetched into the hot disk with the replication to
reduce the disk spins. Subsequently, scheduling is performed for all the incoming requests.
It selects the best disk to execute the request such that it selects either idle or active disk
without spinning standby disk. The selection procedure considers minimum waiting time
for active disk and maximum remaining idle time for idle. The proposed system has been
implemented by adding disk management in the cloud environment using CloudDiskSim.
The experimental section in this chapter is segregated into two parts. The first part
presents the prediction results by storage prediction model in terms of accuracy, errors,
ROC, F-measure. It is followed by energy consumption and execution time results by

intelligent energy aware approach that proves the efficacy of our work. The content of
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this chapter is derived from:

e Sumedha Arora, and Anju Bala, ”Energy-Aware Disk Storage System for Cloud
Data Centers” International Conference on Innovations in Information and Com-

munication Technologies (ICI2CT 2020) [Status-Accepted].

e Sumedha Arora, and Anju Bala, ” An Intelligent Energy Efficient Storage System
for Cloud Based Big Data Applications.” simulation modelling practice and theory

journal elsevier.[SCI Indexed, Impact Factor-3.58 |[Status-Communicated].
Chapter 6 Conclusion and Future Directions:

This chapter summarizes the conclusions drawn from the thesis along with the possible

future directions.

21



Chapter 2

Literature Survey

Big data applications hosted in cloud data centers exhibits various challenges such as
privacy, storage interpretability, energy efficiency, heterogeneity, visualization, and scal-
ability etc. Among them, the enerqgy efficiency challenge has been recognized as the prime
concern. Several existing energy efficiency techniques can be categories as infrastructure,
storage, analytical, networking, scheduling, and hybrid. An impendence to research in

energy-aware storage techniques are recognised which needs to be resolved.

Storage techniques presents several open issues like disk overhead, replication and disk high
power consumption that demand efforts for achieving the full potential of the technology.
These operational issues can be removed by following the predictable data trends that
can be used in data placement to schedule the request to the disk which would consume

minimum energy.

This chapter explores big data challenges and investigates the taxonomy on energy ef-
ficiency techniques. It recognises the operational issues for storage energy efficiency
techniques. So, to improve the storage energy efficiency techniques, various prevailing
energy-efficient data prediction, data placement, and disk scheduling techniques are re-
viewed. This chapter also reveals various tools and platforms used by various authors to
implement storage energy-efficient techniques. Further, the limitations pointed out in the
existing research help us to bridge the research gaps. Based on these gaps, the problem

formulation and objectives of this thesis are outlined.
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2.1 Cloud Data Center: Big Data Challenges

Technological advancements have led to an exponential growth in big data. The Authors
in the field have worked on the topics ranging from the energy effect on hosting big
data applications to processing it in data centers. Fahim et al. [4] investigated the
whole life cycle of the big data system including data acquisition, cleansing, wrangling,
transformation, loading, storage and processing. Jinsong et al. [35] described analytical
tools for the processing of big data applications. Various authors have explored big data
processing and its challenges. After acquisition, the data is transferred to cloud data
centers [36]. Hence, there is a need to identify the most energy-efficient path for the
application to reach the cloud data centers. Baker et al. [37] provided an energy-efficient
routing solution along with the meta-director framework that shows the shortest path
to the cloud data centers. The data is then processed within the centers that exhibits
various challenges like scalability, data integrity, data transformation, data quality, data
heterogeneity, energy efficiency, legal issues and privacy that effects smooth functioning
for implementing big data applications. Authors in [13] has explored virtualization and
mapreduce to address the scalability issue. Moghram [38] introduced check point method
which increases level of fault tolerance in the system. Authors in [39] exposed various
database systems such as big table, dynamo, cassandra and mongo DB to efficiently store
the data in cloud data centers. Large amount of work has also covers the data security
challenge by highlighting encryption and decrytion by various authors [14]. Several efforts
have been done to reduce energy efficiency using more efficient data transmission and

compression technologies [40].

Table 2.1 discusses these challenges where the cross symbol depicts the issues that are yet
unresolved and check symbols indicate that some work has already been done regarding
the particular problem. Energy efficiency is seen as a major challenge that requires
to be solved in applications including health care, crime analysis, weather forecasting,

precision agriculture, bioinformatics and E-commerce . It is also noticed that among all
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the applications, an E-commerce applications like OLTP evolves real-time transaction
oriented applications which produce intense random storage accesses resulting in high
disk spins. This results in high operational cost and large amount of carbon emission in
environment, this even causes in violation of SLA constrains and sometimes degrades the
performance of application running on the systems. Therefore, it has become essential to
save energy for E commerce applications using energy efficiency techniques. To address
this problem plethora of energy efficient techniques can be used such as energy efficient

infrastructures, DCN, energy efficient storage. Following section surveys various existing

energy efficiency techniques.

Table 2.1: Challenges of big data applications

Applications Challenges
Privacy | Storage | Interpretability | Data Energy Heterogeneity| Visualisation| Scalability | Fault
Transfer | efficiency Toler-
ance
Health care [41] | v/ v X v X X v v X
Crime Analysis | v/ v X X X X X X v
Military [42] X X X X v X X X v
Environmental X X X X v X X X X
Monitoring
Habitat  Moni- | x X X X v X X X X
toring
Social Media | x v X X v X X X X
43
Weather [44] X v X X X X v X X
Astronomy [45] | x v X X v v v X X
Precise agricul- | v/ v X X X X v X X
ture [46]
Bioinformatics X v v v X X X X X
47
e commerce [48] | v/ v v v X X X v X

2.2 Energy Efficiency Techniques

Several Authors have worked on various energy efficiency techniques like infrastructure,
storage, networking, and scheduling. Ricardo et al. [49] used power models in a linear
combination for multiple applications hosted on the same server to lower the power con-
sumed by the servers present in the data centers. However, the applications hosted in
the data centers were assumed to be in a stable state, which is not possible in the real

world.
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Table 2.2: Existing energy efficiency techniques

Authors Type Static Techniques | Methods Limitations
Dynamic
Chao  Li | Infrastructure | Static Multicore solar power har- | Cost overhead, Per-
[50] vesting with | formance  depends
multicore archi- | on load adaptation.
tecture, DVFS
Huigui [22] | Infrastructure | Static Flooring, DVEFS, Server | tradeoff between
thermal consolidation, cost and energy
aware improved flooring
servers design
Chao  Li | Infrastructure | Static Location Solar-Grid as a | Dependence on re-
[50] power source newable resources
Ali  Ham- | Infrastructure | Static Cooling Sys- | Dynamic  smart | Cooling cost in-
madi [51] tem, layout | cooling, Virtuali- | creases drastically
of racks sation, DVFS
Qingbo Storage Dynamic Cache man- | Write back with | Require reduction in
zhu [52] agement eager  updated, | response time .
power aware
storage cache
algorithm, off-

line power aware

greedy algorithm.

to be cont’d on next page
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Table 2.2: Existing energy efficiency techniques

Authors Type Static Techniques | Methods Limitations
Dynamic
Saiqin [53] | storage Dynamic Storage Replication man- | Performance varies
agement, cluster | with different work-
reconfiguration loads.
Akshat Storage Dynamic Storage con- | Storage consoli- | Required Per-
Verma [54] solidation dation, caching | formance needs
system, write | improvement
offloading
Chao  Li | Storage Satic Dy- | Energy Stor- | ESD devices with | Requires  workload
[50] namic age Devices | under  different | awareness
(ESD) powers where
Farhad Analytical Dynamic Energy Virtualization, Unable to support
Mehdipour efficient DVFS, clustering | an instant execution.
[55] map reduce,
HDFS
Shadi Analytical Dynamic Energy Effi- | Clustering re- | No improvement in
Ibrahim cient Mapre- | configuration, energy consumption
[56] duce DVFS, VM | of Hadoop cluster.
Consolidation
Donato Scheduling Dynamic Bioinspired | VM  migration, | VM migrations
Barbagallo Ant Colony | causes network
[57] Optimization Traffic

to be cont’d on next page
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Table 2.2: Existing energy efficiency techniques

Authors Type Static Techniques | Methods Limitations
Dynamic
Tadashi scheduling Dynamic Bioinspired | AntNet, Vir- | No support for Dy-
Nakano tual machine | namic workload.
[58] migration , repli-
cation algorithm
mechanism
Ashok Scheduling Dynamic Multicore Multicore, DVFS | Workload varies
Gautham Parallelism
[59]
Lorenzon Scheduling Dynamic Multicore Embedded , | Heterogeneous
[60] Parallelism | general purpose | architectures are re-
multicore pro- | quired for more data
cessors (GPPs), | flow applications.
Threadlevel
parallelism
Zhang et | Scheduling Dynamic Consolidation| Virtual Machine | Required work-
al. [61] consolidation load prediction
and performance
improvement

to be cont’d on next page
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Table 2.2: Existing energy efficiency techniques

Authors Type Static Techniques | Methods Limitations
Dynamic
Liao et al. | Scheduling Dynamic consolidation | VM migration Ignores power con-
[62] sumption by the net-
work, /O devices,
and GPU
Eugen Scheduling Dynamic voltage DVFS Need to evaluate
Feller [63] multi job workload
Fbio D. | Scheduling Dynamic voltage DVFS, PM | Least complex algo-
Rossi [64] deallocation rithms are required.
algorithm
Christoforos| Hybrid Dynamic Storage and | Scratchpad mem- | No  support  for
Kachris multicore ory architecture, | larger files
[65] hashing scheme,
map reduce
Pedro H.P. | Hybrid Dynamic Storage and | DVFS for | tradeoff between
Castro [66] Consolida- RAM,VM performance energy
tion migration, and SLA
CREW(IQRMMT
CREW(LRMMT)
Anton Hybrid Dynamic Consolidation| VM consolida- | Workload needs to
Beloglazov and Voltage | tion, DVFS be managed well
[67]
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Baker [68], in their work, developed the E2C2 algorithm that searches the least possible
number of services to fulfill the user requirements. Yoon et al. [69] discussed the adaptive
datacenter activation model that consolidates the adaptive activation and deactivation of
servers, switches, and hosts for enhancing energy efficiency. Research on energy efficiency
is not limited to the servers, but also covers the other parts of the data centers that con-
sume high energy. First of all there is a need to construct energy efficient data center that
requires infrastructure techniques. Wei Wu et al. [70] built a framework by integrating
Building Information Modeling (BIM) with Wireless Sensor Networks (WSN). The wire-
less sensor monitored the thermal performance parameters in accordance with the load
distribution on the servers [71]. The main focus of this study was on thermal manage-
ment within the data centers for saving energy. H.S. Sun et al. [72] focused on optimizing
space utilization, lighting, zoning control of Heating, Ventilation, and Air Conditioning
(HVAC) and room temperature. Their work is limited to data center infrastructure, and
they ignored all other factors such as storage and networking that can also be used to

save energy.

In addition to infrastructure techniques, it has become essential to store the data using
energy efficient storage techniques. Guerra [73] advocated different storage techniques
including (consolidation, tiering/migration, compression and write off-loading) which are
used in various big data applications. Further, various scheduling techniques are exposed
to reduce more energy consumption through different dynamic techniques. Gautham [59]
et al. used various scheduling techniques in multicore system to make energy efficient
data centers but could not guarantee about high performance and cost of the system.
These standalone techniques do not provide the benefits that can be gained by combin-
ing some energy efficient approaches. Therefore hybrid energy efficiency technique were
brought into consideration to manage tradeoff among energy, cost and performance [74].

Christoforos et al. [65] used scratchpad memory architecture with hashing scheme to re-
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Table 2.3: Operational issues for energy efficient techniques

Type Issues Solutions Tools/Simulator
Scheduling Poor utilization of re- | To reduce workload limita- | Starfish’s Elastisizer,
sources tion All-in-Strategy(AIS)
Storage Data replication, op- | To accelerate domain —spe- | LINQits
erational cost, and | cific query language
load balancing
Storage Disc overhead To overcome disc 1/O limi- | Spark, DiscSim
tation and to improve per-
formance of the system, To
have scalability,To perform
in-memory computation
Network /Storage Traffic, Load balanc- | To minimize communica- | Hadoop
ing tion overhead
Networking performance To reduce data movement | IBM’s Netezza
Scheduling/Stoarge | Performance degrada- | To improve the performance | DyScale,
tion GPU, CoudSim

duce energy consumption. It could accelerate mapreduce applications by using indexing
feature with key /value pairs but it could not support larger files. This proves that apply-
ing energy efficiency techniques in cloud computing environment also suffer from certain
research challenges, which can be resolved using tools and techniques[75]. From above
Table 2.2, its clear that, although techniques help in gaining over all energy efficiency of
the system but at the same time many authors have also suffered by various limitations

and challenges as described below.

2.2.1 Energy Efficiency Techniques: Research Challenges

Implementing energy efficiency techniques in cloud environment involves various tenacious
issues. Most of the issues are common to all the energy efficiency techniques, whereas

some are unique and exist only for a particular type of energy efficiency technique.

e For instance, disk overhead is encountered during data storage. The storage tech-
niques also suffer from several other issues such as data replication, operational
cost, and load balancing. Saiqin Long et al. [53] addressed these three concerns

by designing a Three-Phase Energy-Saving Strategy (TPES) involving the dynamic
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replica management algorithm, clusters reconfiguration, and dynamic switching.

e Few techniques [53, 61, 66]lacked the performance factor and are unable to keep up

with the real-world workloads.

e Poor utilization of resources is sometimes caused by various energy efficiency schedul-

ing algorithms which affect the overall performance of the system.

e Heavy data traffic is seen while using the energy efficiency networking techniques.
These generalized problems related to each category, along with the solutions to

deal with them, have been depicted in Table 2.3.

e Energy efficient approach given in [5] did not result in significant performance im-

provement under OLTP workload.

Practitioners and policy analysts have tended to ignore the implications of these method-
ological problems but it requires attention of researchers to apply them effectively. De-
scription of issues related to each category of energy efficiency techniques along with the
solutions to deal with them have been depicted in Table 2.3. It states the maximum is-
sues for storage techniques as storage system in the data centers are dominated by power
hunger disks that consumes high latency and energy consumption due random access
pattern of applications, specifically for E-commerce e.g. OLTP applications. Therefore,
storage energy efficiency in cloud data centers is still in its infancy which can be improved.
These storage issues can be removed following the predictable trends for these workloads.
Based on the predicted behaviour, the data placement can be performed followed by the

disk scheduling that can lead to the energy efficiency [76].

Following section explains the work related to storage energy efficiency techniques in

detail.
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Figure 2.1: Systematic View of storage energy efficiency challenge and solution

2.3 Storage Energy Efficiency Techniques

As shown in Figure 2.1, authors in the field have worked on the energy effect on big data
using various energy-efficiency techniques. But various aspects in storage energy efficiency
technique like disk overhead, performance degradation, data replication, and disk power
consumption still needs to be worked upon. The storage energy efficiency techniques can
be improved using data prediction, placement, and disk scheduling techniques altogether.

An existing literature on these techniques is stated below-

2.3.1 Data Prediction Approaches

Various techniques such as Neural Networks (NN), clustering models, Support Vector Ma-
chines (SVM), decomposition models, Autoregressive Integrated Moving Average tech-
niques(ARIMA) models, gray prediction and regression models have been used in a lit-

erature for the prediction purpose.
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Table 2.4: Existing prediction techniques on various workload traces

Authors Workload characteris- | Tools Techniques Target
tics Variables
Axel Busch et.al | File size, read write max, | BLKTRACE | Access pattern | Response
[77] workload intensity, avg re- recognition times
quest size access pattern
Jachyung Kim et.al | I/O type, 1/O size, I/O | Libaio ANN I[/O satu-
[78] access Patterns, No of ration
Threads, read /Write
Ratios
Salvatore Capra | Job arrival rate, Task dura- | Faban Heuristic Unique job
[79] tion, Task per job, running launches,
task task dura-
tion, and
tasks per
job
Hui Kang [80] Data per inst, core ID, | DinerolV, NA NA
ADDR, size, load per store, | QEMU
VM ID
Tomislav et al [81] | Access type, data’s virtual | Gleipnir NA NA

address, access size, thread

id and scope

to be cont’d on next page
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Table 2.4: Existing prediction techniques applied on various workload traces

Authors Workload characteris- | Tools Techniques Target
tics Variables
Igbal et al [82] Response  time,document | real ~ world | Non-Negative Uniform
size traces Least Square | Resource
(NNLS), Or- | Identifier
dinary least
squares (OLS)
Matthieu  Dorier | Offset, size C++ Omnisc’IO Size of
[83] using formal | data
grammars
Noorshams  et.al | Request type, Access pat- | DRILL Sequitur, Gram- | Cache
[84] tern, Request size, Number mar block size
of threads, File set size
Sohail Sarwar [85] | Data  part,  frequency- | Matlab7 ML using ANN | Frequency
counter and a flag and CBR count
James Oly [86] HYDRO Trace contains | Pablo Markov model Block size
satellite ~mounted radar
data
A. Galicia [30] 144 attributes of total elec- | spark Ensemble Model | Data  on
trical energy consumption days

in Spain

Various equations has been used for predicting measures that can reduce energy consump-

tion of storage sub component. A general approach to predict data is shown in Figure 2.2.

Feature extraction phase identifies the most important features that would be used for
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building accurate model [87]. Finally, the identified model is used for predicting measures
that can upbring energy efficiency within the data centers. The constructed model would
be validated using accuracy, Root Mean Square Error (RMSE), precision etc. In this
work we have been relied upon data frequency prediction so as to estimate frequently
used data that can be placed in hot disks. Related work regarding data prediction is

described below.

Validation

Model Prediction

Figure 2.2: Prediction modeling and process

Trace generation is the first step towards the data prediction. Few authors have worked
on synthetic traces [77],[78],[88], while others [79] have utilized Faban as a synthetic
workload generator. Among all the trace characteristics presented in Table 2.4, a target
variable is selected to be predicted using various tools and models. Dorier et al. [83]
used ’OmnisclO’ approach for building a grammar-based model to predict the I/O data
for various applications. Their research has also provided the when and where of future
data operations. Moreover, the amount of data to be accessed has also been predicted.
OmnisclO failed to discover repetitive structures in the I/O data pattern for applications.
Besides, the method is sensitive to data-dependable branches in the code. Noorshams
et al. [84] created an I/O queueing model which is parameterized by the service time
and request size of the file. The authors also planned to extend their model for mixed

workloads. Sarwar et al. [85] came up with more accurate results by applying hybrid
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approaches using Artificial Neural Network (ANN) and Case-Based Reasoning (CBR).
Moreover, oly et al. [86] utilized the markov technique for predicting data requests on sci-
entific applications. They could achieve 90% accuracy for a single step, but attained only
40% accuracy for predicting 25 steps. Chilimbi et al. [89] computed and abstracted the
hot data streams using the concept of data reference representation. The author also used
a compression technique named sequitur, which could produce a series of representation

with increasing compactness.

Vast explanation of traces used and prediction techniques applied on target variables by
various authors has been detailed in Table 2.4. It could be inferred that only Sarwar [85]
utilized machine learning approach on the frequency of data; however they did not use
their technique for improving energy efficiency. To remove this discrepancy, we have made
efforts to applied data placement techniques to distribute the predicted data according
to its usage which can result in high energy efficiency. The work related to the data

placement approaches techniques is explored in the following subsection.

2.3.2 Data Placement Approaches

An efficient data placement approach is an essential requirement for energy efficient data
centers. The predicted data can be used for placement that results in concentrating
the popular request within few disks. Many authors have worked on this concept but
very few of them have discussed data placement techniques with respect to the energy
efficiency. Wildani et al. [90] proposed a various methods for grouping a data using the
predictive value to make layout decisions on the disk. However, the authors did not focus
on reducing the energy consumption. To eliminate this discrepancy, Meng et al. [91]
developed a Power-Aware Multi-Level (PAM) cache policy using Solid State Drive (SSD)
that could extend the standby duration of the data disks and result in energy savings.
Further to reduce the execution time, Xiaoyu Yao et al. [92] proposed a Redundancy-

based Cache Architecture called (RIMAC). The proposed architecture helps in reducing
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the time taken to execute the requests by replicating the data on active disks or direct I/O
caches. However, this concept increases the data migration. This limitation was removed
by Farhad Medipour [55] by using IBM’s Netezza, which successfully reduces the data
movement by means of innovative hardware acceleration. A. Verma et al. [54] proposed
Sample-Replicate Consolidate Mapping (SRCMap), a technique which consolidates the
cumulative workload on a subset of physical volumes in a manner that facilitates energy
proportionality for dynamic I/O workloads. Yuan et al.[93] suggested a Multi-Level
Caching Strategy (MCS-SSD) to reduce energy consumption by clustering the correlated
files that can be placed on the data disk and cache disk SSD via temporal and spatial
locality. Islam Atta [48] et al. grouped similar transactions of OLTP application into
teams to improve the data locality. Authors here did not reduce energy using data locality.
To further improve the energy consumption along with the performance, Xie et al.[94]
presented a hybrid disk storage called Performance, Energy, and Reliability balanced
(PEARL) that distributes the data dynamically between hard disks and flash disks by
adapting the changes in the data access patterns. The proposed architecture could reduce
energy consumption. The authors in the work did not consider the scheduling of the
request which is the most important phase that contributes in energy savings. The
works on storage energy efficient disk scheduling using various thresholds techniques are

explained in the following section.

2.3.3 Disk Scheduling Approaches

Disk scheduling evolves various threshold approaches that can be applied on disk idle time
and waiting time. Various researchers have attempted to reduce the energy consumption
using disk idle time productivity. Jerry et al.[32] designed a power management scheme
that spins the disk down on experiencing a fixed idleness threshold. To refine this work
further, Xiaodong et al. [95] proposed an optimized threshold-free algorithm that minds
the state of the disk to save the spinning energy. Nevertheless, incorporating and detecting

the predictable phases were left for future work. Golding [96] recommended various
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schemes to use the idle time productively and reduced the energy consumption.

The threshold techniques are also employed during the request execution. Chou et al.[32]
has investigated energy-aware scheduling algorithms such as offline scheduling, batch
scheduling using the weighted set cover, and online scheduling for accessing the requests
on the disk in the storage systems. Li et al. [97] developed an Energy-Efficient RAID
system architecture (EERAID) to conserves energy. EERAID 1 worked on Windows
Round-Robin (WRR) and Power and Redundancy-Aware Flush (PRF) scheduling policy,
they did not used energy efficient data placement. Xie [34] integrated energy-efficient
placement with scheduling approaches by developing Striping Based Energy Aware (SEA)
approach that could improve the energy efficiency. Further, the execution time should
also be considered along with the energy efficiency which can be reduced using data
replication. Boru [31] proposed a replication solution to optimize trade off between energy
and time. Zhang [98] et al. also designed a power-aware data replication strategy by
leveraging data access behavior, but the authors did not implement their technique in a
cloud environment. To remove such discrepancy, recently, a few studies have focused on
the energy efficiency of high end storage system in cloud environment. Sturm et al. [99]
proposed a storage extension for CloudSim that enables the simulations of Storage as
Service (STaaS)-components. But their work is pattern dependent that make simulation
less realistic and also lacked allocation policies used in storage. Long et al. [100] added the
file replica management function by extending the cloud simulation platform. Although
the proposed model improved system performance, but it could not save energy and the

cost.
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Table 2.5: Existing energy efficient prediction placement, scheduling techniques for stor-
age energy efficiency challenge

Authors Domain Strategy Advantages Disadvantages
Wildani Prediction N- Authors predicted future | Authors did not work on
et.al [90] and place- | Neighborhood | access probabilities and | reducing disk power con-
ment Partition- grouped similar kind of | sumption.
ing(NNP) data.
Meng et.al. | Data PAM policy The applied technique could | Prediction  approaches
[91] placement extend the standby period | need to employed.
of the data disks.
Xiaodong | Energy Performance Algorithm is self-tuned and | Detecting predictable
et al.[95] efficient Directed Static | dynamically adjusts thresh- | phases is left as future
threshold (PS) algo. olds. work.
tech
Jerry et | Energy weighted There is no interference | Machine learning ap-
al.[32] aware disk | set-cover with the existing data place- | proaches = were  not
scheduling algorithm. ment or power management | employed to predict disk
approach policies. idle time.
Yuan et | Energy MCS-SSD Energy-saving approach is | Data placement is done
al.[93] eff place- applicable for astronomical | through priority queue
ment and observations and uses both | which could be improved
scheduling cache disks and data disks. | through request arrival
prediction.
SkyprvazquezEnergy ef- | MPC MPC covered prediction | Work is more hardware
et al. [101] | ficient pre- model along with the cost | oriented.
diction function.

to be cont’d on next page
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Table 2.5: Existing energy efficient prediction, placement and scheduling techniques for
storage energy efficiency challenge

Authors Domain Strategy Advantages Disadvantages
Paul et.al | Energy ef- | Deep learning | Outlier in idleness patterns | Predicting disk idleness
[102] ficient pre- are discarded. is NP hard problem.
diction
Galicia prediction Ensembled It is the most accurate | Authors did not apply
et.al [30] approach learning model that achieved only | the proposed technique
2% of MRE. to reduce energy.
Behzadnia | placement DPM Supports inter-disk data | Prediction error rate
et. al [103] migration and compatible | increases for farther
with any multi-speed disk | epochs.
storage system.
Helmbold | Energy Multiplicative | The proposed technique is | Self tuning version is re-
et. al [104] | aware Weight Algo- | used in mobile computing quired.
threshold rithm
approach
Gao et. al | Energy ant colony | VM resizing and server | Authors did not laid fo-
[105] aware optimization, | consolidation are used to | cus on disk energy con-
prediction and control | achieve energy efficiency. sumption.
approach theory  tech-
niques

to be cont’d on next page
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Table 2.5: Existing energy efficient prediction, placement and scheduling techniques for
storage energy efficiency challenge

Authors Domain Strategy Advantages Disadvantages
Golding energy Machine learn- | Algorithm  automatically | Authors did not include
et.al [96] aware ing techniques | adapt with the changing | placement techniques in
predic- workload. their work.
tion  and
threshold
approach
Yin et. al | Energy Reliable  En- | Improved reliability by inte- | The work is implemented
[106] Efficient ergy Efficient | grating HDDs and SSDs. only in simulated envi-
placemeny | RAID(REED) ronment.
Mahajan Energy Query  opti- | Used Dynamic Voltage and | Did not use prediction
et al. [107] | Efficiency mization Frequency Scaling. (DVFS) | approaches for caching
placemnts the data.
In order to save energy, Louis et al. [108] proposed Hard Disk Drive (HDD) models

which is validated CloudSimDisk but needs to be compared with real-world measure-

ments. To come up with the limitation and to advance the research efforts in terms of

performance, we have proposed an intelligent energy efficient storage approach which has

been tested in real world environment using servers and has also been simulated in cloud

environment.

Table 2.5 displays the boons and banes of the existing works. It can be noticed that few

authors have worked on prediction approaches while others have concentrated on place-

ment approaches. Very few of them have combined both the techniques while ignoring

scheduling techniques. Also, despite the various advantages, certain gaps remain, which
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Table 2.6: Energy efficiency parameters covered in literature

Author Trace Data Prediction | Energy | Real Replication | Performance Scheduling

Genera- | Placement Effi- time

tion ciency Execu-

tion

Xie et | x v X v v X v v
al.[34]
Zhang et al. | v v X v v v v
[98]
sturm et al. | v X X X X X v
[99]
caulfield et | x v X v X v v
al.[109]
louis et al. | x X X v X X v
[108]
grozev et al. | v/ v v X X v v v
[110]
long et al. | v v X X v v v v
[100]
yvan et al. | Vv X X v X X X X
26]
xie et al | x v X v X X v X
94
Liet al. [97] | x v X v X X v X
Wildani X v v X X v v X
et.al [90]
Meng et.al. | x v X v X X v X
[91]
Xiaodong et | x X v v X X v X
al.[95]
Jerry et | x v X v X v v X
al.[32]
Yuan et | x v X v X X X X
al.[93]
Skyprvazquez x X v v v X X X
et al. [101]
Paul et.al | x X v v X X v v
[102]
Galicia et.al | x X v v X X v X
[30]
Behzadnia X v v v X X v X
et. al [103]
Helmbold v X v v X X v X
et. al [104]
Golding X X v v v X v v
et.al [96]
Gao et. al | x X v v X X v v
[105]
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need to be filled. So, their is the need of the system that can club energy efficient pre-
diction with an allocation using replica management along with an intelligent scheduling

to save the energy consumption at larger extent.

2.4 Gap Analysis

Among the reviewed papers in Table 2.6, only the authors in [98], [99], [100], and [104]
have used the trace generation procedure. Many researchers [91] have worked on energy
efficient placement techniques but have failed to synchronize them with energy efficient
prediction approaches. Although the investigators in [101] and [96] have executed their
work in real-time environment using prediction, they lagged in data placement, which
plays an important role in overall energy reduction. Based on the literature survey

following gaps have been identified:

e Many authors have made use of online available traces rather than generating it.
Also, the existing work till now has not covered SQL traces associated with the
commercial applications [81], [111]. So, the storage energy consumption for E-
commerce applications that target a specific class of systems, like OLTP needs to

be explored using SQL traces [98].

e Moreover, authors have not predicted the data frequency using machine learning
models. To the best of our knowledge, prediction of data access pattern for obtain-

ing energy efficiency is still in infancy [84], [30].

e Many researchers have worked on energy efficient placement techniques but have

failed to synchronize them with energy efficient prediction approaches.

e Even though the authors have worked on the energy efficient data placement, but,
at the same time they have not introduced the replica optimisation in their work
[94]. So, an energy-efficient data placement approach should include optimal replica

management in order to avoid data redundancy [31].
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e Further, there is also a need to examine the energy and time consumed while placing

the data among the disks [31].

e Few authors have worked on energy efficient Redundant Array of Independent Disk
(RAID) but they have not applied intelligent disk scheduling for request execution

that can save maximum energy by reducing maximum disk spins [97],[32].

e The cloud data centers demand real-time execution on the server rather than de-

pending only upon simulations [34].

e Also, there is a need to standardize the best replication factor and disk ratio for

applications to save maximum energy[108].

2.5 Problem Statement

In the world of overflowing data, cloud storage has become a prevalent technology for
saving information-driven data. Cloud data centers provide on-demand computing stor-
age to users. It is used for storing and processing I/O-intensive applications. However,
the cloud deployment of these applications raises various challenges including energy effi-
ciency. Energy consumption for data centers has always been an major concern. Also the
power consumed by the storage subsystem which includes disks occupy a remarkable pro-
portion in data centers. Hence, prediction based an intelligent energy-aware approach is
required that uses data prediction to segregates and place the data in the disks according

to its usage and follows intelligent disk scheduling.

Therefore, in this work we have attempted to reduced storage energy consumption in the
cloud environment using data prediction approaches. The frequency of data has been
predicted using machine learning approaches such that the data that has been predicted
to be used most frequently is placed in the hot disk using replication. In addition,
disk scheduling has been implemented that selects the disk that consume least power to

execute the request. It reduces the disk spins that accelerates the data execution time,
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hence reduces maximum energy. So, following summarises the research objectives.

e To study and explore various existing storage prediction models and energy effi-

ciency techniques for analyzing big data storage.
e To propose a storage prediction model for identifying data usage patterns.

e To design and implement an intelligent energy aware approach using proposed stor-

age prediction model.

e To validate the proposed energy aware approach in cloud environment for offering

requisite performance to the end users.

2.6 Conclusion

This chapter has presented the view on big data and its journey in cloud data centers.
It explicates various big data challenges, where storage energy efficiency challenge has
been recognised as a major concern that requires attention. So, to improve the stor-
age energy efficiency techniques, various prevailing energy-efficient data prediction, data
placement, and disk scheduling techniques are reviewed. It has also focused on exploring
the tools applied by authors to implement the storage energy-efficient techniques. From
the literature survey, the gaps have been analyzed and the research problem has been
formulated. The next chapter proposes a solution to the research problem by proposing
storage prediction model using an machine learning ensembled approach for predicting
data frequency. The proposed model addresses the gaps identified in the literature survey

and fulfills the objectives of the research work.
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Chapter 3

Data Frequency Based Storage Prediction Model

Technological advancements have led to an exponential growth in input-output intensive
data applications that consumes high energy within data centers. Theses applications are
accessed by firing same queries frequently. So, the energy consumption by these appli-
cation can be reduced by predicting the frequency pattern of the queries. It can be used
to identify future data usage pattens such that the popular and unpopular data can be
recognised. The popular data can be placed in the SSD cache and remaining in the other
disks such that the disk spins can be reduced that results in least energy consumption.
Therefore, in this chapter a storage prediction model has been proposed that identifies the
data usage patterns. The future query requests have been identified by predicting frequency

of firing query using classified ensemble machine learning approach.

Initially, the traces have been generated from the SQL queries fired on the real data streams
obtained from the with SCAT sensors of Dublin city, taken as a commercial application.
The traces are analyzed and customized to calculate the frequency of each query. Fea-
ture selection is performed to reduce the size of the dataset. Next, ensembled approach is
applied to predict the frequently used data using frequency as a target variable. Further-
more, the predicted classified results have been tagged as popular and unpopular data based
on predicted threshold frequency such that the identified popular data is prefetched into
the SSD cache as described in next chapter. The proposed approach is evaluated using
accuracy, error rate, precision, recall, ROC. It outperforms the existing models with an

improved accuracy and reduced error rate.
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3.1 Objectives of the Proposed Storage Prediction

Model

The cloud data centers provides infrastructure to host and execute various applications
that can result in high energy consumption. Hence, to reduce the high energy consump-
tion there a need to introduce various prediction models that can be integrated with

energy aware approaches to reduce disk spins.

The literature has been published on data prediction as discussed in Section 2.3.1 of

Chapter 2 but numerous challenges still exist.

e Various authors have used synthetic traces for identifying data usage patterns but

SQL traces associated with the commercial applications needs to be explored.

e Various machine learning algorithms needs to be employed to predict data fre-
quency. Their performance needs to be enhanced in terms of accuracy, error, pre-

cision, recall, f-score and ROC.

e Data tagging is still a necessary requirement to efficiently place the data into the

disks according to its predicted popularity using threshold techniques.

To overcome the above-mentioned challenges, the storage prediction model is proposed
in this chapter. It predicts the data frequency of the queries fired on the real data
streams obtained from the SCATS sensors of Dublin city using classified ensembled ma-
chine learning approaches. The primary objectives of the proposed storage prediction are

summarized below:

e The proposed storage prediction model generates the SQL traces for city’s SCAT
data which is taken as a commercial application. It customises the trace by ex-
tracting various other important features such as data frequency and idle time that

can help in identifying current data usage pattern.
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e A feature selection and importance has been performed on a trace for selecting the
relevant features. It reduces the size of the data by eliminating the irrelevant and

redundant features.

e It ensembles various machine learning model to predict the calculated frequency for
each query present in the trace. The performance is validated using metrics such

as accuracy, precision, recall, ROC etc.

e The predicted data is tagged as popular and unpopular using predefined threshold
such that predicted frequency greater than the threshold is termed as popular and

remaining as unpopular data.

3.1.1 Key Traits of Storage Prediction Model
The key traits of the proposed prediction model are mentioned below:
e [t is the first step towards the energy reduction for the cloud data centers.

e The prediction of data frequency helps in identifying future popular and unpopular

data.

e The prediction results can further be used to efficiently place the data among mul-

tiple disks such that disk spins can be reduced leading to least energy consumption.

After illustrating the key features, the following section presents the detailed methodology

used in proposing the storage prediction model.

3.2 Methodology

The methodology used in our work is fully based on the storage prediction model depicted
as a framework in Figure 3.1. It follows the sequence of phases, which includes (i) trace
generation (ii) prediction using machine learning approaches (iii) data tagging:popular

and unpopular. In the beginning, workload traces containing various important attributes
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have been generated as explained in subsection (3.2.1). Various machine learning models
have been employed to predict the query data by selecting data frequency as the target
variable as described in subsection (3.2.2). Predicted data that exceeds the threshold limit

of frequency has been tagged as popular data as revealed in subsection (3.2.3).
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Figure 3.1: Methodology used in proposed storage prediction approach

3.2.1 Trace Generation

It is essential to analyze the trace of an activity to predict I/O data for the system. Traces
can be categorized into real workload and synthetic. The former is usually generated from
scientific production using supercomputers, whereas the latter is derived using probability
distributions. In this work, traces, are generated through database access of application

by the user. The procedure has been detailed in Figure 3.2. The SQL server traces
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Table 3.1: Basic parameters of the trace

Sr Parameter Description
no
1 Stored Procedures Includes the event classes produced by the execu-
tion of stored procedures
RPC:Completed Occurs on the completion a remote procedure call

SP:StmtCompleted Iustrates the completion of a transact-SQL state-
ment associated with a stored procedure

2 TSQL Includes event classes produced by the execution
of Transact-SQL statements passed to an instance
of sql server from the client
SQL:BatchCompleted | Occurs at the termination of Transact-SQL state-
ment

are prepared on firing various queries on the dataset associated Dublin city, Ireland.
The queries and stored procedure (Refer Table 3.1)are reconstructed by the software in
response to some external mechanisms [112], which are taken as inputs by the profiler to
produce a trace. The trace captures various features such as the start and end time of
the query, its duration, text data of the query, SPID, database ID, database name, reads,
writes, row count, application name, CPU and server name, etc (Refer to table 3.2). These
features alone are not sufficient for recognizing the data usage pattern [113]. It requires
additional features such as query frequency and requests idle time. The frequency of
query is required to predict future queries to segregate the popular and unpopular data.
The request idle time would be used to set a threshold to disk idle time which would be
used in a next chapter. These two most important features are extracted by customizing

the currently available features and are appended with the trace(Refer Figure. 3.2).
e Calculating Request Idle time

Idle time is calculated by applying the arithmetic operations on the current char-
acteristics of the trace. To compute the idle time, the start and end time attributes
of the trace are used. These selected parameters are set in the form of a query
metric M, where (3; and ~; are the start and end times of the queries, respectively.
Then, the idle time I; calculated using Eq (3.1) and its threshold is calculated as
T1; using Eq (3.2) .
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Query, B 4!
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Ii = Biv1 — v (3.1)

where 1= 1,2,3 ...n-1, ’72>/82 and 6i+1>’7i

e Calculating Query Frequency

Initially, frequency was not present in the trace, which is an essential feature for
recognizing the data usage pattern. Frequency of the data is one of the important
features for recognizing the popular and unpopular data. Therefore, to extract the
frequency of data usage, the generated trace is customized with the help of a prede-
fined tool called analyzer. It calculates the frequency freg(i) for the occurrence of
each query fired by the user and appends it in the trace. This calculated frequencies
would be used as a target variable to predict the most frequently used queries which

would further be used at the time of data placement.

So, various machine learning models have been ensembled for predicting the data fre-

quency against the calculated frequency as described below.
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used in ensembling are described below-

(a) Linear and Generalised Linear Models

A generalized Linear Model, abbreviated as (LM) fits the statistical model with
the data. It can be used for numeric as well as continuous target variables. The
generalized algorithm is characterized by the distribution of the target variable and

a link function that relates the mean of the target with the inputs. The parameters
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Figure 3.2: Synthetic workload generation procedure

3.2.2 Machine Learning Models for Data Frequency Predic-

Prediction is used for estimating the data that would be used in the near future [114].
The main purpose of using machine learning model is to classify and predict the queries
and stored procedures on the basis of number of occurrences i.e, frequency. Various
multi classification-based algorithms like linear, SVM, and decision tree have been en-
sembled using Multi Class Voting(MCV) technique. These models have been applied to

the system-generated excel file of a trace. The mathematical aspect of all the models



Table 3.2: Illustration of features of trace

Feature Abbreviation | Information

Text Data | td Represents the text value for data captured in the trace

Duration d Amount of time taken by the event in milliseconds

SPID SPid Represents a server process ID for an associated process
assigned by server

Database db;g Depicts database ID used by the User

1D

Database dbname Depicts the name of the database currently used by the

Name user

Object 0bJtype Represents the type of the object involved in the event

Type

Login log n Specifies login name of the user

Name

Application | Apprame Specifies the name of the application being accessed by

Name the user

CPU cpu Calculates the amount of CPU time in milliseconds

Reads r Number of logical reads performed by server

RowCount | r_count Depicts the number of rows accessed for particular query
or stored procedure

Server log n Provides Name of sql server being traced

Name

Writes w Number of logical writes performed by the server

used here belong to families like logistic, poisson etc. The outcome dependent vari-
able, Y is generated from an exponential distribution. The mean of the distribution

depends on the independent variable, X, as given in Eq 3.3:

E(Y)=p=yg 1(XP) (3.3)
where E(Y) represents the expected value of Y; X denotes the linear predictor i.e.
a linear combination of unknown parameters; and g represents the link function.
Decision tree

The decision tree model is a popular data mining model. Recursive partitioning
approach is adopted by this algorithm using rpart package. The conditional tree
algorithm is implemented in the package. The branching operations performed here

may be termed as "tests” or "queries”. Mathematically, the model is described
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through Eq 3.4.

f:40,1}" —{0,1} (3.4)

where the input refers to a series of queries that results in the final decision. Every
query depends on previous ones. The depth of a tree is defined as the maximum
number of queries that are fired before reaching a leaf node in order to obtain a

result.
Support Vector Machine

SVM is a supervised machine learning algorithm, covering both classification and
regression challenges [115]. However, it is mostly used for solving classification
problems. SVM finds support vectors termed as data points, which lie at the edge
of an area in a space that frames the boundary within different classes [116]. An
n-dimensional space with the value of each feature being the value of a particular
coordinate is plotted (where n signifies the number of features). Finally, these three

models are selected to be ensembled using MCV as described below.
Majority Class Voting Ensembling

Ensembling is a method through which multiple models of similar or dissimilar
types are combined to give rise to a robust one. This is done to enhance the
model in terms of accuracy and reliability [117]. We have applied Multi Class Vot-
ing(MCV) for ensembling our models that considers the prediction with maximum
votes or recommendations from multiple implemented prediction models as shown

in Algorithm 1.

In the algorithm, the major element for the target variable, i.e., frequency, is voted
by maintaining a count of the data frequency. The count is incremented and decre-

mented according to the conditions applied. The basic idea is to cancel out each

o4



Algorithm 1: Multi Class Voting

1 Initialize index and count of majority element
2 MaJinder = 0, count = 1

3 for (i=1 to size=-1) do
4 if almajinge.] == afi] then
5 count+-+

6 end

7 else

8 ‘ count—

9 if count == 0 then
10 almajindes]=1

11 count=1

12 end

13 end

14 return a[majides)
15 print Majority (a[i],size)

occurrence of an element with other such that the one that exists till the end will

be the majority element. It provides the value of predicted frequency as pfreq(i).

3.2.3 Data Tagging Using Predicted Threshold Frequency

Further, the queries with higher predicted frequency have a greater probability of being
fired by a user in the near future. So, a predetermined threshold is defined to tag popular
and unpopular queries. It is calculated by averaging the predicted frequency using in Eq.
3.5, were A; signifies the threshold for predicted frequency. The query with predicted
frequency pfreq(i) greater than A, are termed as popular Q= {¢;, - . ., ¢} and remaining
as unpopular queries Q.= {qi, ..., qm} belonging to set of total queries Q= {¢;,..., ¢}
as seen in Algorithm 2. Here s; represents the size of a query and freq(i) states query
frequency. According to the skew degree, the popular queries can be written as {|Qh\} =
(1 — 6) * m and unpopular files as {|Q.|} = (#) * m. Further data associated with these
tagged queries are saved in the disks as described in a next chapter.

A = iz PJreq(i) (3.5)

n
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Algorithm 2: Data Frequency Prediction

[N R SR

© 0w g o o

10
11

Result: Popular ), and Unpopular Data Q.
Input : A; « Threshold Frequency

pfreq(i) < Predicted Frequency
Output: Tagged Data

Generate the trace using SQL Profile

Calculate the frequency freq(i) of each Query using SQL Analyser
Predict frequency pfreq(i) using Algorithm 1

Calculate A; using Equation 3.5

for (i=0;i< freq(i);i++) do
if pfreq(i) > A; then
Tag it as a popular Query
end
else
‘ Tag it as unpopular Query

end

Finally, the prediction approach is evaluated using various metrics as described be-

low.

3.3 Evaluation Metrics: Best Prediction Model

The storage prediction model tags the data by predicting its frequency by ensembling
machine learning algorithms namely SVM, NN, Decision Forest.
been compared with each other by several evaluation criteria. Based on recent surveyed

literature, the best classification algorithm is selected by evaluating its accuracy, average

class and overall error, precision, recall, F-measure and ROC.

(a) Accuracy

In terms of classification, accuracy is defined as a measure which monitors the

correctness of the classifier. Mathematically, it is calculated using the Eq 3.6

1 Nsamples—1

Accuracy(y,y) =

Nsamples
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where 7 denotes the predicted value of i*" sample and y; represents the correspond-

ing value.
Error Rate

Assume that M is an error metric for multi-class classification, which contributes
to the calculation of the average class error and overall error. The value for each

cell of the metric is formulated using a number of predictions for each class.

a 0
0 a ¢l
REE
« b a &2
o v v v €3

e Average Class Error

The average class error is the error rate of a particular class in multiclass
classification. The measure can be calculated by using the value as provided

in Eq 3.7.

Average Class Error = Z 5 (3.7)

where € = Ny,/ > P, and Ny, stands for the number of false prediction for

each row and P, denotes the prediction for a particular row in a matrix.
e Overall Error

Overall error is defined as the sum of all the wrong predictions in a metric M.
Mathematically, it can be derived through Eq 3.8, where w, depicts the wrong
predictions.

Overall Error = pr (3.8)
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Other important statistical parameters include precision, recall, F-measure and
ROC. These values can be computed using True Positive(TP), False Positive(FP),

True Negative(TN), and False Negative(FN).

TP = correctly identified frequency of predicted data
FP = incorrectly identified frequency of predicted data
TN = correctly rejected frequency of predicted data

FN = incorrectly rejected frequency of predicted data.

Precision

Precision is used to describe the goodness of the model in predicting the positive
class. Mathematically, it is calculated as a ratio of true positives and the sum of

the true and false positives as shown in Eq 3.9.

TP
Precision = m (39)

Recall

Recall defines the proportion of correctly classified actual positives based on the
frequency of the query. Eq 3.10 calculates it as the ratio of the number of true

positives and the sum of true positives and false negatives.

TP
= igeF— 1
Reca TP+ FN) (3.10)

F-Measure and ROC

F-Measure calculates the harmonic mean for recall and precision as seen in Eq

3.11, whereas, area under the curve method is used to access the ROC curve. The
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maximum value for the area under the curve signifies the best predictor algorithm.

2xTP
(2xTP+ FP+ FN)

(3.11)

Upon fulfilling the performance evaluation for prediction, the next step would be to
prefetch and place the predicted data in a disk cache which is well explained in further

chapter.

3.4 Experimental Results and Analysis

The experiments are performed using the server: Intel Xeon eb 2650 2.6 GHz, RAM
-DDR3 8GB 1600MHz, HDD-SATA 500GB@7200RPM. The system has been installed
with server 2008r2. Number of queries and stored are fired on the real data streams
obtained from the SCATS sensors of Dublin city in SQL server management studio. SQL
Server profiler has been used to generate the traces for these queries. These traces have
been further customized using the SQL server analyzer. The analyzer tool calculates the
frequency of the queries in the traces. The traces are refined using feature importance and
feature selection. Various machine learning algorithms are implemented using Rattle and
R studio 3.0.1 that predict the popular data. The performance of the prediction algorithm
is measured using accuracy, average class error, overall error, precision, recall, F-measure
and ROC. The experimental results are compared against previous strategies and highly
used benchmarks. For the sake of simplicity, the experimental setup is categorized into

the following phases.
e Dataset description & Trace generation
e Data preprocessing
e Validation and Selection best prediction model

e Performance evaluation of selected ensembled model
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3.4.1 Dataset Description: City’s Scat Data

The proposed storage prediction model has been evaluated considering SQL queries fired
on 3 [118] the real data streams obtained from the SCATS sensors of Dublin city, taken
as a commercial applications. Nine GB of data from 966 sensors has been collected from
January to April 2013. Forty-seven datasets are publicly available, which incorporate
the real-time information gained about the shortest route, most famous areas, parking
sites, tower locations, libraries, fire stations, hospitals, etc. Further, each data set contains
unique columns such as ID, X coordinate, Y coordinate, height, address, town, telephone,
email, etc. The queries have been invoked by the users using a dashboard and a reporting
tool that provides an interface to construct them. Besides, the queries have also been
reconstructed by the software in response to some external mechanisms [112]. Further,

these fired queries have been taken as inputs to generate the trace as detailed below.

EventClass | TextData Duration | SPID | DatabaselD | DatsbaseName | ObjectType LoginName | ApplicationName [ cPU [ Hosthame [ Reads | Requestin [ Ro
RPC:Completed exec sp_executesgl N'SELECT cilmns.c... 1 63 15  jadu WIN-65... Microsoft sQ... 0 WIN-6... 179 0
SqQL:BatchCompleted use bd 0 63 16 bd WIN-65... Microsoft sq... 0 | WIN-6... 0 0
sqL:satchCompleted SELECT = FROM [bd]. [ 108 63 16  bd WIN-65... Microsoft sq... 31 WIN-6... 43 0
SQL:BatchCompleted SELECT =* FROM [bd].[ 35 63 16  bd WIN-85... Microsoft 5Q... 0 | WIN-6... 43 0
SQL:BatchCompleted SELECT =* FROM [bd].[ 126 63 16  bd WIN-85... Microsoft 5Q... 31 WIN-6... 43 0
SQL:BatchCompleted SELECT * FROM [bd]. [ 106 63 16  bd WIN-65... Microsoft 5Q... 0 WIN-6... 43 0
5qL: BatchCompleted use [bd] 0 64 16  bd WIN-85... Microsoft 5q... 0 WIN-G... 0 0
SP:stmtCompleted SELECT c¢Imns.column_id AS [ID], €Im... 0 64 16 bd 20816 - PQ WIN-65... Microsoft sq... 0 | WIN-6... 61 0
RPC:Completed exec sp_executesql N'SELECT cIlmns.c... s} &4 16 bd WIN-65... Microsoft sQ... 0 WIN-6... 61 (s}
SQL:BatchCompleted SELECT TOP 1000 [CategoryId] - 45 &3 16 bd WIN-65... Microsoft s5Q... 0 WIN-6... 3 (s}
SQL:BatchCompleted SELECT TOP 1000 [CategoryId] e 25 63 16 bd WIN-65... Microsoft sQ... 0 WIN-6... 3 0
SQL:BatchCompleted SELECT TOP 1000 [CategoryId] e 34 63 16 bd WIN-65... Microsoft sQ... 0 WIN-6... 3 0
SqQL:BatchCompleted SELECT TOP 1000 [CategoryId] . 35 63 16 bd WIN-65... Microsoft sq... 0 | WIN-6... 3 0
SqL:BatchCompleted SELECT = FROM [jadu].[dbo].[Cust... &7 63 16 bd WIN-65... Microsoft sq... 0 WIN-6... s (s}
SQL:BatchCompleted SELECT = FROM [jadu].[dbo].[Cust... 53 &3 16 bd WIN-65... Microsoft s5Q... 0 WIN-6... 5 (s}
SQL:BatchCompleted SELECT TOP 1000 [RowNumber] e 127 63 16  bd WIN-85... Microsoft 5Q... 0 WIN-6... 680 o
SQL:BatchCompleted use bd SELECT TOP 1000 [EmployeeID... 112 63 16 bd WIN-65... Microsoft sQ... 0 WIN-6... 1188 0
SqQL:BatchCompleted SELECT = FROM [jadu].[dbo].[Larg... 116 63 16 bd WIN-65... Microsoft sq... 0 | WIN-6... 1188 0
SqQL:BatchCompleted use [jadu] 0 59 15 jadu WIN-65... Microsoft sq... 0 | WIN-6... 0 0
SP:StmtCompleted SELECT clImns.column_id AS [ID], cIm... 1 59 15 jadu 20816 - PQ WIN-65... Microsoft 5Q... 0 WIN-6... 207 (s}
RPC:Completed exec sp_executesql N'SELECT clmns.c... 1 59 15 jadu WIN-65... Microsoft s5Q... 0 WIN-6... 207 (s}
SQL:BatchCompleted SELECT * FROM [jadu].[dbol.[Prod... 62 63 16 bd WIN-65... Microsoft sQ... 0 WIN-6... 2 0
5qL: BatchCompleted SELECT * FROM [jadu].[dbo].[Prod... 50 63 16  bd WIN-85... Microsoft 5q... 0 WIN-G... 2 0
SqQL:BatchCompleted SELECT = FROM [jadu].[dbo].[Prod... 1 63 16 bd WIN-65... Microsoft sq... 0 | WIN-6... 2 0
SQL:satchCompleted SELECT =* FROM [jadu].[dbol.[Prod... 50 83 16 bd WIN-65... Microsoft sQ... 0 WIN-6... 2 (s}
SQL:BatchCompleted SELECT = FROM [jadu].[dbo].[Prod... &3 &3 16 bd WIN-65... Microsoft s5Q... 0 WIN-6... 2 (s}

Figure 3.3: Characteristics of trace generated

3.4.2 Trace Generation

Profiler, takes the queries as an input to generate the traces. Figure 3.3 displays the

features of trace which includes reads, writes, database name, database id, duration, CPU,

3http://wuw.dublinked.ie.
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number of rows, and TextData. Various queries fired by the users are analysed by analyser
tool. It adds the addition feature i.e. frequency in a trace to keep count on each fired
query. Frequency and TextData are used as the key features, where TextData is showing
all the queries fired by the user for which the analyser would calculate its frequency. Once
the trace has been generated, it is saved in a form of excel file. Data preprocessing has
been performed to reduce and refine the large number of features present in a traces.
Feature importance and selection used in the process of preprocessing have shaped the

trace with relevant features. The next subsection highlights the same.

3.4.3 Data Preprocessing

Data preprocessing includes feature selection and feature importance. The former is em-
ployed to reduce the features and attain better prediction accuracy. The latter is used to
derive the significance of the individual variables. Feature importance ranks the features
that can provide the best and optimized results by filtering the biases; hence, all other
unnecessary noises from the datasets are removed. Regularised Random Forest(RRF)
is used for ranking the features using Rattle in R. Among 50 extracted features, only
25 features are selected for further prediction. Figure 3.4 shows the ranking of the fea-
tures. Features such as object type, database name, writes, etc are considered as least
important, while row count, application name and SPID are given utmost importance for
predicting data frequency. Once the trace is shaped, various machine learning algorithms
are ensembled using MCV for predicting the frequency of the queries, which are validated

in the forthcoming subsection using performance parameters.

3.4.4 Validation and Selection of Best Prediction Model

Models such as decision tree, linear and KSVM are implemented and ensembled to predict
the frequency of data. To to get the best results, the parameters of the models are tuned
and the best model is selected based on accuracy, errors, precision, recall, F-measure and

ROC.
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Figure 3.4: Important feature selection using RRF.

e Accuracy and Error Rate

Results for accuracy, overall error, and average class error have been evaluated in
Figure 3.5a. The ensembled model gives the best prediction accuracy of 87.5%.
It successfully lowers the average class error and overall error up to 28.81% and
11% respectively. It is followed by the decision tree which yields 82.95% accuracy
with 15% and 30.9% overall error and average class error respectively. The linear
model provides 75% accuracy with 22% overall and 47.90 % average class error.
The overall error for KSVM is the same as that of the linear model but it lagged

with 71 % accuracy.
e Precision and Recall

Figure 3.5b, highlights the precision and recall values for the models. The highest
measure of precision possible with the proposed model is 89% with 87% recall;
whereas, decision tree provides 82 % precision as well as recall. The linear model
closely follows the decision tree with 80% precision and 79 % recall. On the other

hand, KSVM generates the lowest values of 75% as precession and recall.
e F-measure and ROC

The selection results for F-measure and ROC are well revealed in Figure 3.5¢. It is
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Figure 3.5: ML model selection using performance parameters

observed that the ensemble model provides 0.88 F-measure which is highest among
all the other models. It is followed by a decision tree, linear and KSVM which
provides F-measure of 0.82, 0.8, 0.75 respectively. Similarly, ROC for an ensembled
model is 0.93. The decision tree ranked second with the ROC of 0.86, whereas the
linear model provides 0.78 and KSVM ranked last with 0.74 ROC. Hence, from the

Table 3.3, an ensembled model is selected for predicting the frequency of queries

such that efficient data placement approach can be applied.

3.4.5 Performance Validation: Selected Ensembled model

Additionally, the performance of the selected ensembled model is validated using K-fold
cross-validation with different ratios of training and testing subsets of data. K-fold cross-
validation is a process in which k comparisons are performed with random data provided
in each fold. The ten-fold cross-validation for accuracy, average class error, and overall

error, precision, recall, and F-measure is illustrated in Fig 3.6(a).
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of 80% accuracy in each fold with a maximum of 87.5% at 10th fold. Similarly, cross-

validation of the overall error provides an average of 14% with a minimum of 11% at the

tenth fold. Among all the folds, minimum average class error is 25.81%. Precision and

recall are validated with an average of 89% and 87% respectively. The efficiency of the

model is summarized with a maximum F-score of 88% at first, seventh and tenth folds.

Figure 3.6(b) clearly represents the best prediction capability of the proposed ensembled

model with the ROC value of 0.93.

Table 3.3: Model selection criteria considering various performance metrics

30 -
20
10

Model Name Accuracy | Overall Averaged | Recall Precision | F-
Error Class Measure
error
Decision Tree 82.95% 15% 30.9% 2% 82% 82%
SVM 1% 22% 51.27% 5% 5% 5%
Linear 75% 22% 47.90% 79% 80% 80%
Proposed 87.5% 11% 28.81% 87% 89% 88%
Ensembled
Model
ROC AUC
Crossvalidations for Selected Ensembled Model . i y
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Figure 3.6: Validation for selected ensembled model: (a) Repeated k-fold cross validation
for accuracy, average class error, overall error, precision, recall, F-measure, (b) RoC curve
for ensembled model
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3.5 Comparative Analysis: Proposed Model With

Existing Models

The performance of the current approach has been verified using the results of peer
researchers [30]. Figure 3.7a corroborates the better performance of the proposed pre-
diction model when compared with those developed by other researchers. Our proposed
ensembled model provides the highest accuracy of 87.5% when compared with ANN that
yields 75%, Pattern Sequence-based Forecasting (PSF) and Deep Learning (DL), both
provide an accuracy of 77%. The static and dynamic ensemble models provide 81% and
84% accuracies, respectively, which are much lesser than that of our model. Also, the
optimal ensembled scheme [30] produces 25% and 26% average error, respectively, while
our proposed scheme could reduce it to 3.5%. The ANN-based scheme results in 35%
error, whereas PSF and DL generate 31%. Moreover, the Gaussian Process Regression
(GPR) [118] approach used on the SCATS dataset yields 78.11% accuracy with 7.37%
error rate. Their work lags behind our ensembled approach, also, the authors did not

utilize their work for reducing energy consumption.

The prediction results are also compared with respect to the number of the queries fired by
the users. Figure 3.7b shows comparison results for accuracy on firing 100 to 500 queries.
Our proposed model shows 87.5% accuracy when 100 queries are fired. It decreases to
84.09% on executing 400 queries and again it shows its best accuracy of 87.8 % on 500
queries. CBC(MCV) [85], [119], [30] could not work well as they merely yield accuracies
of 32% and 30% for executing 100 and 500 queries, respectively. Although Markov [86]
could compete well by providing accuracy of 85% on executing 100 queries, it lagged
behind the proposed technique in executing 200 to 500 queries with an accuracy of 82%,
80%, 78%, and 75% respectively. While, NN could provide only 67% accuracy to run
100 queries. Hence the selected ensembled model proves to be better in generating most

accurate prediction results.
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Figure 3.7: Performance comparisons for machine learning models with existing tech-

niques and datasets

3.6 Conclusion

This chapter discussed the proposed storage prediction model. Memory traces consisting

of queries have been generated. The frequency characteristic extracted from the trace has

been chosen as a target variable. Various machine learning models have been ensembled to

predict data frequency to identify the future requests. The predicted requests have been

classified into two categories: popular and unpopular, using the threshold on predicted

frequencies. Furthermore, the popular data will placed into the hot disk i.e. SSD cache

and the rest in other disks using intelligent energy efficient approach as explained in the

further chapter.
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Chapter 4

An Intelligent Energy Aware Approach Us-

ing Storage Prediction Model

The previous chapter expatiated storage prediction model that uses classified ensemble
approach for data frequency prediction. In this chapter, an intelligent energy-aware ap-
proach is proposed that uses prediction results to place the data among the disks according
to its usage. The main objective of the proposed approach is to integrate data prediction,

placement and disk scheduling to achieve energy-efficient data centers.

An intelligent energy aware approach firstly allocates the predicted popular data among
hot disks with the replication in cold disks, while the remaining data is placed in cold
disks using data placement approach. Then, it takes a stream of requests as an input
and intelligently determines the disks that can serve the request in accordance with its
state using disk scheduling. Due to the multiple replication, the disk would selected in
such a way that the standby disk would not be spun up to execute the request. Also, the
mazimum remaining idle time and minimum waiting time properties would be conserved
for the disk in the active and idle state respectively. Likewise, the frequent spinning of
the disk is avoided. The performance of the proposed technique is evaluated in terms of

energy consumption and execution time.
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4.1 Use of Prediction in Intelligent Energy Aware
Approach

Storage has become a prevalent technology for saving information-driven data. Data
centers provide large number of disks for storing big data applications. However, the

deployment of data raises the storage energy efficiency challenge.

Storage power consumption comprising of disks is maximum among all the other entities
present in data centers. According to the recent survey, the energy consumption of data
centers is 1.5% of the world energy consumption where 40% of is consumed only by the
storage systems [26]. This high energy consumption can be reduced if the popular data
is predicted and stored in hot disks that remains active most of the time. Hence, the
prediction can be used in efficient data placement among disks that would lead to the
efficient disk scheduling, hence save energy and time. Prediction results also helps in

identifying which data objects need to be replicated and where.

Although, there is much impedance to research in energy-aware disk storage algorithms.
But unfortunately, previous research does not cover all aspects such as data placement
including replica management, monitoring of minute disk states, disk idle and waiting for
timings [120], [121]. So, there is a dire need to fill this gap and make a contribution by

developing an intelligent energy-aware approach.

4.1.1 Objectives of an Intelligent Energy Aware Approach

The main objective of an intelligent energy aware approach in to execute the request with

the minimum energy and time consumption.

e [t efficiently places and replicates the tagged predicted data in hot and cold disk
respectively using data replication. The popular data is concentrated on hot disk

with the replication in cold disk and the remaining unpopular is stored in cold disk.
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Figure 4.1: Intelligent energy aware framework

e Such a placement reduces a disk spins and makes the scheduling task easy by

executing the request through most available and least energy consuming disk.

e The scheduling approach intelligently searches and selects the disk using remaining
idle time and wait time threshold policies that results in least energy and time

consumption.

Following section explains the methodology of proposed intelligent energy efficient storage

framework.
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4.2 An Intelligent Energy Aware Storage Framework

An intelligent energy-aware approach has been framed in Figure 4.1. It considers the SQL
traces of the queries fired on the real data streams obtained from the SCATS sensors of
Dublin city, taken as commercial application. It analysis the trace of an application and
tags the popular and unpopular files based on the predicted frequency as described in
the previous chapter. Then, the frequently used predicted query requests, also known
as popular requests are distributed in hot disk with the replication in cold disk, while
the remaining is settled in the cold disks. It also considers partial and temporal locality
[122]. This process is defined as data placement approach, which is well explained in
subsection 4.2.1 Next, the request is executed by the most favorable and available disk
using intelligent search and selection also known as disk scheduling which is well explained
in subsection 4.2.2. Disk searching locates all the disks that contain query data for the
request whereas disk selection finally selects the disk that would execute the request
based on their current states. Data replication allows the scheduler to select a disk
among various searched disk. If searched disk is in an active state then the minimum
waiting policy would finalize the disk to execute the request. If the searched disks are in
idle mode then the disk with maximum reaming idle time will execute the request. In any
case, the standby disk would not be disturbed. Finally the overall system performance is

measured in terms of energy and time.

4.2.1 Data Placement Approach Using Replica Optimization

The data associated with popular and unpopular queries are distributed in the disks
array D= {d,,, ..., d,} which are categorized as hot disk D= {dy,...,d.} and cold disk
D.= {d,...,d.} where D= D, N D, and D;, U D, = ¢. The hot disk would store the
predicted popular while unpopular query data are stored in cold disk. The total number
of required disks D,, to save the data is estimated using Eq 4.1. Here, D.,,[GB] is the

required storage capacity, t depicts the total number of unique files with s; as the size of
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Algorithm 3: Energy efficient data placement
Result: Data placement among the disks
Input :Q,95;, P, T,

C', < Disk configuration
R < Total replication factor
Output: Energy efficient data placement

1 repp,=R-1, rep.=R-repy,
2 for (i=0;i < Q;i++) do

3 if ¢; € )}, then

4 for (j=0;7<R;j++)) do

5 if j < repy then

6 ‘ StoreList.add(new MyPowerHarddriveStorage(i,P,S;,C}))
7 end

8 else

9 | StoreList.add(new MyPowerHarddriveStorage(i, T,S;,Ch))
10 end

11 end

12 else

13 ‘ StoreList.add(new MyPowerHarddriveStorage(i,T,S;,C},))
14 end

ith query in[GB] using replication factor rep;.

t
D i1 TEPiSi

D, =
D cap

(4.1)

The ratio of the hot and cold disk is calculated as v using Eq 4.2 and Eq 4.3 where P

and T are the total number of assigned hot and cold disks respectively.

)
Zglzlz(l)izﬂéh repisi

Y= (4.2)
Zz’zl,qich TEPiSi

(1-0)xm o
Where Zi:l,QiGQh T?“estize =P
Oxm
and Zi:l,qz'EQc TrepQsize = T

P
= — 4.3
V= (4.3)
Finally, the data distribution function X (P, T, Qy, Q.) keeps the track of predicted fre-
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quency and places them on hot and cold disks using Eq 4.4. The popular data with high
frequencies @), are laid in the hot disk P as well as in cold disk T" with the replication

rep; while remaining data (). are stored in 7.

X(PaTa Qhan) =

Zil rep;q; € Qn; If ¢; is the ith freq used file. (0.4)

Zle rep;q; + ZiTzl rep;q; € Qc; Otherwise.

The value of rep; for hot and cold file is decided using replication criteria as explained in
Algorithm 3. Replication factor for hot file rep,, is calculated by taking difference of one
from the total replication value R and rest are considered as cold replicas rep, which is
stored in a cloud using MyPowerHardDriveStorage function. Further, all the information
is regularly recorded in a log table [ which is used for searching and selecting the disk

that can execute the request using intelligent disk scheduling.

4.2.2 Disk Scheduling

Data replicated in multiple disks requires an intelligent energy-efficient scheduling such
that the most available disk that consumes least energy can be selected for executing
the request. It also helps in reducing disk spins and execution time. The energy-efficient
scheduling is performed in two steps that include disk searching and selecting as described

in subsequent subsections.

4.2.2.1 Disk Searching and Selecting

Disk searching means locating all the disks that contains the data associated with the
current request. It is also known as disk-data mapping using function D(r;,j,n, k) as

shown in Eq 4.5. Among the searched disk Dj, the most efficient disk D}, is selected
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Algorithm 4: Disk scheduling algorithm for request execution

1
2

© 0 N o O A~ W

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33

Result: Selected energy efficient disk Dy

Input :r; < Request
D; < Disk idle time
Ty < Idle time threshold
Output: Dy
while(l.Next)
if r;, == Lgq, then
| fetch(d;)
end
else
disk not found
for (i=0;ij=d;;i++) do
switch D; do
case stateq, ==active, stateq

dp= dji1
RI(D;) = RI(Dj;1) do

dk: dj

break

dp= dji1

break

dp= dj11
break

J

break

end

end

j+1

==active, Wait(D;) > (D;41) do

d;41 is selected to excute the request
case stateq, ==idle, stateq;, , ==idle

d; is selected to excute the request

case stateq, ==active, stateq, , ==idle do

d;1 is selected to excute the request

case stateq, ==standby, stateq, , ==idle do

d;41 is selected to excute the request

case stated; ==standby, stated;, ==active do dp= d;ji;
d;q is selected to execute the request
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using various policies such as remaining idle time and waiting time. Remaining idle time
would be applied when all the searched disks are idle state. Selecting the disk with the
maximum remaining idle time RI; would provide advantage to the disk which is nearer to
the standby state. Here the idle time is compared with the threshold which is calculated
by averaging the idle values from the trace (Refer Eq 3.2). Further, in case the searched
diks are in active state then the disk with the minimum waiting time W; would accelerate
the request execution time. As shown in Algorithm 4, whenever the user submits the
request, all the disks containing the data associated with the request are searched using
[. Then the best and energy efficient disk is selected to execute the request. All the Dj’s
in standby state should be given least priority to execute the request that would save the

disk spins.

D(ri,j,n, k) = Dy st r; — D; € (PUQ)
N minW; {|Dj|}?:1 (45)
N max]t{|Dj|}?:1,

where {j,...,m};n>m

Thus, it helps us in keeping the maximum disks in the standby mode. Also, the disk with
minimum remaining idle time can go to the standby state and wait time for the current

request can be reduced that results in energy savings as modeled below.

4.3 Mathematical Formulation for Measuring Reduced
Energy Consumption

In general, the user submits the request which is modeled as req= {r;,r;} where r; is the
successor request of the current request r;. After receiving requests, the appropriate disks

that contain the request are searched and selected using scheduling algorithm. As soon as
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a scheduling decision is taken its energy consumption is noted. The energy consumption
is represented as an input E(i,j, D()) refer (Eq 4.6), where ¢ and j are the current and
successor request from the set of req which can belong to @, or Q.. D() is the final
selected disk that would execute the request. The total energy consumed is calculated
using equation 4.6. Here the first part is the primary energy consumed while placing
Ejace the data to the multiple disks which is one-time energy consumption. The § energy
consumed during searching Fgeqren and selecting Fgeer the most appropriate disk Dy
would be added additionally in each iteration whenever the request is encountered as
shown in Eq 4.7. The energy consumed by the selected disk Dy is measured in all the
states (active, idle or standby) and spins as seen in Eq 4.9. Eq 4.10 shows the power
consumed by these states as Pctive, Pidies Pstandry.- The disk can stay in these states for
the duration t,,, t;, t; in nl’, n2" and n3" number of times respectively. Eq 4.11 shows
the energy consumed while the Dy, is in active disk where tbr; is the burst time of the
current request. While the disk is idle, ta; shows the arrival time of current request and
te;_1 depicts the end time of previous request. Further, the disk energy is consumed while
spinning up and down. The power to spin either from idle to standby or from standby to
active is represented in Eq 4.12 as P, in time ¢;, and P, in time ¢, respectively. Finally,
the disk after completing the execution is placed in standby mode. Idle time productivity
is considered while putting a disk into a standby state. If it has a request in nearby, then
it is remained in idle mode rather than spinning up and down to execute the consecutive
requests. Algorithm 5 sets the idle time threshold 7T'I; such that disk exceeding it would

be allowed to spin down to avoid random and frequent spins.

E(Za j7 D()) = Eplace + ESearch + ESelect + EDk (46)
ESearch + ESelect = Z Ez =9 (47)
t=1
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4.4

n n
=Px (Z tSearch + Z tSelcet)
t=1 t=1

EDk = EState + ESpin

nl n2 n3
Where, Estate = Z Pactivetm + Z P’idletj + Z Pstandbytk
m=1 =1 k=1

nl
Estate = Pactive Z tbrz * fsize+

=1

n2 n3
Pidle E |t6l—1 - tae| + Pstandby E tk
=1 k=1

N1 N2
and ESpin - Z Pistjk + Z Psatk:i

lk=1 km=1

N1 N2
ESpin = Pis Z tjk + Psa Z ki

jh=1 ki=1

(4.8)

(4.9)

(4.10)

(4.11)

(4.12)

Evaluation Metrics: Intelligent Energy Aware

Approach

This section, outlines the performance metrics for evaluating the proposed energy aware

approach. The performance metrics includes response time and energy consumption as

explained below:
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Algorithm 5: Energy Efficiency Algorithm

® N O »A

Result: Reduced Eiy iy
Input : D; < Disk idle time

Ty < Idle time threshold

Output: Eroa

Execute Dpeee and calculate Egeqren and Egepeer from Eq 4.8
Execute r; from dj and calculate E(D()) from Eq 4.9
Calculate Eryq using Eq 4.6

if D; > T1I; then

‘ Spin the disk down
end
If r; arrives go to step 2
Repeat

e Response time

It is a execution time taken to accomplish requests submitted by the users. It is

defined as t.,. in Eq 4.13. The average response time for executing the request from

the disk should be least.

texe - tsearch + tselect + twt + tActiveEndT (413)
tActiveEndT = tactive + tidle + tspin (414)
twt = tActiveEndT — teurrtime (415)

Here a t,,; is the waiting time and £ 4c¢ivepnar 18 the time when disks are executing the
requests as seen in Eq 4.14 and Eq 4.15. Data replication has been used to reduce
this response time. Availability of data in multiple disks significantly decreases the

response time that greatly improves overall system performance.
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e Energy consumption

The energy consumed by the disk while serving the requests is defined as the product
of power P,,. with time t.,.. Total energy consumed while executing the request in

stated in Eq 4.16.

EE:L‘@ = [(texe * Fsize} * [(Pexe)]where (416)

These performance matrices are measured on examining the impacts of four important
workload parameters which include disk ratio, request size, and replica factor as described

below.
e Request Size

The request size may be the size of the query data in bytes. The increase in the

size may increase the execution time, hence energy consumption.
e Replica factor

It is defined the number of copies of particular objects which are saved in multiple
disks at a time. An increase in replica may reduce the disks delay due to the easy
availability of data. It also reduces the number of disk spins. But, the greater

replication factor leads to disk pollution and redundancy.
e Disk ratio

It is the ratio of number of hot and cold disks in the set of disk. It is calculated in Eq
4.3, where, v has great influence on the disk energy consumption and response time.
The value of v may vary with the application. Therefore, it should be adjusted to

maintain a balance between energy saving and response time.
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4.5 Experimental Results and Analysis

An intelligent energy aware approach has been implemented in a real-time environment.
The configuration of the server includes Intel Xeon e5 2650 2.6 GHz and RAM -DDR3
8GB 1600 MHz. Partial RAID 1 [97] has been configured on KINGSTON SA400S37120G,
SATA 500 GB with 7200 RPM and 250 GB Seagate Barracuda 7200.12, with the specifi-
cations as shown in Tables 4.1 and 4.2, respectively. The system has been installed with
server 2008r2. SQL Server profiler has been used to generate the traces from the SQL
queries fired on the SCAT data streams of Dublin city, in Ireland. These traces have
been further customized using the SQL server analyzer. Disk states and spins have been
productively automated using Smartctl commands along with shell scripting. Fluke 325,
115 True Root Mean Square (RMS) Clamp Meter and Multimeter have been employed
to calculate the power using the current and voltage readings, as shown in Figure 4.2.
The results have been evaluated as per the phases employed in the proposed framework.
The data placement policy has been validated based on the energy consumed, time fac-
tor and cache hits. The stability in disk idle time has been analyzed using the disk idle
time threshold. It is followed by a energy and time measurement while executing the

requests.

Figure 4.2: Experimental testbed.
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Table 4.1: Disks configuration

Features | Disk 1 Other Disks SSD

Interface SATA 6Gb/s SATA 3Gb/s NCQ S-ATA Gen3, 6Gbps
Hard Disk | STH500DMO002- ST3250318AS KINGSTON

Model ID | 1BD142 SA400837120G
Firmware | RSM7 X4120006 SBFKB1D1
Revision

Hard Disk | ZDESKRTS 174179804281 50026B76831AB6ES
Serial

Number

Table 4.2: Disk states and power consumption

Description Value in W(HDD) | Value in Watt(SSD)

Idle <5W
Active <8 W 0.195 idle/

Standby Power 04 W 0.27 w Avg/0.64(max) read
Spin-up-Power 14.63 W /1.35w (max)write

Spin Down 1.83W

The Experimental setup is categorized into the following phases.

e Data Placement Validation

e Disk Idle State Validation

e Energy Reduction Validation for Request Execution

e Comparisons

4.5.1 Validation of Proposed Approach: Data Placement Tech-

nique

The main motive of the data placement approach is to place the maximum used predicted
data in the hot disks(SSD cache) and the remaining in HDD. Figure 4.3 illustrates energy
and time consumed while allocating the data to the multiple disks. These parametric

values are determined by changing the number of user’s queries, which ranges between

1000 and 5000.
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The energy consumption during data allocation is validated in Figure 4.3a [107]. The
total energy consumption is significantly decreased on applying the proposed data place-
ment algorithm. The frequency-based data distribution takes a maximum of 1999 J
for executing 5000 queries, which is increased to 3387 J on randomly distributing the

data.

Energy Consumed in Data Placement Time for Data Placement
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(a) Energy consumption

(b) Query execution time

Cache Hit Ratio

Cache Hit(%)
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(c) Cache hits

Figure 4.3: Data placement validations

The time taken for buffering of the frequently used predicted data in the hot disk is
shown in Figure 4.3b. Although, the execution time escalates with an increase in the
number of queries, still it takes only an average of 177 sec to execute the queries on using
the proposed placement algorithm. This is much lower when compared with the 214 sec

consumed when the data is distributed randomly.

Furthermore, the data placement results are also validated through the high cache hits.
Most of the data accesses are satisfied by the hot disks that provides 78.5% average cache
hit ratio, as shown in Figure 4.3c. It confirms that only 20% of the data is utilized most

of the time by the user. Only, a new query fired by the user causes a cache miss as
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notified in the case of 4000 queries, yet lead to 70% of cache hits. Hence, an efficient data
placement approach enables the other HDDs to remain stable in low power state for a
much longer duration [123]. It elongates the idle period of the disk inorder to reduce the
frequent disk spins. The following sections verifies the stability in the state of disk idle
time monitoring.

LogicalDisk: % IdleTime. Instance: C:

120 T
PerfCounter
Baseline

100 v=i7=v=ﬁ= ol

80
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Percentage

40
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‘warn if | pwer
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01:22:00 01:32:00 01:42:00 01:52:00 02:54:59

Time

Figure 4.4: Disk idle state analysis using analyser monitor

4.5.2 Validation of Proposed Approach: Disk Idle State Moni-
toring

The efficient data placement also elongates the idle state of the disk by concentrating the
request on the set of hot disks. Thus, reduces the shorter stay of the disk in standby mode
even in case of frequent requests. To check the stability in the state, the predefined idle
time threshold is fed to the SQL check-up monitor that displays a record of a disk in an
idle state and keeps the disk in idle mode until it crosses the that threshold using SmartCtl
commands. Figure 4.4 shows the percentage of idle state encountered encountered by the
disk with respect to time. Initially, the disk is continuously spinning from 1:22:00 to
01:42:00 as the energy-efficient operation is yet to be applied. Now on applying efficient
placement approach, the disk stays in an idle state with out spins as shown in the time

slot 01:42:00-01:52:00. Such long duration of the idle state in case of frequent requests
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decreases the spinning rate, which reduces the sudden power shoots, hence results in

maximum energy savings.

4.5.3 Validation of Proposed Approach: Energy Reduction

The user inputs request to the disk which successfully executes the query. Energy con-
sumption and execution time have been measured while completing the whole process.
The impact of file size, replication number, data size and disk ratio are examined on

energy and time reduction.
(a) Impact of Data Replication

Energy and time with respect to the data replication has been measured. Data as-
sociated with the popular queries are replicated in hot and cold disks that results in
reduced energy consumption. As reported in Figure 4.5a, the replicated frequently
accessed data reduces energy from 2541 J at replica 2 to 1331 J on reaching replica
5. The decrease in reduction is seen until the replication reaches the saturation
level. The energy consumed in replica 4 and 5 do not show much difference by

consuming 1397.12 J and 1331.12 J respectively.

Effect of Replication on Energy consumption Effect of Replication on Execution Time

3000
2000
1000

Energy(J)
Time{sec)

Replication Factor Replication Factor

(a) Energy consumption w.r.t to replication (b) Execution time w.r.t to replication

Figure 4.5: Impact of data replication

Another important advantage for data replication is the reduced response time for
data access. Allocating and maintaining the predicted popular data in hot disks
significantly decrease access time. As seen in Figure 4.5b, the time taken to execute

the queries reduces from 0.8 sec to 0.4 sec as the replica factor is increased from
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2 to replica 4. However, the replication factor should be selected carefully as the
excessive replication may increase the associated costs. There is no reduction in
energy and time when the replication factor is increased to 5. Hence, the obtained
results indicate that the proposed replication always keeps the energy and response
time within the boundaries, provided the replica factor should be well optimized.
Therefore only the frequently accessed data objects should be replicated to reduces
the total number of replicas. The following subsection reports the effect of data

size on energy and time inorder to execute the request.
(b) Impact of Data Size

This section represents the energy consumption when the number of queries are
varied from 1000 to 4000. Figure 4.6a reports the little increase in energy con-
sumption when 1000 and 2000 queries are fired by consuming 968J and 1245 J
respectively. This is possible due to repeated usage of same queries along with
an easy availability of data locations caused by the efficient data placement using
replication. Howsoever, the energy is linearly scaled and is hiked to 2175 J incase

of 4000 queries.

Effect of Data Size on Energy consumption Effect of Data Size on Execution Time

Energy(J)
Time(sec)

3000
4000 4000

#Queries #Queries

(a) Energy consumption w.r.t to request size  (b) Execution time w.r.t to the request size

Figure 4.6: Impact of request size

Further, the delay in the execution is also seen with an increase in the number of
queries (see Figure 4.6b). It consumes 0.48 sec to execute 1000 queries, which is
scaled to 0.8 sec while executing 5000 queries. However, executing 2000 queries

does not show large difference due to less delay caused by the least frequent spins
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encountered. This is possible due to timely buffering of popular predicted data in

SSD cache.

(c) Impact of Disk Ratio

Unlike in the case of data replication, the energy consumption with the different
disk ratio is less sensitive. It is mainly due to the fact that hot disk mostly remains
active while cold stays in standby state for maximum time. To better understand
the impact of varying disk ratio on energy and time consumption, the number of
queries are set to 3000. Figure 4.7a reports the obtained energy consumption levels
with the disk ratio varying from 1:4 and vice versa. 1:4 consumes 917 J because
less number of hot disk causes cold disk to spin frequently, whereas 2:3 maintains
the equilibrium between the disks and reduces energy consumption to 852 J. The
similar scenario is seen for the execution time (Refer Figure 4.7b). It is decreased
to 0.4 seconds at 2:3 and again incremented to 0.65 second in case of 4:1 disks due

to an increment in the number of hot disks.

Effect of Disk Ratio on Energy Consumption Effect of Disk Ratio on Execution Time
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(a) Energy consumption w.r.t to the disk ratio  (b) Execution time w.r.t to the disk ratio

Figure 4.7: Impact of ~

So, devising to keep the maximum disks in standby mode allows the substantial energy
and time savings. Further,the superiority of the proposed approach has been tested on

comparing and contrasting with the other approach as presented below
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4.6 Comparative Analysis: Proposed Approach With
Existing Approaches

The results of the proposed approach have been compared with the reference benchmarks

as well as the existing literature.

4.6.1 Comparative Analysis: Data Placement Approach

Efficiently placed data in accordance with its usage frames the base to obtain maximum
energy savings. The proposed approach takes into account the data placement based on
the frequency. This is the reason for our energy-efficient technique to save maximum
energy. The energy-saving results are compared with the zipf and random distribution
used in [98]. According to Figure 4.8a, the results obtained through frequency-based
distribution saves the maximum energy with an average of 78 %, whereas Zipf and ran-
dom distribution could save 55 % and 25 % respectively. This confirms that efficiently
replicating and segregating both the data and disks can reduce energy consumption as

well as improves the performance.

Data placement is also compared through the cache hit ratio, i.e. the number of times
the data hits the cache disk. Figure 4.8b graphically compares the average cache hit ratio
using various schemes available in literature by taking 400 queries at random. When the
data is prefetched using uniform distribution and Zipf distribution (SP_Uniform, Sp_Zipf,
and Sc)[124],[125], the average cache hits are calculated as 56.2 %, 55% and 46.6%,
respectively. Our present technique outperforms the others by providing an average
cache hit ratio of 78.5%. Further, Figure 4.8c shows the cache hit comparison with various
replacement policies used in the literature such as Distance-based Predicted Region Policy
(DPRP) and Predictable Markov based Cache Replacement (PMCR). Our hybrid LRU-
LFU provides the highest cache hit ratio for all range of queries as compared to other

techniques. It provides the best value of 0.95 for 200 queries and yields a 0.77 hit ratio
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Figure 4.8: Data placement comparisons with existing literature

for 150 and 250 queries. While PMCR and DPRP provide 0.48 cache hits for 100 queries.
PMRC could perform a little bit better as compared to DPRP when the number of queries
are raised. But with the highest hit ratio of 0.57, it could not overcome our proposed

technique.

4.6.2 Comparative Analysis: Energy Reduction

The trendline in Figure 4.9a depicts the energy savings achieved with different workloads
under various schemes. Our proposed technique could save up to 90% energy under the
least workload and 75% at the highest given workload when compared with existing tech-
niques such as Dynamic Power Management (DPM), Heuristic-m, and Block Exchange
(BIEX) [103]. Passive disk spins are the main causes for the maximum energy savings.
The existing techniques such as DPM, BLEX, and Heuristic-m could only save the average

energy up to 65%, 33% and 38.6%, respectively, due to the active disk spin-ups.

Further, the response time penalty has also been reduced due to efficient buffering of the
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Figure 4.9: Energy and time comparisons with the existing techniques

predicted popular data in hot disk that remains ready to execute the query. It saves the
time taken to spin up the disk inorder to execute the request, Figure 4.9b compares the
execution time taken by our intelligent approach with the Reliable Energy-Efficient Stor-
age System (RESS) and Modified Parallel Log-Structured File System (PLFS) proposed
in [126]. The results demonstrate that the current approach performs much better for
100 and 200 queries by taking 23 and 30 sec, respectively. PLSF takes the maximum exe-
cution time of 40 sec. REES (PLSF-EE ) performs equally well in executing 300 and 400
concurrent outputs, which takes approximately 30 sec to complete. The results specify
that an intelligent energy aware approach can significantly decrease the number of disk

accesses, that saves the energy and improves the performance.

4.7 Conclusion

In this chapter an intelligent energy-aware approach has been proposed that allocates the
data among the disks according to its predicted frequency. Besides the prediction and
placement, it also combines the merits of intelligent scheduling resulting in the reduced
energy and time consumption. On the arrival of the request, the most suitable disks
are searched and selected using disk state monitoring such that the disk in the standby
state would not be used. It follows least waiting time and maximum remaining idle time

selection criteria incase all the searched disks are in active and idle state respectively. The
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proposed approach has been validated in real time environment resulting in maximum

energy time reduction.

89



Chapter 5

An Intelligent Energy Aware Approach for
Cloud Data Centers: A Case Study on OLTP

Applications

This chapter verifies the effective working of the whole framework using OLTP commer-
cial applications benchmarked with financial and websearch traces. The entire framework
1s 1mplemented in the cloud environment by integrating storage capabilities into it. The
results of both prediction as well as energy aware approach are evaluated using respective
evaluation metrics. The working of the proposed approach along with the dataset is de-

scribed well. Moreover, the implementation of the method is highlighted in two stages.

Firstly, the storage prediction model using classified ensembled approach is evaluated by
analyzing the traces of an applications and predicting the frequency of data files. The files
are tagged as popular and unpopular using predicted threshold frequency. The prediction
results are validated using accuracy, error rate, precision, recall, and F-measure. Sec-
ondly, the predicted frequencies of files are used in an intelligent energy aware approach
to place them in disk according to its predicted popularity. It correspondingly schedules the
request to disk that would consume least enerqy. The results are evaluated using energy
efficiency and execution time in the cloud environment. The optimal replica factor and

disk ratio are well recognised for each application.



5.1 OnLine Transaction Processing - Case Study as
Big Data Applications

OLTP, is a class of information systems that manages the transaction oriented appli-
cations, specifically data entry or retrieval transaction processing. OLTP application
involves good amount of both reads and writes. Such applications are composed of a
series of files or a single large file with a specific format stored in a disk. The broader
analysis and prediction along with energy efficient techniques are needed to be employed

to process such applications in cloud data centers.

Big Data Applicati'on Traces

4’/
{r

Trace
customisation

.distribug/‘”‘\
.models.hdd

CloudSimDisk

.cloudelets

Frequency Predictions

Models Performance

KSVM Accuracy —
Decision Tree | Errors .scheduling

Ensembling Precision/Recall
MCV F-Score, ROC

.power.models.hdd

Figure 5.1: Energy aware approach in cloud environment

An seen in Figure 5.1, the traces of a few OLTP commercial applications such as finan-
ciall, financial2, websearchl, and websearch2 are collected. The characteristics of the
trace include I/O commands that include Logical Block Address (LBA), Application-
Specific Unit (ASU), size, opcode, timestamp. Files in a trace are associated with a
limited number of ASU. Therefore, the frequency of each ASU value is calculated to pre-

dict and classify the popular and unpopular files using storage prediction model. The
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best prediction model is selected using RMSE, accuracy, precision, recall, F-score and
ROC. Further intelligent energy aware approach is executed where, the files associated
with a predicted ASU frequency greater than threshold frequency are replicated in hot
and cold disks and rest are placed only in the cold disks. On the arrival of the requests,
the disks are searched and selected in accordance with their states using idle and waiting
time threshold. Accordingly, the energy and time consumption is calculated by selecting
the most suitable disk that can succeed to save power. The whole framework in validated

in cloud environment by integrating storage capabilities into the cloud platform.

5.1.1 Traces of OLTP Applications

The trace used in a current work, keeps the record of the files associated with financial and

websearch applications . Traces along with their characteristics are shown below
e Financial Traces

Financial traces are extracted from the OLTP applications running at two financial
institutions as available by the Storage Performance Council(SPC). Records in the
trace file represent /O commands like LBA, ASU, size, opcode, timestamp refer

(Table.5.1).
e Websearch Traces

Websearch 1, websearch 2 and websearch 3 traces are recorded from a famous search

engine. Websearch bears the same characteristics of financial traces.

5.2 Experimental Results and Analysis

This section focuses on the experiments and simulated results in a cloud environment. The
simulations are implemented on an Intel(R) Core(TM)i7-8550U CPU 1.80GHZ 2.00 GHz

processor with 8 GB RAM on the 64-bit operating system. CloudSimDisk that extends

lhttp://traces.cs.umass.edu/index.php/storage/storage/
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Table 5.1: Characteristics of OLTP traces

Characteristics Abbrevation Definition

Application specific unit ASU The ASU is a positive integer associated with

an application

Logical block address LBA The LBA describes the ASU block offset of

the data transfer in interger format

Size S The size describes the number of bytes of the
file.

Opcode o} Opcode can Read or Write

Timestamp t The timestamp represents teh time in sec-

onds

Table 5.2: Disk state and power consumption

Description Value in W(HDD) | Value in W(SSD)

Idle 3 W

Active 5.8 W :

Standby Power 0.4 W 2'056 W;Stl.e/ o

Spin-up-Power 4.63 W 0 W Ackly

Spin Down 1.83W

Manufacturer HGST Western Digi- | Intel X18-M G1
tal

Model Number HUC109090CSS600 SSDSA1IMHO080G1

capacity (MB) 2100000000 2100000000

Average Rotation Latency | 0.003 0.0003

(s)

Average Seek Time (s) 0.004 0.0004

Maximum Internal Data | 198.0 198.0

Transfer Rate (MB/s)

CloudSim Toolkit 4.0 integrates the HDD model and HDD power model using DiskSim

4.0 [108]. Intel X18-M G1 SSD and HGST Western Digital HDD are configured to store

22 GB of OLTP applications whose configurations are presented in Table 5.2.

The experimental results of the proposed work has been verified and categorized into two

sections:

e Data Frequency Based Storage Prediction Model

e An Intelligent Energy Aware Approach Using Storage Prediction Model

Further, the impact of disk ratio, replica factor, request size on energy consumption,

and time has been investigated. The most optimized replica, disk ratio for each
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application has been selected as explained below.

5.2.1 Results: Data Frequency Based Storage Prediction Model

In this segment, an assessment of the proposed storage prediction approach is represented
for 7OLTP” applications. The performance of machine learning classification models is
evaluated using accuracy, errors, precision, recall, and F-score where an ensemble model

is selected.

5.2.1.1 Validation and Selection of the Best Prediction Model

The performance of the ensemble model is seen to be better than the individual models as
seen in Figure 5.2. These individual models are used as a baseline scheme for performance

evaluation.
e Accuracy

An ensembled model leads to the best prediction accuracy of 0.89. It is followed
by a decision tree that provides an accuracy of 0.82. The accuracy generated by

KSVM reaches to 0.71, whereas the linear model could yield only 0.66.
e Error Rate

Ensemble model successfully reduces the error rate by up to 0.13, which is impossible
for the individual model to attain. The decision tree generates 0.23 error and KSVM

yields 0.28, whereas 0.34 is seen as the highest error rate by linear model
e Precision and Recall

The proposed model leads all other models with 0.9 and 0.87 precision and recall.
Decision tree contributed its best to generate an accurate ensembled model by
providing 0.8 precision and ROC. KSVM generates equivalent range for precision

and recall.
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e [score and ROC

F-score of the proposed ensembled model reaches to 0.9 with 0.85 as a best ROC
value among all other models that were ensembled. Least value of 0.67 and 0.63 is
noticed in case of linear model. Decison tree and SVM provided almost equivalent
values but decision tree could overcome SVM but failed to perform well when com-
pared with the proposed model. Hence ensemble model again proved to best for

multiple cloud applications, followed by the decision tree, and linear model.

ML Model Selection

Values

M Decision Tree
M Linear Method
SVM

m Ensemble

Models

Figure 5.2: ML model selection using performance parameters:

5.2.1.2 Performance Validation: Selected Ensembled Model

The actual and predicted results of an ensembled model are confronted using boxplot.
The narrow box plot for the predicted values in Figure 5.3a reveals the matching values
between the actual and predicted data. Moreover, the reliability of the model is verified
using K fold cross-validation for accuracy, error rate, precision, recall, ROC. Figure 5.3b
depicts the 5-fold CV, where average accuracy is noticed to be 0.87 and with .15 errors.
Similarly, the cross-validation of precision reflects 0.89 as the maximum value. It scored

0.82 as an average ROC.
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Figure 5.3: Validation for selected ensembled model

5.2.2 Results: An Intelligent Energy Aware Approach

Further, the results are recorded to investigate the relationship between application type
with energy and time consumption. According to the mathematical formulation presented
in the section 4.3, the total energy is consumed in data placement, disk searching and
selecting which is followed by the energy consumed by the number of spins made to reach
the states for some duration. The obtained results help us to understand the advantage

of data predicting and tagging in energy aware approach.

5.2.2.1 Data Placement approach

The energy consumed while allocating the files to hot and cold disk is stated in Figure 5.4a
using replication 2. Financial 1 consumes 7150 J to get placed in a disk. It is seen that
financial 2 consumes minimum energy about 3470 J to get allocated. While allocation,
the SQL proves to be the second minimum energy consumer after financial 2. It consumes
5710 J to get placed such that the requests can be executed in a more energy-efficient way.
Maximum energy of 9900 J is consumed by websearch 2 whereas, websearchl consumed
7800 J. This is a one-time allocation process that would be followed by the multiple

iterations of the request execution which follows intelligent scheduling.

Figure 5.4b compares the time consumed by each application to get placed in the disks.
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As shown in the figure, financial2 takes a shorter time of 3000 sec to allocate. While,
webserach3 consumes 5000 sec, whereas financial 1 and websearch 1 do not show much
difference while getting allocated. The allocation time for websearch 2 is maximum among
all other applications which may be due to the variation in the workload. Although
our proposed allocation algorithm consumed significant energy and time but it takes
advantage of data locality while executing the request. Also, the data replication would
reduce the probability of suffering disk spin-up delays resulting in least energy and time

consumption as shown in the following subsections.

Energy Consumed in Data Allocation Execution Time for Data Allocation
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Figure 5.4: Energy efficient data allocation

5.2.2.2 Energy Reduction

To ensure the energy efficiency and the performance of the applications in cloud data
centers, the energy and time consumption have been measured when the user inputs the
request to the disk. Every access to file is validated in terms of replication factor, file size
and disk ratio. It also unveiled the best replica factor along with the best hot and cold

disk ratio for each data application.
(a) Energy Reduction: Replication Factor

Energy consumed on executing the applications is validated on increasing the data
replication factor from 1 to 5. The increases in the replication factor provides a

more choice to assign a request to the most available disk such that other disks
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can remain in standby mode for the longer duration. Thus frequent spins can
be reduced. As shown in Figure 5.5a, the energy consumption decreases with an
increase in the replication factor. In case of financial 1 and financial 2, the energy
consumption gently falls with an increase in the replication factor. On the other
hand, energy consumed by websearch 1 drops drastically to 1000 J at replica 5.
About 71.59% less energy is consumed by increasing the replication factor. Energy
for websearch 2 drops from 3100 J to 1730 J on reaching replication 4. The energy
consumption again increases to 2750 J as it approaches replica factor 5. A similar
trend is seen for SQL trace with the least difference in energy consumption at factor

D.

The proposed algorithm also saves time with an increase in replication due to the
decrease in the delays caused by disk spins. The availability of more multiple
locations to execute the request is the foremost reason to reduce the execution time.
The other reason can be the reduction in the additional queuing delay. Figure 5.5b
compares request response time for various workloads. Financial 1 gradually reduces
its time from 0.9 sec to 0.56 sec with an increases in the replication factor from 1
to 5 . Financial 2 shows slow reduction in time respectively. Websearchl reduces
the maximum execution time to 0.6 sec when replication factor is incremented to
5. This happens due to the less probability of suffering from the disk spin-up delay.
Time for executing websearch2 increases from 0.72 to 0.8 sec as it approaches to
replica 4 to replica 5, whereas time does not show significant effect while SQL trace

is executed.

Hence, from the results, it is clear that energy consumption effects only in case of an
optimized replication factor. Once that optimized factor is increased, no reduction
in energy and time would be seen for any application. Also, the number of replicas
should be selected wisely because excessive replication may increases the cost and

traffic load within the data center.
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Figure 5.5: Impact of data replication factor

(b) Energy Reduction: Request Size

The impact of the average request size on energy and time consumption has been
examined in Fig. 5.6. Figure 5.6a shows the energy consumed in executing the
request of 2 GB, 3 GB, 4GB, 5 GB for various applications. It takes 782.228 J,
833.21 J, 900 J to run 2GB,3GB, 4 GB files of financial 1 respectively. The energy
increase to 1500 J when 5 GB of file is executed. Financial 2 consumes minimum
energy for executing files of all the sizes. The energy consumption ranges from
480-600 J while running 2GB to 5 GB files. Websearch 1 consumes 1400 J for 2 GB
which is increased upto 1700 J to run 5 GB of file. Webserch 2 consumes maximum
energy among all the traces. 2000 J and 2200 J is consumed for running 2 and 3
GB file whereas it increases upto 2250 J while 4-5 GB files are executed. SQL takes

1250 J which is increased upto 1500 J as the size increases from 1 to 5 GB.

The similar scenario is seen for the execution time. Time consumed to finish the
request also increases gently with an increase in the file size (see Figure 5.6b). Re-
sponse time of both financial 1 and financial 2 gently increases when the request
size is prolonged from 2 to 5 GB. Similar scenario is seen for websearch 1 by con-
suming minimum 0.00157 sec to maximum of 0.0020 sec. WebSearch 2 again takes
the maximum time to execute the file of all the size. It takes 0.00325 seconds to

execute the 5GB of file.
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Figure 5.6: Impact of request size

(c) Energy Reduction: Impact of Disks Ratio

This section shows the impact of the ratio of a hot and cold disk on energy and
time using disk scheduling algorithm. Various files of same size are executed using
replica 3, where the range of hot and cold disks varies from 12:8 to 18:2. Figure
5.7 plots the performance patterns that are similar to those in previous sections.
As shown in Figure 5.7a and 5.7b, when ~ is configured from 12:8 to 18: 2, the
energy and time consumption first decreases and then increases in case of financial
1. It shows the best result with 16 hot disks and 4 cold disks. The energy and
time consumption decrease when the number of hot disks are brought to 16 for
financial2. The best choice for financial 2 is 16: 4 which consumes about 513.177 J
of energy with the lowest response time of 0.0010 sec, may be due to the repetitive
use of the large amount of same data. A similar trend is seen for web search 1.
Energy and time taken by 14:6 and 16:4 do not show much difference for webSearch
2. Both the ratios consumed 1222 and 1202 J energy with 0.0041, 0.0040 sec of time
respectively, whereas, the same amount of energy about 573 J is consumed with
14:6 and 16:4 while processing SQL trace. It is also noticed that for all the traces,
energy and time increases when the number of hot disks are brought to 18. Hence,
the number of hot disk should be chosen well such that it consumes the minimum

energy.
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. It can be concluded that the best value of v depends upon the type of cloud applica-

tion.

Hence for all the experimental results, it can be summarized that the access delay becomes
smaller with the data replication. Also, for all the replication scenarios, an increase in

the size of data objects increases data access delay but with the little extent.
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Figure 5.7: Impact of ~

5.2.3 Comparative Analysis: Data Replication

Energy consumption among various scheduling algorithms [32] using data replication from
1 to 5 has been compared in Figure 5.8a. The energy consumed in the case of random
distribution remains constant as 1 J for all the replication factors. This is because it ran-
domly assigns the request to all the locations. Heuristic decreases the energy consumption
from 0.88 to 0.8, 0.68, 0.56 J with an increase in the replication from 1 to 5. Weighted
Set Cover (WSC) saves more energy then heuristic due to the priori knowledge about
requests while later only has the single request information at a time. Further, Maximum
Weighted Independent Set (MWIS) uses set cover and independent set algorithms to re-
duce energy. Since, the data replication in our experiment is selected using the frequency
usage, so, the hot disks constantly receive the requests such that the cold is longer spun
down. Hence, the proposed approach proves to be the lowest energy consumer among all

the replica factors tested here. It successfully reduces the energy consumption from 0.58
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at replica 2, 0.5 in replica 3, 0.46 at replica 4 and finally, it reduced it to 0.38 at replica
5. This leads to 6% of less energy consumption on comparing it with all the existing

techniques.
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Figure 5.8: Energy and time comparisons for data replication with existing literature

Figure 5.8b compares the response time of existing approach with the proposed when the
data replication is increased to 5. Random and heuristic did not show much improvement
in time. In case of random, the requests suffers additional queuing delay. The decrease in
the time is seen for WSC and MWS, where WSC achieves shorter request response time
than WMS. However, our proposed technique significantly reduces the time execution
from 0.6 to 0.5 while approaching replica 5. Hence the response time is reduced by

18.26% due to fewer disk spin-up/down operations.

5.3 Conclusion

The performance of an intelligent energy aware approach has been validated on OLTP
traces by integrating storage capabilities in the cloud environment. The storage prediction
model used in a approach possess the least error rate, highest accuracy, precision, recall,
and F-score on predicting file frequency. Further, these prediction results have been used
to place the data among the disks. The requests are scheduled such that least energy and

time is consumed while executing it. The proposed framework could save data pollution
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by replicating the data that would be accessed frequently. It could recognize the optimal
replica factor for each application. It also shows an increase in the energy consumption
and delay with an increase in the data size. It could reveal the best ratio of a hot and cold
disk based on the application. The next chapter concludes all the chapters and presents

future directions.
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Chapter 6

Conclusion and Future Scope

In the world of overflowing data, cloud storage has become a prevalent technology for sav-
ing information-driven data. Cloud data centers provide on-demand computing storage to
users by storing and processing 10 intensive applications. However, the cloud deployment
of these applications lead to the various challenges including energy efficiency. Energy
consumption in data centers is still an important concern that requires attention. Storage
power consumption comprising of disks is mazrimum among all the other entities present

in data centers.

This thesis addresses the need for a prediction based enerqy efficient approach for the
cloud environment. The work proposes storage prediction model that implements classi-
fied ensemble approach for predicting the frequency of data to analyze data usage patterns.
Further, based on the prediction results of storage prediction model, it implements an in-
telligent energy-aware approach which places the predicted popular requests in hot disk and
schedules the request to the most available disk. The proposed framework is also validated

on SQL and OLTP traces

Finally, the whole thesis has been summarized in this chapter. The progress made in
attaining the objectives of the research work in terms of prediction and energy efficiency
in the cloud environment has been well portrayed. The outcome of each chapter, along
with the contributions of the research work, are also specified briefly. Furthermore, this

chapter outlines a number of directions for future research work.
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6.1 Conclusion

The motive of this research work has been to provide an intelligent energy aware approach
for big data storage in cloud data centers. The whole process is validated using SQL trace
of real-world Dublin use cases in real world invironmet. Further The performance has
also been evaluated on OLTP (e.g., e-commerce) applications benchmarked with financial
and websearch I/0 traces in cloud environment. The key findings of this research work

are summarized below:

The Chapter 1 begins with an overview on big data and its applications. It clearly
demonstrates the relationship between big data and cloud computing by exploring cloud
data centers. Further, it discusses various big data challenges where energy efficiency
has been recognised as a major challenge. It reflects the taxonomy of energy efficiency
techniques where challenge efficient storage presents the motivation behind this research
work. Thus primary contributions has been framed and organization of the rest of this

thesis has been laid.

Chapter 2 reveals the empirical research on big data and its challenges, where the storage
energy efficiency has been recognised as a major challenge which is in infancy. So, the
various ways to resolve this challenge has been well explored. It surveys existing data
prediction approaches followed by existing energy efficient data placement techniques.
Additionally, an extensive survey of the existing energy efficient disk scheduling that
includes various threshold techniques are explored. This chapter also reveals various tools
and platforms used by various authors to implement storage energy-efficient techniques.
Further, the limitations and gaps pointed out in the existing research help us to bridge
the research gaps. Based on these gaps, the problem formulation and objectives of this

thesis are outlined.

Chapter 3, reflects the need to get familiar with the data usage trend in order to reduce

storage energy consumption. The prediction can be used in efficient data placement
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among disks that would lead to the efficient disk scheduling, hence save energy and time.
Prediction results also help in identifying which data objects need to be replicated and
where. This chapter proposes storage prediction model that firstly, generates the SQL
trace of SCATS data of Dublin city, Ireland. Some addition and essential features such
as frequency and idle time are extracted using tools and arithmetic caculations. Machine
learning-based ensembled approach is applied to predict the frequently used query using
frequency as a target variable. Furthermore, the predicted results are tagged as popular
and unpopular data based on threshold frequency. The performance of the proposed
approach is validated with the 87.5% accuracy, 11% error rates, 89% precision, 87%
recall, and 88% F-score.The Experimental results proved to be improved on comparing

it with the existing models.

Chapter 4 reveals the next step to prediction that needs to be taken in order to obtain
energy efficient data centers. Prediction results are used in efficient data allocations
followed by the intelligent scheduling. This chapter showcases an intelligent energy aware
approach where the predicted popular data is replicated in hot and as well as cold disks
while unpopular data is only placed in cold disks. When user inputs the request, an
intelligent scheduling technique is applied that searches and selects the most available disk
that will execute the request in minimum energy and time consumption. The standby
disk will not be disturbed in any case thus maximising the energy savings. The whole
framework is validated in a real-world environment, where our proposed technique could
save up to75% energy with 9.7% decreased execution time when compared with existing

techniques.

Chapter 5 explores, validates, tests and compares the whole intelligent energy aware
approach on OLTP applications in cloud environment. Various traces of OLTP appli-
cations such as financial, financial2, websearchl, websearch2, and webserach3 contains
common features. Among all the features, the ASU is selected whose frequency has

been calculated, predicted and tagged as the popular and unpopular files using prede-
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fined threshold. The proposed technique is implemented in the cloud environment using
CloudSimDisk that models the storage component. The effect of 39% energy and 18.26%
time savings are noticed on varying the replication factor, file size, and disk ratio for each
trace. The optimized replica, best disk ratio for each application is noticed that can be
used to make energy-efficient data centers. The following outlines the key contributions

of the thesis:

e Various characteristics and challenges of big data applications in cloud data centers
have been explored. Subsequently, the relationship between big data and cloud
computing has been studied. The existing energy efficiency challenges pertaining

to big data storage in cloud data centers have been recognized.

e Pertaining to the energy-efficient storage techniques, various research challenges
have been identified followed by its solution that includes prediction approaches,

data placement and disk scheduling techniques

e Storage prediction model has been proposed that predicts data frequency using
classified ensembled approach. Based on the prediction results, it categorizes the

popular and unpopular data using a predefined threshold frequency.

e An intelligent energy-aware approach has been framed that takes predicted popu-
lar and unpopular requests as an input to distribute them in hot and cold disks
respectively. It further schedules the request to the best-identified disk that can
save maximum disk spins and consume the least energy and time. Execution time,
energy savings are validated on the real-world use case of Dublin City, in a real-time

environment.

e The results of the proposed intelligent energy-aware approach are also validated in
cloud environment using various big data commercial applications such as OLTP.
Besides the best replica and disk ratio for each application has been recognised

based on the performed experiments.
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e Besides the experimental results are compared with the existing approaches that
exhibit the efficacy of the proposed approach with 87.5% accuracy, 87% recall, 89%
precision, 11% error rate and 88% F-score for prediction results. Also, the energy
savings for 39% along with the 18.26% time reduction are received for energy aware

approach along with the little overhead cost.

6.2 Future Scope

This thesis elevates the knowledge of intelligent energy aware approach for cloud data
centers. It has uncovered new research areas in cloud computing that requires further

research. Some of the future research directions are mentioned below:

e Various cache levels and disk blocks can be brought in to the picture. Data mi-
grations and write offloading can substantially be used in a future to enhance the

productivity of the framework.

e The future plan also includes the involvement of hadoop technology in the proposed
system. Hadoop Distributed File System (HDFS) data node replication policy
would be applied on multiple disks which can result in faster data processing with

more energy savings.
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