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Abstract

Recent trends in big data have shown that the amount of data continues to increase at an exponential rate. This trend has inspired many
researchers over the past few years to explore new research direction of studies related to multiple areas in big data. Hadoop is one of the
most popular platforms for big data, thus, Hadoop MapReduce is used to store data in Hadoop distributed file systems. While, cloud
computing is considered an excellent candidate for storing and processing the big data. However, processing big data across multiple
nodes is a challenging task. The problem is even more complex using virtualized clusters in a cloud computing to execute a large number
of tasks. This paper provides a review and analysis of the impact of using physical versus cloud cluster in the processing a large amount
of data. This analysis has an impact on the processing in terms of execution time and cost of using each one of them. The result indicates
that the use of cloud virtual machines helped better utilize the resources of the host computer.
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1. Introduction

Recent trends in big data have shown that the amount of data continues to
increase at an exponential rate. This trend has inspired many researchers
over the past few years to explore new research direction of studies relat-
ed to multiple areas in big data. Cloud computing is considered an excel-
lent candidate for storing and processing the big data. Cloud computing
“is a model for allowing ubiquitous, convenient, and on-demand network
access to many configured computing resources (e.g., networks, server,
storage, application, and services) that can be rapidly provisioned and
released with minimal management effort or service provider interaction”
[1]. Moreover, cloud computing has numerous promising features to
address the fast growing of economies and technological obstacles. It
offers an overall cost of ownership and permits companies to focus on the
core business without worrying about issues such as infrastructure, flexi-
bility, and availability of resources [2].

While existing research on Hadoop has shown great improvement, nu-
merous performance challenging problems yet to be solved. Hadoop
composed of one master node and several data nodes dependents on the
size of the cluster. Users can make their choices according to the availa-
bility of the resources and the nodes.

A multidimensional resource may be considered using a series of re-
sources such as CPU, memory, network bandwidth. For example, a slot
management scheme is proposed by [3] in order to enable dynamic slot
configuration in Hadoop. The idea behind slot management scheme is to
improve resource utilization and reduce the completion time of multiple
jobs.

This paper aims to provide analysis on the performance of Hadoop appli-
cations using physical and cloud cluster. This analysis has an impact on
the processing in terms of execution time and cost of using each one of
them. Normally, during the execution of the big data using Hadoop clus-
ter, the processing time of the job on a machine is assumed to be fixed in

advance. However, in reality, it demands resources to complete the job
and the execution time is determined internally by many resources allo-
cated.

The rest of the paper is structured as follows: Section 2 provides an over-
view of Hadoop cluster and the life cycle of the big data process. Section
3 presents the performance analysis. Finally, a conclusion is provided in
Section 4.

2. Overview of HADOOP Cluster

Hadoop has offered a new alternative way to efficiently mining petabytes
of unstructured information across multi-machines with lower cost com-
modity hardware. As an important technology, Hadoop is increasingly
becoming an attention to the necessity of big data processing in recent
years. Hadoop is developed using Java program and is an open source
which offers an effective way to make use of the current infrastructure
and cost for the distributed processing of huge amount of data using a
large cluster of commodity hardware [4-5].

The mastermind behind the development of Hadoop is Doug Cutting
after his son's toy elephant [6] based on Google File System GFS [7] and
Google’s MapReduce distributed computing environment. Hadoop com-
prises of two components, which are distributed file system called
Hadoop Distributed File System (HDFS) and the computational layer
that implements a processing paradigm called MapReduce.

Hadoop distributed file system (HDFS): HDFS is developed to provide
data storage for cluster commodity hardware [8]. The concept is based on
Master-slave architecture where one node act as the master and multiple
nodes act as slaves storing blocks of data. The namenode manages a
hierarchy of file system and directors namespace (i.e., Metadata). File
systems are presented in a form of NameNode which register attributes
such as access times, modification, permission and disk space quotas.
The file content is split into large blocks and each block of the file is
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independently replicated across DataNodes for redundancy as well as
periodically sends a report of all existing blocks to the NameNode.
MapReduce Data processing engine: MapReduce [9] is a simplified
programming model for processing large amount of datasets pioneered
by Google for data-intensive applications. MapReduce model built on top
of the Google File System (GFS) [7] and adopted by open source
Hadoop implementation, whase development popularized by Yahoo.
YARN: Hadoop Yarn is a framework, which provides a management
solution for big data in distributed environments [10]. The main idea is to
separate the resource management and job scheduling from the data
processing allows Hadoop to supports various big data computing para-
digms such as interactive analysis and stream processing. Moreover,
Yarn offers Hadoop framewaork a giant flexibility in terms of job comple-
tions, which offer an effective management and monitoring of the work-
loads.

Table 1 illustrates the advantage and disadvantage of the Hadoop plat-
form in terms of physical and cloud cluster deployment.

Table 1: Advantages and disadvantages of the Hadoop platform

Hadoop Advantage Disadvantage
Platform
Physical Easy to manage Slow in terms of pro-
cluster Make use of low-cost com- | cessing
munity computers Costly
Require special place
Cloud Hadoop clusters can be set up | Difficult to manage
cluster on demand. Sometime not reliable
Physical infrastructure can be
reused.
You only pay for the CPU
time you need.
The cluster size can be ex-
panded or contracted on
demand.

More recently, there has been some effort to the proposed Hybrid envi-
ronment in MapReduce framework. For instance, Sharma, Wood and
Das introduced hierarchical scheduler for hybrid data centers with two-
phase named HybridMR [11]. The algorithm comprises of multiple vir-
tual machines and physical to make use of both paradigms. Firstly, the
information acquired from HybridMR profiles to estimate virtualization
overheads based on incoming MapReduce jobs to gauge can automatical-
ly guide placement between physical machines and virtual machines.
Secondly, HybridMR builds run-time resource prediction models and
performs dynamic resource orchestration to minimize the interference
within and across collocated interactive and MapReduce applications.

Hadoop Virtual Machines

Fig. 1: Physical vs. Cloud cluster.
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Figure 1 shows the difference between physical and cloud cluster. Both
of them consist of multiple machines act as the data nodes and master
node. The physical cluster is connected using local area network (LAN)
each machine may have its own specification in terms of RAM, storage,
and processor. However, cloud computing is based on virtual machines
that are the computer architectures and provide the functionality of a
physical computer. The performance of each virtual machine is dynamic,
meaning that the resources of the machine can change on demand.

Big Data processing differs from traditional data processing primarily due
to the volume, velocity and variety characteristics of the data being pro-

cessed. The first step in the big data processing lifecycle (see Figure 2) is
the collection of data known as data sources. This data sources can be
video, audio, images, text files and database data. Big data can come
from different sources such as social media, bank transactions, cloud,
IoT, industries, etc. All these collected data has to be re-processed before
it can be sent for analysis. There are many tools used for pre-processing
data such as hive and pig. Then the result is kept in NoSQL databases for
later used. Generally, Hadoop is one of the most popular platforms for
big data, thus, the Hadoop MapReduce is used to store data in Hadoop
distributed file systems. For processing the stored data, the MapReduce
programming model is used based on two main functions namely, map
and reduce. Besides MapReduce, there are many other tools which can
be used on top of MapReduce for analysis such as Mahout, spark, and
storm. The final output can be used for decision making by the organiza-
tion. Figure 2 shows the big data processing lifecycle.
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Fig. 2: Big data process lifecycle.

3. Performance Analysis

This section provides analysis of the impact of using physical versus
cloud cluster at the processing a large amount of data. The reason to con-
duct such analysis is to identify the importance of cluster usage in terms
of the cost of execution time and the utilization of the resources to com-
plete the tasks. A physical cluster is a group of computers connected by a
local area network (LAN), where Hadoop distribution is installed directly
on the physical machines that are bounded by disk I/O. In contrast, cloud
computing is a type of computing that relies on sharing heterogeneous
computing resources to deliver computing services over the Internet in a
convenient and scalable manner [12].

In the cloud, Hadoop distribution is installed on the virtual machines,
where multiple "machines™ does not require full physical resources at all
times because the underlying infrastructure is shared [6]. Moreover,
Hadoop has specifically designed for storing and processing unstructured
data in a homogeneously distributed computing environment, which run
on commodity hardware. The experiments were carried out in the cloud
and physical cluster machines. We use five PCs as well as five Virtual
Machine (VM) with the following configurations: 2.80 GHz processor, 2
GB main memory, and 1000 GB disk space. Hadoop cluster is used on
Linux Ubuntu 14.04 where one machine runs a NameNode and
ResourceManager, and the remaining are running DataNode and
DataManager. Moreover, we use PingER data sets of different sizes
varying from 500MB to 2 GB.

Table 2 provides a result of the comparison between the physical cluster
and cloud cluster in terms of execution time.

Table 2: Comparison between physical and cloud cluster in terms of exe-
cution time

Data size (GB) Physical Cluster (s) Cloud (s)
1 46.28 42.04
2 53.44 51.67
3 69.30 50.57
4 97.57 60.39
5 124.92 90.23

As shown in Figure 3 and 4, the experimental result illustrates an increas-
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ing number of data size of the cluster, significantly increase the time
necessary to run the application on bath physical cluster and cloud. It
shows for both physical cluster and cloud require less time to finish the
jobs. Hence, running jobs on a cluster with a large number of data is the
main motivation for using Hadoop to process big data. Given the relative-
ly low commodity hardware of physical cluster, the results were fairly
significant. Using five nodes of machines to run the jobs practically in-
crease the runtime, compared with one node. Thus, increasing the num-
ber of machines could lead to increase in runtime as the cluster size in-
creased.
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Fig. 3: Comparison between physical cluster and cloud in terms of runtime.
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Fig. 4: Comparison between physical cluster and cloud in terms of
runtime.
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Nevertheless, the results indicate the unavailability of free resources.
Running five cloud nodes put a considerable load on the host computer
running the virtualization software and pushed the CPU Lutilization to
100%. This indicates that the use of cloud virtual machines helped better
utilize the resources of the host computer. However, these machines
require an optimal scheduling algorithm in order to reduce the overall
execution time. The monetary cost to complete the entire workflow based
on cloud platforms (e.g., Amazon EC2) is also an important metric as the
resources are claimed on demand and will be charged as long as it is
used. The monetary cost is closely related to the completion time. How-
ever, they do not always correlate due to the pricing scheme in the cloud.

4. Conclusion

Hadoop has offered a new alternative way to efficiently mining petabytes
of unstructured information across multi-machines with lower cost com-
modity hardware. This paper aims to provide analysis on the performance
of Hadoop applications using physical and cloud cluster. This analysis
has an impact on the processing in terms of execution time and cost of
using each one of them. The results indicate the unavailability of free
resources. Running five cloud nodes put a considerable load on the host
computer running the virtualization software and pushed the CPU utiliza-

tion to 100%. This indicates that the use of cloud virtual machines helped
better utilize the resources of the host computer. However, the continuous
growth in the size of the data-centers containing Hadoop MapReduce
clusters of hundreds and thousands of machines to support many users
has let in a tremendous increase in the energy consumed to operate these
large-scale data centers. Consequently, energy efficiency becoming a key
open issue in the development of different techniques and approaches to
optimize power management in Hadoop clusters [13]. Furthermore, in
interactive data analysis, MapReduce workload runs in large clusters,
whose size and cost make energy efficiency a critical concern on
MapReduce, particularly in a cloud environment in which large equipped
infrastructure is involved.
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