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A B S T R A C T  

Size is the first, and at times, the only dimension that leaps out at the mention of big data. This Report 

attempts to offer a broader definition of big data that captures its other unique and defining 

characteristics. Data is generated from various different sources and can arrive in the system at various 

rates. In order to process these large amounts of data in an inexpensive and efficient way, parallelism is 

used. Big Data is a data whose scale, diversity, and complexity require new architecture, techniques, 

algorithms, and analytics to manage it and extract value and hidden knowledge from it. 

 

This paper also outlined big data analytics. Hadoop is the core platform for structuring Big Data, and 

solves the problem of making it useful for analytics purposes. Hadoop is often provided as a shared 

multi-tenant service and is used to store sensitive data as a result, strong authentication and authorization 

is necessary to protect private data.  

 

As significant portion of big data is actually Geospatial data and the size of such data is growing rapidly 

at least by 20% every year. There are many challenges and opportunities which Geospatial big data 

brought. Several case studies have introduced to show the importance and benefits of the analytics of 

Geospatial big data. There are new emerging platforms for sharing the collected Geospatial Big data. 

 
Today a huge amount of Geospatial data is being created, collected and used more than ever before. The ever 

increasing observations and measurements of geo-sensor networks, satellite imageries, point clouds from laser 

scanning, Geospatial data of Location Based Services (LBS) and location-based social networks has become a 

serious challenge for data management and analysis systems. Traditionally, Relational Database Management 

Systems (RDBMS) were used to manage and to some extent analyze the Geospatial data. Nowadays these systems 

can be used in many scenarios but there are some situations when using these systems may not provide the required 

efficiency and effectiveness. More specifically when the Geospatial data has high volume, high frequency of 

change (in both data content and data structure) and variety of structures, the conventional data storage systems 

cannot provide needed efficiency in online systems in terms of performance and scalability. 

 

In these situations, Hadoop solutions can provide the efficiency necessary for applications using Geospatial Data. 

This report provides an overview of the characteristics and benefits of Geospatial big data, possible solutions for 

managing and processing them. Then the report provides an overview of the major types of GIS Tool Hadoop with 

solutions. The report’s primary focus is on the Hadoop Framework used for Big Data and Tools which are given by 

ESRI to empower GIS with Geospatial data. The researchers in academia and industry have spent a lot of efforts to 

improve the value of Geospatial Big Data as well as take advantage of its value. 
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Introduction 

Big data is not a new concept or idea; however, there is no clear definition for big data (Zaslavsky, et. al, 

2013). The term "big data" originated as a tag for a class of technology with roots in high-performance 

computing, as pioneered by Google in the early 2000s (Hopkins, et.al 2012) Big data is defined as large 

amount of data which requires new technologies and architectures to make possible to extract value from 

it by capturing and analysis process. The following big data definitions sampled from mostly grey and 

some scholarly literature show just how wide ranging and troublesome it is to adopt a definition of the 

term “big data”. 

 

1.1 Definition of Big Data 

Many people believe Big Data is simply a large amount of data, but it is defined by more than just size. 

Leading IT industry research group Gartner, 2001 defines Big Data as:- 

”Data are high-volume, high-velocity, and/or high-variety information assets that require new forms of 

processing to enable enhanced decision making, insight discovery and process optimization”. 

Similarly, Tech America Foundation (2013) defines big data as follows: 

“Big data is a term that describes large volumes of high velocity, complex and variable data that require 

advanced techniques and technologies to enable the capture, storage, distribution, management, and 

analysis of the information.” 
Some more definitions given about of Big Data by different proposers are as given in Table 1.1 

Table 1.1 More definitions of Big Data 
Name of 

Proposer(s) 
Year Definition(s) 

Manyika, et al., 2011 
“Big Data” are datasets whose size is beyond the ability of typical database software 

tools to capture, store, manage, and analyze. 

Hopkins & 

Evelson 
2012 

“Big Data” is techniques and technologies that make handling data at extreme scale 

affordable. 

Paredes 2012 

Big Data” is a science of fielding algorithms that enable machines to recognize 

complex patterns in data. It fuses machine learning with a very deep understanding of 

computer science and algorithms and that, of course, is key to being able to take 

machine learning and deploy it in a very scalable way. 

Rooney 2012 
“Big Data” is the ability to mine and integrate data, extracting new knowledge from it 

to inform and change the way providers, even patients, think about healthcare. 

Shah 2013 

“Big Data” is a bubble just filled with hot air – at least for now. Everyone is talking 

about it but when you dig a bit deep with a pointed question, very quickly you 

discover that it has nothing much to do with the Big Data 

New sources of big data include location specific data arising from traffic management, and from the 

tracking of personal devices such as Smart-phones. Big Data has emerged because we are living in a 

society which makes increasing use of data intensive technologies. Due to such large size of data it 

becomes very difficult to perform effective analysis using the existing traditional techniques. So the 

various challenges faced in large data management include scalability, unstructured data, accessibility, 

real time analytics, fault tolerance and many more. In addition to variations in the amount of data stored 

in different sectors, the types of data generated and stored like encoded video, images, audio, or 

text/numeric information. 
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1.2 Growth of Data 

It is not a secret that data is changing in both quantity (volume) and format (variety). Explosive growth 

(velocity) is the most obvious example of data change as evidenced by these statistics: 

i. IBM estimates 2.5 QT bytes of data are generated each day. 

ii. 90% of the data in the world is less than two years old. 

 

Reasons for the data explosion are largely due to new technologies generating and collecting vast 

amounts of data. These sources include 

i. A typical, large stock exchange captures more than 1 TB of data every day.  

ii. There are around 5 billion mobile phones (including 1.75 billion smart phones) in the world.  

iii. Large social networks such as Twitter and Facebook capture more than 10 TB of data daily.  

iv. There are more than 30 million networked sensors in the world. 

v. Internet and intranet websites across the world. This trend will be even accelerated since the 

world becomes more and more mobile in these days. As in Fig.1.1, in India, the Internet traffic from 

mobile devices already exceeded that from desktop computers. 

 
Fig 1.1Mobile Internet traffic in India (Meeker, 2012) 

Big data platforms such as Hadoop (White, 2012), Hive(Thusoo, et. al, 2009), and MongoDB (Plugge, et 

al, 2010)have been developed such that users can implement big data analytics software very easily on a 

distributed, parallel computing platform. In Big data structure contain structure, semi-structure and 

unstructured data. In Big data 90% data is unstructured. This unstructured data is spatial data or 

Geospatial data from tracking devices, sensors, radar, Google Earth. 

 

1.3 Big Data in Remote Sensing or Geospatial Big Data 

The RS ‘‘Big Data’’ is continually acquired for processing and knowledge discovering. Generally, the 

RS data processing is somewhat on-the-flow processing. The entire processing is into several stages as 

shown in fig 1.2.  
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Fig 1.2 Entire Remote Sensing processing flow 

 

Wherein, a number of preprocessing techniques are employed in the preprocessing stage, radiometric 

correction, geometric correction, image enhancement for removing noise and correcting inconsistencies. 

The value-add processing is responsible for processing geo-referenced data, including the fine correction, 

ortho-rectification, fusion, mosaic and etc. The information abstraction stage produces various 

information products, such as LAI, LST, and NDVI and so on. While, the thematic applications normally 

across various disciplines, examples are disaster monitoring, global change and etc. Take the large-scale 

spatial and temporal analysis of socio-economic phenomena for example; various types of data 

describing the same region are synthesized together for processing. These data could involve some large 

region covered fully structured data including GIS data, thematic maps and even social statistical data 

(population, temperature and GDP). Accordingly, the processing of these massive RS data is quite a 

challenging issue. The difficulty lies in the data storing, memory loading, processing and also analyzing.  

If these challenges could not be properly surmount, the RS big data would become a treasure that we are 

not capable of exploring it. These research issues include: 

 

 The difficulties lie in the efficient managing of the massive data of collected through Remote 
Sensing techniques. 

 The intensive irregular data access patterns charge for the poor parallel I/O performance. 

 The loading and transmission of RS Big Data. 

 Tons of data-dependent tasks for optimal scheduling. 

 The efficient and productive programming of RS applications on hierarchical cluster-based parallel 

system. 

 

1.4 Objective of the Study 

 

i. To introduce Big data and its challenges with its different processing tools. 

ii. To explore the parallel and distributing computation capabilities of Big data analytics for Geospatial 

Big Data like Hadoop with GIS. 
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BIG DATA AND HADOOP  

2.1 Big data characteristics 

Data is described within the Gartner (2001) definition based on the three Vs characteristics as shown in 

fig2.1. 

 

i. Volume  

Volume refers to amount of data. Volume of data stored in enterprise repositories have grown from 

megabytes and gigabytes to peta bytes. 

ii. Variety 

Different types of data and sources of data. Data variety exploded from structured and legacy data stored 

in enterprise repositories to unstructured, semi structured, audio, video, XML etc.  

iii. Velocity 

Velocity refers to the speed of data processing. For time-sensitive processes such as catching fraud, big 

data must be used as it streams into your enterprise in order to maximize its value. 

 

In terms of the three Vs, the Gartner definition effectively says that: There is a lot of data, it is coming 

into the system rapidly, and it comes from many different sources in many different formats.  

 
 

Fig 2.1 Three Vs(Gartner, 2001) 

 

Some authors defined Big Data in 4 Vs and the fourth V can be Value, Variability or Virtual. More 

commonly, big data is a collection of very huge data sets with great diversity of types so that it becomes 

difficult to process by using traditional data processing platforms. 

 

2.2 Structure of Big  Data 

As Big data have variety of data. Here variety mean there are basically three types of data. Structured 

data, Semi structured data and unstructured data 

 

i. Structured data 
Data that resides in a fixed field within a record or file is called structured data. This includes data 

contained in relational databases and spreadsheets. 

 

ii. Semi structured data 
Semi-structured data is a form of structured data that does not conform with the formal structure of data 

models associated with relational databases or other forms of data tables. XML, NoSql is semi structured 

data. 

 

iii. Unstructured data 

Unstructured data is data that does not follow a specified format for big data. If 10 percent of the data 

available to enterprises is structured data, the other 90 data is semi and unstructured data. Unstructured 

text via Twitter Tweets on smart phones, spatial data from tracking devices, Radio Frequency 
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Identification (RFID) devices, and audio and image files updated via smart devices. This unstructured 

data is Geospatial Data which is received from different devices. Data from mobile devices, sensors, 

radar, Google Earth is unstructured data or geospatial data. 

2.3 What is Remote Sensing (RS) ‘‘Big Data’’ 

The Remote Sensing data are the earth observing data continuously obtaining from   space-borne   and 

airborne sensors, as well   as some other data acquisition measurements. With the exponential growth of 

data amount and increasing degree of diversity and complexity, the remotely sensed data are regarded as 

RS ‘‘Big Data’’. However, since the whole idea of big data is still remaining relatively new, most of the 

start off efforts is focusing on the definition and discussion of the realm of the big data. This is also the 

case for the remote sensing and earth sciences domain to offer the definition of what RS ‘‘Big Data’’ 

really is. The RS ‘‘Big Data’’ not merely refers to the volume and velocity of data that outstrip the 

storage and computing capacity, but also the variety and complexity of the RS data. There are several 

aspects and features of the RS ‘‘Big Data’’ that need to be discussed: the huge volume and rate of RS 

data, the diversity of RS data and also the complexity of RS data especially the higher dimensionality. 

2.3.1 The huge volume and velocity of RS data 

With the recent advances in sensors and earth observation techniques, we are entering the high-resolution 

observation era (EOS-4). The satellite observation network technique is also employed to seek shorter 

revisit cycle and larger coverage in the compensation for the limitations of a single sensor. Currently, 

more than 200 on-orbit satellite sensors are capturing multi-spatial, multi-temporal RS data from multi-

sensors. These continual global  observing   data  are  capable  of  covering the  global  atmosphere,  land  

surface as well  as oceans. Wherein, the NASA’s Earth Observing System Data and Information System 

(EOSDIS) (Pfister, 2000) has successfully managed a growing archived RS data which would currently 

exceed 7.5 petabytes. During the year 2012, EOSDIS have already distributed more than 4.5 million 

gigabytes of data (Ramapriyan, 2013).  

Considering the velocity of data, the RS data archives of EOSDIS are undergoing a growth of 4 TB daily. 

The data flow offers to the users around the world everyday would be about 20 TB, which also means 

more than 630 million data files. Every unit time, the observing data gathered from nearly 100 active 

missions of NASA would be about 1.73 GB . The increasing of remote sensing data also brings in the 

rapid growth of the metadata.  For EOSDIS, the amount of data records in the metadata database would 

probably outstrip 129 millions and also dramatically increasing at a rate of more than 60 thousand every 

single day (Ramapriyan, 2013). 

For a data center point of view, I take the statistics of satellite data center of CAS (Chinese Academy of 

Sciences) for case study. As is demonstrated in Table 2.1, the data streaming through downlink is around 

0.9 Gbps would probably exceed 1.6 Gbps if high-resolution satellites are counted. The aggregate 

downlinking bandwidth of the multiple satellites is around 3.7 Gbps and would add up to be more than 10 

Gbps. The volume of data acquired from a single satellite is about more than 500 GB every day. The total 

volume of data acquired by three ground stations connecting the data center sums up to about 2 TB per 

day, and exceeds 0.5 petabytes per year. For a single data center, the volume and data generating rate is 

considered as moderate ‘‘Big’’ and also manageable (Ramapriyan, 2013) from a physical infrastructure 

point of view. While, according to the statics of OGC (OGC, 1999), data archives of a nation-wide 

satellite data center would be several petabytes(PB), and the global one would probably exceed one 

Exabyte. It is extremely massive data waiting for processing. 
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Table 2.1 Satellite data center: the volume and velocity of RS data. 

 

Satellites 
Velocity 

(Mbps) 

Volumes 

(GB/Day) 

Volumes 

(TB/Year) 

HJ-1B 60 57 20.32 

HJ-1A 120 114 40.63 

ZY-03 900 498.38 176.22 

ZY-02C 320.00 175.78 62.66 

SPOT-4 50.00 10.99 3.92 

LANDSAT5 85.00 28.02 9.99 

RADASAT-2 105.00 57.68 20.56 

RADASAT-1 105.00 57.68 20.56 

SPOT-5 100.00 54.93 19.58 

ENVISAT 100.00 32.96 11.75 

IRS-P6 210.00 46.14 16.45 

LANDSAT8 440.00 241.70 86.15 

 

2.3.2 The complexity of RS data 

The diversity and high dimensionality of data commonly lead to the complexity of the RS ‘‘Big Data’’. 

The remote sensing data normally serves many earth science disciplines, such as environ- mental 

monitoring, land processes, atmospheric, hydrology and oceanography. The wide range of applied 

disciplines gives rise to the diversity of the RS data. As we know that the archives of NASA nearly 

includes 7000 types of data sets. In most cases, the RS data sets are stored in structured files using 

various standard formats, including HDF, netCDF,  GeoTIFF,  ASCII and so on. Normally, these 

standard data formats have different data organizations, like different standards presenting metadata tags, 

different physical structures for organizing metadata and satellite image data. Accordingly, different data 

formats have its own format specific operation interfaces and libraries. The diversity of data makes the 

accessing and using of RS data significantly difficult especially for the non-experts. 

With the advent of high resolution earth observation, we have sensors with even higher spatial resolution, 

temporal resolution and also spectral resolution. As a result, we have large numbers satellites and sensors 

with different resolutions (table 2.2). For a spatial resolution perspective, the high resolution satellites 

include HJ-1C (5 m), SPOT-5 (2.5 m), IKONOS (1 m), Quickbird (0.61) and Orbview-5 (0.41 m). The 

median-resolution satellites are LandSat serial satellites (LandSat-5 TM (30 m), LandSat-7 ETM+(15 m) 

and LandSat-8 OLI (15 m)). The low-resolution satellites involve NOAA (1 km), MODIS (250 m) and 

FY-1 to FY-3. Considering the temporal resolution, the re-visit cycle of SPOT would be 1 to 4 days, 

while NOAA would only take few hours. For the spectral point of view, the Hyperion sensor consists of 

220 spectral bands with a resolution of 10 nm, the WIS instrument has 812 bands and also the hyper 

spectral imager equipped in HJ-1A has 128 bands. Following this way, the RS data with a wide variety of 

different spatial, spectral and even temporal resolutions would inevitably result in the complexity of the 

RS data. On the other hand, the regional to global remote sensing applications like global climate change 

or global estimation of grain yield are exploiting multi-temporal, multi- spatial RS data from different 

sensors for processing. Obviously, these advances always lead to the pixel’s multi-dimensionality. 
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Table 2.2 High Resolution sensors with resolution(Spatial & Temporal) 

 

 

 

 

 

 

 

 

 

 

 

In addition, the complexity of RS data also lies in the metadata organized into complex data structures. 

As shown in Fig. 2.2, the RS data consist of abundant metadata for self-description, including image para 

for describing the basic size and type information of image data, map info that indicates the geographical 

location of the data, like latitude/longitude coordinate of image. The projection para includes some 

structured geographic projection parameters which vary with different projection methods. The complex 

data structure for organizing the metadata also makes the easy use of the RS data rather trivial. The other 

factor to be concerned is that the RS data are naturally geographically distributed among data centers. 

This also poses complexity of managing and exploiting large region covered RS data which are 

distributed located for a long time-series analysis. 

 
Fig2.2 Metadata Organization of RS Data 

2.4 Big Data Potential and applications 

The Big Data aim is to improve decisions and competitiveness for companies and the public 

administrations, which will create a significant growth of the world economy. According to the report 

from McKinsey institute (2011), Big data help to better listen to costumers, better understand their ways 

of using services and hence the offer. These applications also have benefits in many fields: from 

scientific researches to national security, and from global economy to society administration. 

 

 

 

Name of Sensor Spatial Resolution (m) Temporal Resolution. (days) 

Landsat 8 15 16 

SPOT 5 2.5 5 

IRS 5 5 

Ikonos 1 3 

Quickbird 0.61 3 

FORMOSAT 2 1 

CARTOSAT 2.5 5 

Worldview 0.46 1.1 

ALOS 2.5 2 

Geoeye 0.41 3 
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There are several applications of the Big Data problems, we present briefly the most widespread 

i. Business and Commerce 

ii. Science and Research 

iii. Health  

iv. Smart Cities 

 

2.5 Processing of Big Data 

Explosive data growth by itself, however, does not accurately describe how data is changing. The format 

and structure of data are changing. Rather than being neatly formatted, cleaned, and normalized data in a 

corporate database, the data is coming in as raw. Much of the data generated by new technology is 

unstructured or in a semi-structured data format that makes it more difficult to manage and process. 

Furthermore, while a social media post may be relatively small text, data related to images and audio 

input is very large. The increased size of geospatial data and increased complexity managing to it is a 

difficult task requiring enhancements of how data is managed and analyzed. (Fig.2.3) 

NASA reportedly has accumulated so much data from space probes, generating such a data backlog, 

that scientists are having difficulty processing and analyzing data before the storage media it resides on 

physically degrades. 

 
Fig 2.3:Structured and Unstructured Data As Equal Partners In Spatial Analysis. 

(http://www.gislounge.com/empowering-gis-big-data/) 

2.5.1 Problems with Big Data Processing 

The following are the problems with the processing of Big Data 

i. Heterogeneity and Incompleteness 

ii. Scale 

iii. Timeliness 

iv. Privacy 

v. Human Collaboration 

 

i. Heterogeneity and Incompleteness 

When humans consume information, a great deal of heterogeneity is comfortably tolerated. In fact, the 

nuance and richness of natural language can provide valuable depth. However, machine analysis 

algorithms expect homogeneous data, and cannot understand nuance. In consequence, data must be 

carefully structured as a first step in (or prior to) data analysis. Computer systems work most efficiently if 

they can store multiple items that are all identical in size and structure.  
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ii.Scale  

Of course, the first thing anyone thinks of with Big Data is its size. After all, the word “big” is there in 

the very name. Managing large and rapidly increasing volumes of data has been a challenging issue for 

many decades. In the past, this challenge was mitigated by processors getting faster, following Moore’s 

law, to provide us with the resources needed to cope with increasing volumes of data. But, there is a 

fundamental shift underway now (fig 2.4): data volume is scaling faster than compute resources, and 

CPU speeds are static.  

 
Fig 2.4 Data deluge: the increase of data size has surpassed the capabilities of computation 

iii.Timeliness  

The flip side of size is speed. The larger the data set to be processed, the longer it will take to analyze. 

The design of a system that effectively deals with size is likely also to result in a system that can process 

a given size of data set faster. However, it is not just this speed that is usually meant when one speaks of 

Velocity in the context of Big Data. Rather, there is an acquisition rate challenge. 

iv.Privacy  

The privacy of data is another huge concern, and one that increases in the context of Big Data. For 

electronic health records, there are strict laws governing what can and cannot be done. Managing privacy 

is effectively both a technical and a sociological problem, which must be addressed jointly from both 

perspectives to realize the promise of big data.  

v.Human Collaboration  

In spite of the tremendous advances made in computational analysis, there remain many patterns that 

humans can easily detect but computer algorithms have a hard time finding. Ideally, analytics for Big 

Data will not be all computational rather it will be designed explicitly to have a human in the loop. A Big 

Data analysis system must support input from multiple human experts, and shared exploration of results. 

These multiple experts may be separated in space and time when it is too expensive to assemble an entire 

team together in one room.  

2.5.2 Change in Processing Due to Big Data 

Traditionally, large datasets would reside on a corporate mainframe or in a data warehouse in a well-

defined format, often managed by an advanced Relational Database Management System (RDBMS). 

This is a tried-and-true configuration, but it does not reflect the changing nature of Big Data. As the data 

has changed, so must how it is processed. Traditional BI tools that rely exclusively on well-defined data 

warehouses are no longer sufficient. A well-established RDBMS does not effectively manage large 

datasets containing unstructured and semi-structured formats. Comparison between traditional and 

Hadoop is given in table 2.3 
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Table 2.3 Hadoopvs other DBMS 

HADOOP Dist/parallel DBMS 

Scalability 
Very flexible , high , up to thousands of 

nodes 

Low, from few dozen to at most a hundred no 

of nodes. 

Fault tolerance 

capability 
Very high , esp. designed for this 

Low , lot of work is lost when node failure 

occurs 

Performance 
Lower , because it process unstructured data 

and write intermediate results to disk 

Good , process structured data , and avoid 

writing intermediate results onto disk 

Applications 

type 

Write once , Read many , No data updating – 

Batch Processing 

Read many + frequent updating – User 

Interactive 

Data type Unstructured , Ad-hoc data sets 
Structured , Schema based data , Metadata , 

indexed data 

Data loading 
Faster , Textual data in the form as it was 

originally collected 

Slow , Schemas design and refinement has to 

be done before hand 

Cost 
Low , free open Source , require no 

specialized hardware 

No good open Source Parallel DBMS 

available 

Age 

Launched in 2004 by Google, young piece of 

software , much scope of improvement & 

optimization in future releases 

Exist for over two decades, much of the 

optimization work has already been done 

Queries 

Representation 

Map-Reduce programs , user has to write 

atleast 60-70 lines of code even for simplest 

logic 

SQL Queries , sometimes difficult to 

transform problem into SQL , eg: Graph based 

problems , Compact , just one line required to 

represent a problem 

 

Fortunately, IT vendors and the IT open source community are stepping up to the challenge of Big Data 

and have created tools that meet these requirements. 

 

2.5.3 Big data analytics tools and platforms 

Big Data is a data whose scale, diversity, and complexity require new architecture, techniques, 

algorithms, and analytics to manage it and extract value and hidden knowledge from it. Big data 

Analytics are the tools for extracting, storing and processing. There are number of tools are available and 

some of the Popular Big Data Analysis Platforms and Tools are given in table 2.4. 
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Table 2.4 Big Data Analysis Platforms and Tools 

  

Name Description 
Developed By & 

Year 

Operating 

System 

Hadoop 

The Apache distributed data processing software is so 

pervasive that often the terms "Hadoop" and "big data" 

are used synonymously.  In addition, numerous vendors 

offer supported versions of Hadoop and related 

technologies 

Doug 

Cutting and Mike 

Cafarella , 2005 

Windows 

&Linux, 

MapReduce 

A programming model and software framework for 

writing applications that rapidly process vast amounts of 

data in parallel on large clusters of compute nodes." It's 

used by Hadoop, as well as many other data processing 

applications. 

Google, 2004 
OS 

Independent 

HPCC 

It claims to offer superior performance to Hadoop. Both 

free community versions and paid enterprise versions are 

available. 

LexisNexis Risk 

Solutions, 2011 
Linux 

Storm 

Storm offers distributed real-time computation 

capabilities and is often described as the "Hadoop of real 

time." It's highly scalable, robust, fault-tolerant and works 

with nearly all programming languages.  

Twitter, 2011 Linux 

Cassandra 

This NoSQL database is now managed by the Apache 

Foundation. It's used by many organizations with large, 

active datasets, including Netflix, Twitter, Urban Airship, 

Constant Contact, Reddit, Cisco and Digg. Commercial 

support and services are available through third-party 

vendors. 

Facebook 

(Now Managed by 

Apache), 2008 

OS 

Independent 

HBase 

HBase is the non-relational data store for Hadoop. 

Features include linear and modular scalability, strictly 

consistent reads and writes, automatic failover support 

and much more. 

Apache, 2010 
OS 

Independent 

MongoDB 

MongoDB was designed to support gigantic databases. 

It's a NoSQL database with document-oriented storage, 

full index support, replication and high availability, and 

more 

10gen 

(now MongoDB Inc.), 

2007  

Windows, 

Linux, Solaris 

 

2.6 Hadoop for Big Data 

The most notable solution that is proposed for managing and processing big data is the MapReduce 

framework(Dean,2010). The MapReduce framework is initially introduced and used by Google. 

MapReduce offers three major features in a single package. These features are: simple and easy 

programming model, automatic and linear scalability, and built-in fault tolerance. Google announced its 

MapReduce framework as three major components: a MapReduceexecution engine, a distributed file 

system called Google File System (GFS)(Ghemawat, et al,2003)and a distributed NoSQL database called 

BigTable(Chang, et al,2008). After Google’s announcement of its MapReduce Framework, the Apache 

foundation started some counterpart open source implementation of the MapReduce framework. Hadoop 

MapReduce and Hadoop 2.0 as execution engines, the Hadoop Distributed File System (HDFS), and 

HBase as replacement for BigTable, were the three major projects. Apache has also gathered some extra 

projects like: Cassandara a distributed data management system resembling to Amazon Dynamo, 

Zookeeper a high-performance coordination service for distributed applications, Pig and Hive for data 

warehousing, and Mahout for scalable machine learning. 
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2.6.1 Hadoop framework 

All the modules in Hadoop are designed with a fundamental assumption that hardware failures (of 

individual machines or racks of machines) are common and thus should be automatically handled in 

software by the framework. Apache Hadoop'sMapReduce and HDFS components originally derived 

respectively from Google's MapReduce and Google File System (GFS) papers. The base Apache Hadoop 

framework (White, 2012) is composed of two modules: 

Hadoop Common  & Hadoop Distributed File System (HDFS) Contains libraries and utilities needed 

by other Hadoop modules whereas HDFS is a common example of master/slave architecture. The Name 

node is considered to be the master and Data nodes the slaves. Data nodes consist of data blocks, while 

the Data nodes themselves are grouped into Racks. The architecture of HDFS is shown in Figure2.3. It 

should be pointed out that the default replication factor of HDFS is 3. This means that a data block that is 

initially saved in a single Data node on a random Rack is then replicated on two other Data nodes. One of 

them, by default, is on the same Rack with the initial Data node, while the second one is on a different 

Rack. The default HDFS replication policy defines that no Data node is allowed to contain more than one 

replica of any block and no rack contains more than two replicas of the same block, provided there are 

sufficient racks on the cluster.  

 
Fig.2.5: HDFS Architecture (https://hadoop.apache.org) 

a. Namenode 
The role of the Namenode is the coordination of the whole cluster. There exists only one Namenode per 

cluster, which is responsible for the storage and update operations of the namespace as well as job 

tracking. The namespace is a tree-like hierarchic structure of the file system, – files and directories – 

which maintains a physical address mapping of data block to the equivalent Datanode. Since every action 

on the cluster uses this tree, it is stored in the Namenode’s main memory for faster queries. Due to the 

fact that there is a single Namenode per cluster, techniques such as metadata images, checkpoints and 

backup nodes exist to guarantee fault tolerance and recovery. To sum up, the Namenode is responsible 

for load balancing, job tracking and namespace handling. The latter consists of operations such as 

physical address and block mapping, write, read, open, close and rename. 

 

 

b. Datanode 
Datanodes are the cluster’s storage space and processing units. Every Datanode in HDFS has a unique 

and permanent storage identifier that is assigned to it by the Namenode, the moment it joins the cluster. 

The Namenode uses this ID to recognize the Datanodes and be able to communicate and exchange 

information with them. Once a new Datanode is connected to the cluster, the Namenode registers a 

unique storage ID to it and the newly added node is ready for use, as soon as the handshake between the 

two nodes is complete. The handshake is nothing more than an ID verification process.  

 

 

http://www.ijcrt.org/
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c. SecondaryNamenode 

The secondary namenode job is not to be a secondary to the name node, but only to periodically read the 

files system changes log and apply them into the fsimage file, thus bringing it up to date. This allows the 

namenode to start up faster next time. Unfortunately the secondary namenode service is not a standby 

secondary namenode, despite its name. 

 

d. Task Tracker 
A TaskTracker is a node in the cluster that accepts tasks - Map, Reduce and Shuffle operations - from 

a Job Tracker. Every TaskTracker is configured with a set of slots; these indicate the number of tasks that 

it can accept. When the JobTracker tries to find somewhere to schedule a task within the Map 

Reduce operations, it first looks for an empty slot on the same server that hosts the DataNode containing 

the data, and if not, it looks for an empty slot on a machine in the same rack. 

 

e. Job Tracker 

The JobTracker pushes work out to available TaskTracker nodes in the cluster, striving to keep the work 

as close to the data as possible. With a rack-aware file system, the JobTracker knows which node 

contains the data, and which other machines are nearby. If the work cannot be hosted on the actual node 

where the data resides, priority is given to nodes in the same rack. This reduces network traffic on the 

main backbone network. 

 

i. MapReduce 

MapReduce conceals its implementation from the programmer, by requiring the coding of only two 

functions, Map and Reduce. Secondary functions, such as the input reader,  partitioner and the combiner, 

do not require implementation, but are vital to the framework’s functionality.  

 

The concept of the framework is based on divide and conquers philosophy and consists of five tasks: 

i. Iteration over the input. 

ii. Computation of key/value pairs from each piece of input. 

iii. Grouping of all intermediate values by key. 

iv. Iteration over the resulting groups. 

v. Reduction of each group. 

 

Map Reduce is a software framework for distributed processing of large data sets on computer clusters. It 

is first developed by Google.Map Reduce is intended to facilitate and simplify the processing of vast 

amounts of data in parallel on large clusters of commodity hardware in areliable, fault tolerant manner. 

MapReduce is the key algorithm that the Hadoop. 

MapReduce engine uses to distribute work around a cluster. Typical Hadoop cluster integrates 

MapReduce and HDFS layer. In MapReduce layer job tracker assigns tasks to thetask tracker.Master 

node job tracker also assigns tasks to the slave node task tracker Fig.2.4 
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Fig. 2.6 MapReduce is based on the Maser-Slave Architecture(http://hadoop.apache.org) 

 

Master Node Contains  Job Tracker node (MapReduce layer),Task Tracker node (MapReduce 

layer),Name node (HDFS layer)and Data node (HDFS layer). 

 

Multiple slave nodes containTask Tracker node (MapReduce layer), Data node (HDFS 

layer),MapReduce layer has job and task tracker nodes,HDFS layer has name and data nodes. 

 

Single JobTracker per master is responsible for scheduling the jobs component tasks on the slaves .It 

monitors slave progress. It also re-executing failed tasks .As well as singleTaskTracker per slave executes 

the tasks as directed by themaster.Map reduce core functionality is based on the Map phase and reduce 

phase. Code usually written in Javathoughit can be written in other languages with the Hadoop Streaming 

API. 

 

3. LITRATURE REVIEW 

 
3.1 Comparative study of the different research work on Big Data 

Table 3.1 Comparative study of the different research work on Big Data in remote sensing & GIS 

 

S. 

No. 
Title of Paper 

Author(s) 

Name & 

Year 

Brief about Paper 
Methodolo

gy 
Result 

1 

Implementing 

WebGIS on 

Hadoop: A 

Case Study of 

Improving 

Small File I/O 

Performance on 

HDFS. 

Liu X, Han 

J, Zhong Y, 

Han C, 2009 

They propose an approach 

to optimize I/O 

performance of small files 

on HDFS. The basic idea 

is to combine small files 

into large ones to reduce 

the file number and build 

index for each file. 

Hadoop 

cluster, 

HDFS, 

WebGIS 

Application 

 For original HDFS, average 

memory usage ratio is 

42.92% during storing period 

and is 63.53% when system 

is idle. After tuning, values 

are reduced by 15.51% and 

12.05% respectively. 

2 

Research and 

Implementation 

on Spatial Data 

Storage and 

Operation 

Based on 

Hadoop 

Platform 

Wang Y, 

Wang S, 

2010 

This research imported 

cloud computing 

technology including 

MapReduce model and 

Hadoop platform into the 

domain of geographic 

information system (GIS). 

Hadoop 

cluster, 

mapReduce

, OpenGIS 

In calculation of road 

intersection calculation  

Hadoop platform need take 

126 seconds, while the 

OracelSpatial platform takes 

284 seconds.  
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3 

Hadoop-GIS: A 

High 

Performance 

Spatial Data 

Warehousing 

System over 

MapReduce 

Aji A, Wang 

F, Vo H, 

Lee R, Liu 

Q, 2013 

This supports multiple 

types of spatial queries on 

MapReduce through 

spatial partitioning, 

customizable spatial query 

engine RESQUE, implicit 

parallel spatial query 

execution on MapReduce, 

and effective methods for 

amending query results 

through handling boundary 

objects. 

Hive(sp), 

RESQUE, 

PostGIS 

 The time for processing the 

join query on 10X dataset is 

roughly 10 times of the time 

for processing a 1X dataset. 

4 

Building a 

generic 

platform for big 

sensor data 

application 

Lee P, Birch 

D, Wu C, 

Silva D, 

Tsinalis O, 

2013 

This paper explore five 

key challenges in this field 

and provide a response 

through a sensor data 

platform “Concinnity” 

which can take sensor data 

from collection to final 

product via a data 

repository and workflow 

system. 

Microsoft 

Azure,Clou

ds 

By summing all child nodes 

in the hierarchy. This enables 

rapid production of summary 

statistics for a high-level 

overview of sensor or 

simulation data. 

5 

Research on 

vector spatial 

data storage 

schema based 

on hadoop 

platform 

Kunzheng,  

yanlifu, 

2013 

They design middleware 

and merge with vector 

spatial data storage schema 

in order to directly store 

spatial data and present 

geospatial data access 

refinement schemes based 

on GeoTools toolkit. 

Hadoopclu

ster,mapred

uce,Hbase,

Zookeeper,

GeoTools 

In Hadoop client, To 

complete the query of 

J48E023023 road layer data 

from 1:50000 vector data. 

Hadoop platform takes 1.26 

seconds, while the Oracle 

Spatial platform takes 1.34 

seconds. 

6 

Pigeon: A 

Spatial 

MapReduce 

Language 

Mohamed 

EldawyA,M

okbel F, 

2014 

This demonstrations show 

to 

audience how to work with 

Pigeon through some 

interesting applications 

running on large scale real 

datasets extracted from 

Open StreetMap. 

Microsoft 

Amazone 

EC2,Apach

e 

Hadoop,Pig 

Both simple and complex 

analysis 

queriesscaleefficiently by 

executing in parallel on all 

nodes by using Pigeon in the 

cluster 

7 

A framework 

for processing 

large scale 

geospatial and 

remote sensing 

data in Map 

Reduce 

environment(A

EGIS) 

Giachetta R, 

2015 

This paper describes a 

geospatial data processing 

framework designed to 

enable the management 

and processing of spatial 

and remote sensing data in 

distributed environment. 

Hadoop,Y

ARN,Apac

he SPARK 

Results show that this tool kit 

provides a muchbroader 

possibility to advance 

geospatial data processing 

than the currently available 

solutions. 

8 

A modular 

software 

architecture for 

processing of 

big geospatial 

data in the 

cloud. 

Krämera 

M, Senner 

I 2015 

This paper proposes a 

software architecture that 

is modular and flexible and 

supports multiple 

algorithm design 

paradigms such as 

MapReduce,in memory 

computing or agent-based 

programming. 

MongoDB, 

Apache 

Hadoop 

 

This allows all files to be 

processed at once on 8 

different nodes 

in about 4 min which is not 

possible on a local machine. 
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CONCLUSION 

 

i. We have entered an era of Big Data. This report describes the concept of Big Data along with 

3Vs, Volume, Velocity and Variety of Big Data. The report also focuses on Big Data processing 

challenges. Billions of devices are generating unstructured data every day. Most of this data is 

utilized by application for provision of user friendly services personalized according to their 

location. Terabytes to peta-bytes or more of data is required to be processed in seconds to obtain 

time relevant smart output. 

 

ii. In this report we reviewed quantity of parallel and distributed tools and technologies which can be 

adapted for processing of Geospatial data. Several of them are based on Hadoop, which works on 

principle of MapReduce. The utilization of both the parallel and distributed architectures remains 

open for geo-processing owing to the strengths of both. The utilization of parallel architectures for 

compute intensive geo-processing tasks and distributed processing for data intensive tasks. we 

also outlined the importance of Geospatial data, since that are used in almost every research field 

that needs to depict multidimensional data.  
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