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Abstract 

The advancements in the satellite sensor technology have enabled capturing of the 

Multispectral and Hyperspectral images at very high spatial as well as spectral resolutions. Such 

gigapixel raster imagery cannot be processed using traditional processing and computational 

techniques and the information contained therein remains unused. Multispectral and specially 

the Hyperspectral imagery consists of tens to hundreds of band channels and it is difficult to 

process large volume of such data using commodity hardware and image processing software. 

Decision support systems based on geographic data adds a geospatial and temporal dimension 

and requires support for spatial geometries, geographic features, spatial querying, topological 

and measurement constraints, multiple projection systems, etc. This requires development of 

methodology and techniques to overcome the challenges for building geographic knowledge 

based decision support systems. Many systems for big geospatial data processing exist such as, 

Radoop, Hadoop-GIS, SpatialHadoop and GS-Hadoop. Each of them have addressed or have 

tried to address one or several of the big geospatial data mining problems but none of them 

supports processing and mining capabilities for multispectral raster data. In this thesis, multi-

spectral and hyper-spectral imagery data has been used without application of lossy data 

reduction techniques such as principal component analysis (PCA) or any other data 

transformation technique for feature extraction which are normally employed for processing 

large datasets. The datasets and the processing platform used in this thesis is hundreds of times 

larger than compared to those used with several other similar works. Furthermore, the dataset is 

from Landsat Imagery and does not require spatial and spectral corrections. Apache Hadoop is 

a distributed processing framework which supports processing of big data and it has been used 

in this research for processing of satellite imagery.  

This work presents a working model of distributed processing system which can extract 

and describe hidden geographical features from multispectral raster imagery. The information 

mined therefrom can be used as decision support system. The system consists of several data 

processing modules based on Hadoop programming MapReduce framework. Since 

multispectral geospatial raster images cannot be processed directly with Hadoop MapReduce 
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model which ingests data in form of (key, value) pairs, a novel indexing technique has been 

used in the work to preserve the spectral relation for the pixel (features) in the dataset.  

A distributed processing based K-Means classification algorithm is implemented in this 

work and several large size images in spectral and spatial domains have been used to evaluate 

its mining capabilities. The comparison of the processing time required by the distributed K-

Means classification algorithm using a 50 node Hadoop cluster and a 2 nodes Hadoop cluster 

have been performed and the results clearly shows the advantage of using distributed computing. 

The same exercise has also been performed on images varying the data block sizes and it is also 

found that choosing an appropriate Block size will affect the utilization of the Hadoop 

DataNodes and in turn will affect the time required to process the data. The results shows the 

computation of the Block Size for appropriate distribution and utilization of all the node in the 

Hadoop cluster.  

The system contains modules for feature extraction which generates important attributes 

such as Shape Factor, Perimeter (km.), Area (km2) and Centroid for the extracted features. 

Spatial indexes NDVI, NDRI, NDWI1 and NDWI2 are also calculated. The indices allows to 

identify the vegetation cover and the vegetation water content which is highly useful for 

agriculture and forestry applications. The topographical and topological study modules allows 

to describing the topological and topographical interrelations between the features and attributes 

such as distance between their centroids, the azimuth angle, and the slope of the selected object 

with respect to all the other objects in the area of study. The azimuth angle and slope are 

important factors for water resource planning and modelling solar radiation. The final table 

resultant as output from both the topographical study and topological study serves as an 

important input required in a decision support system (DSS) which can directly use the attribute 

information for water resource planning, urban and rural planning, etc.  
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Chapter 1      

        Introduction    

In the last two decades the field of information technology has witnessed an 

unprecedented growth in the number and variety of data collections as processing technology, 

network connectivity and disk storage have become increasingly affordable. Applications 

related to environmental monitoring, industrial applications, business and human-centric 

pervasive applications have led to dramatic increase in the devices comprising of sensors, 

actuators, and data processors which enables sensing, capturing, collection and processing of 

real time data from billions of connected devices [1]. Simultaneously, the advancements in the 

remote sensing technologies and the number of sources which are collecting and generating 

geographic data have increased dramatically. Terabytes of geographic data is generated on a 

daily basis and the surge of this data finds its roots into the widespread adoption and use of GPS 

and other location based services. This wealth of geographic data has necessitated an urgent 

need for new methods and technologies which can derive useful information and synthesize 

geographic knowledge. KDD technology has emerged as an empowering tool in the 

development of the next generation database and information systems through its abilities to 

extract new, insightful information embedded within large heterogeneous databases and to 

formulate knowledge [2].  

1.1 Knowledge Discovery and Data Mining 

The knowledge discovery in databases (KDD), involves the whole process of extraction 

of information and knowledge from data, and the knowledge here means relationships and 

patterns between data elements. The data mining process is the discovery stage of the KDD.  

The official definition of the KDD is, “the non-trivial extraction of implicit, previously known 

and potentially useful knowledge from data” [3] and from that we come to know that the data 

should be new, not obvious, and one must be able to use it. Why data mining? Data Mining is 

applicable on massive datasets and is not required with traditional databases where exhaustive 

statistical analysis can be conducted. Data mining methods are not rigorous as compared to 
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traditional querying techniques on databases and contain a degree of non-determinism to enable 

them to scale to massive datasets. The SQL is a query language which helps to search data with 

known constraints. On the other hand, the data mining algorithms typically drill in to interesting 

sub-parts of the dataset without knowing the outcome at the start of the mining process. It is 

clear that the KDD is not an activity that stand by itself. A good foundation in terms of data 

warehousing is a necessary condition of its effective implementation. The concept of data 

cleaning which has been discussed in the succeeding section is also very important, which 

involves a data using a normal database routines in order to clean or code it and more important 

part of the KDD process than the actual pattern recognition itself. As much as 80% of the 

knowledge discovery is about preparation of the data and the remaining 20% is about mining 

top extract the hidden information. 

 

Figure 1.1. Data mining life cycle [3]. 

Practical applications of data mining: The United States is in the lead of the data 

mining applications and has developed many tools like the Clementine (from Integral Solutions) 

[4], Intelligent Miner (from IBM) [5], and 4thoughts (from Living Stones)[6]. There are a lot of 

data mining projects get bogged down in the forest of additional problems of lack of long-term 

vision. 

Machine learning and the methodology of data mining: An individual learns how to 

carry out a certain task by making a transition from a situation in which the task can be carried 

out to a situation in which the same task can be carried out under the same circumstances, but 

verification of real change of conduct is not always easy. A self-learning computer can generate 
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programs itself to enable it to carry out the new tasks. If the ability of learning by the computer 

and by the human are compared, it is found that the computer can do both more and less than 

the human. The computer greatest power lies in its speed and accuracy and its greatest limitation 

is the lack of creativity. And as stated   [7] “that the task of the modern scientist is to explain 

and predict”. They presented empirical cycle through which a scientist usually follows to 

achieve the tasks. It is empirical because the predictions can be right or wrong, and if it’s wrong, 

we have to study the new observation and data. The empirical cycle as show in Figure 1.2 consist 

of four stages starting with few observations. These follow analysing and studying the 

observations to extract the embedded patterns. Based on the extracted patterns, theories are 

constructed that describe the data in a better way and also predict new phenomena. In the case 

no patterns are extracted from the observations then new observations could be introduced to 

the cycle. 

A machine should learn from both the positive and the negatives, and the quality of good 

learning algorithm is that it learns consistent and complete defined way. Also the learning should 

be with accuracy, transparency (readable by the human is always better), statistical significance. 

The information content of the output should be as rich as possible [8]. In the machine learning, 

the language in which we express the hypothesis describing the concept is important, and this 

language could be a specialized computer language like Prolog, Lisp, or a special form of 

knowledge representation using database tables. 
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Figure 1.2. The empirical life cycle of knowledge discovery process [7]. 

Data mining and data warehousing: In order to perform any analysis access to all the 

information is needed. This information should be stored in a very large database. The easiest 

way to gain access to this data is to setup a data warehouse where, the operational database is 

made from the day-to-day transactions and is for strategic decision support, and the data-marts 

are a small local data warehouses. Figure 1.3 shows the data flow from the database to the data 

marts. Only the data which is going to be used for the decision making is extracted from the 

operational databases and stored in the data warehouse [9]. The structure of a  data warehouse 

needs to be [10]: 

 Time dependent: There should be a relation between the stored data and the time of entry 

to that data warehouse. 

 Non-volatile: The data stored is historical and can’t be modified. 

 Subject oriented: Built based on the operational database but not all the operational data 

is important to be stored in the data warehouse. 

 Integrated: Only one name must exist to describe each individual entity. 
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Within a data warehouse all the tables, indexes and other forms of optimization are 

designed for the decision support. Therefore, while copying the data from the operational 

database to the data warehouse, names of all the attributes need to changed meaningful names 

to the end user. The general steps for designing a data warehouse are (1) Data model for the data 

warehouse, (2) Specific data management environment, and (3) Copy the information from the 

different databases which support the operational data. Data warehouse requires a high speed 

and a wide variety of optimization processes [11]. Here comes the meta-data, which describes 

the structure of the contents of a database [12, 13]. It is used by both, the end user for the query 

purpose, and the data manager for structuring the management of the database site. 

Designing decision support system: While designing a decision support system the two 

factors that should be looked into are the requirement of the end user (which depend on the user 

type). They can be in a need of a tool to build their own queries themselves, interested on part 

of the information or just need user friendly graphical analysis tool [14]. All these types of 

applications support management in its decision support system. The other factor is the 

hardware and software products of decision support system, where the software type depends 

on the requirement of the end-user, and the hardware requirements depend on the type of the 

data warehouse and the techniques with which the user wants to work with. The data warehouse 

is integrated with the data mining for comparing millions of records while not knowing the type 

of the required information, or in short to find the hidden data. It is almost impossible to mine 

operational databases because they are for different applications with different data types and 

are not historical data. The data warehouse this problem does not exist.  

Multi-processing machine: Data mining and data warehousing are used to give the end-

user a quick answer within a very short time [15]. Genetic algorithms can be employed to 

perform mining tasks in warehouse take each record and can very efficiently compare it with 

other millions of records within a database. To deal with the amount of data multiple machines 

are used for both storage and computation. There are two of the multi-processing machines (1) 

Symmetric multi-processing, and (2). Massively parallel [16]. The cost of using multi-

processing techniques to recognize patterns in data must be compared with the cost of a single 

machine performing the same task. The computer is better than human in the Speed, Complexity 
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and Repetition and employing multiple computers can again multiply these to derive the results 

faster. 

 

Figure 1.3. Data flow in data warehouse [9]. 

1.1.1 The Knowledge Discovery Process 

KDD is defined as, “the nontrivial process of identifying valid, novel, potentially useful, 

and ultimately understandable patterns in data”[17]. Data mining has been historically used for 

mining interesting patterns from the data warehouses and led to the development of a large 

number of algorithms and statistical techniques to find the interesting patterns. KDD is the 

complete process of discovering useful knowledge from data and consists of several stages. Data 

mining is the most important stage in this process where specific algorithms and/or statistical 

techniques are applied on the data for extracting patterns from data. While data mining can lead 

to the discovery of meaningless and invalid patterns, the KDD controls the data mining process 

by providing the correct parameters and techniques or algorithms for extracting novel and useful 

patterns. KDD is the organized process of identifying valid, novel, useful, and understandable 

patterns from large and complex data sets [18]. A large number of methods for use with data 
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mining are available for use in the KDD as no one method is superior or applicable to all cases 

of data. 

KDD has six different stages, and at every stage, the data miner can step back one or 

more phases, whenever such stepping is needed as we cannot discover all the problems in the 

data before starting the mining process. The data mining is on-going process as described in 

Figure 1.4. The knowledge discovery stages are: 

1. Data selection: A copy of the most related data to the existing problem from the operational 

database is restored in a separate database. In order to facilitate the knowledge discovery 

process. This involves collecting the data from the different types of the operational 

databases to a good data warehouse representing a stable and reliable environment in which 

to collect operational data [19]. This process cannot be easy because it involving dealing 

with low-level convention of data such as from files system databases or hierarchical 

databases to a relational database, or the problems of using different levels of qualities while 

storing the data in the operational database.  

 

Figure 1.4. Knowledge discovery process[20]. 
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2.  Pre-processing and Data Cleaning: It solves some of the data problems like, (i) de-

duplication of records. It happens, for example, when the costumer gives wrong information 

or it may happen even because of printing mistake while entering the data. (ii) Lack of 

domain consistency, because of writing the data like (01-01-01) which means the year 1901 

when the user meant 2001. Or even when a customer enters the birthday date as (11-11-11) 

as it is easy. After collecting the data, there can be a lot of population of that data type, and 

need cleaning it up as much as possible [21]. We know that the KDD is an iterative process 

which means one can go back to remove the data records while dealing with data mining 

stage or any other stage. While data mining, one should keep in mind that the operational 

databases contain correct data as it is being used by organization wide processes. Such 

operations will not perform correctly if there are mistakes in the operational databases and 

thus they are taken as correct. The correctness of the historical data cannot be ascertained as 

it may have been stored in different format and may represent data in a different format as 

discussed in the above cases. To maintain a distinction between the birth year of 1901 and 

2001 which can both be represented in the data as 01 is of vital importance. Selecting only 

those records that have enough information value by removing irrelevant data and this is 

done only after making analysis of the possible consequences of such data [22]. This is also 

one of the most important stages in preparing the data for better data mining results. It can 

be done by several different methods, for example, unifying different units (km., meter, 

mile) used in the database to a single type (km.). For making decision whether to keep or 

remove the records which are having a missing data or even refilling those spaces by some 

other data. In this stage we select only those records that have enough information to be 

valued. And we also code the information which is too detailed. 

3. Data Transformation: Adding some other data related to our existing data may help data 

mining. This extra data can be bought or shared from any other source as it can be of a great 

help to the data mining model. Some of the models needs a huge amount of data to perform 

data mining. As [23] stated the data enrichment process is a very important process to 

enhance data, for example, by buying extra information about our database. But this is not 

an easy or straight foreword task. Consistency of an on-going process in the organization 

because matching the information from a bought-in database with our own database could 

be difficult and is well known problem is the reconstruction of family relationships in 
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databases. At the same time it is very helpful to do such an operation of sharing of the 

information between the different databases which could be very helpful for all of them. 

4. Data mining: It’s the discovery stage of the KDD process. There are many different learning 

algorithms, but usually more than one of these algorithms are used as hybrids as some of the 

learning algorithms do very well on one part of the data whereas others fail or do well on 

other pair of data. There is a relation between discovery and data cleaning. It said that the 

data mining is any techniques that help extract more information out of the data, and it’s 

techniques form quite a heterogeneous group. Following different techniques are used for 

different purposes: 

 Query tools. 

 Statistical tools. 

 Visualization. 

 Online analytical process. 

 Case based learning. 

 Decision tree. 

 Association rules. 

 Neural networks simulation. 

 Genetic algorithms. 

First of all, there is no single best machine learning or pattern recognition technique; 

different techniques can be used in a better way using different kind of techniques. For example, 

if we take the three different areas of knowledge exploration, classification, and problem solving 

tasks, there are different techniques better performing in problem solving tasks, like the genetic 

algorithms, and the classification tasks the neural network and the decision tree do better 

performance than any other techniques.  The selection of the data mining technique should take 

care of some important issues related to the input data, output, and the performance. The 

following are some of those issues: 

 Number of the records attributes and type of the attribute in the data. 

 Quality of the output through: 

o Capability of learning rules 

o Ability to learn incrementally- for the case of adding new data 
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o The ability to estimate the statistical significance of the results. 

 General performance of the technique. 

5. Reporting: Results of data mining can take many forms [24], one can use any report written 

or graphical tool to make the result of the process accessible. We don’t want just to inspect 

what we have learned, but would also like to apply and use what we have learned. And for 

this purpose there is now a days many visualization techniques which are emerging with a 

very advance abilities. 

1.1.2 Setting up a KDD Environment  

There are four different types of the knowledge which are Shallow knowledge, Multi-

dimensional knowledge, Hidden knowledge, and Deep knowledge. Before dealing with the 

KDD stages, first an inventory of some issues which are related to types of data, kinds of output 

required are made. Also some issues related to the different available resources are listed. 

Following are the main steps: 

1. Make a list of requirements.  

2. Make an overview of existing hardware and software. 

3. Evaluate the quality of the available data. 

4. Make an inventory of the available databases. 

5. The existence of the data warehouse. 

6. Formulate the present and future knowledge needed by the organization. 

7. Identify groups of knowledge workers or decision makers who use results. 

8. Analyze whether the knowledge found can actually be used by the organization. 

9. List the process and transformations these databases have to go through before they can 

be used. 

After an inventory of these issues is made, the design of the six stages of the KDD 

process can start with data selection, data cleaning, data enrichment, coding, data mining and 

finally reporting. 
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1.2 Decision support system 

With the advancements in technologies and for serving customer across the world, global 

companies have invested in information technology infrastructures which commonly includes 

data warehousing and business intelligence software tools. The data warehouses capture and 

analyse massive amounts of data collected from OLTP systems. The business intelligence 

software are used to create analytical applications to understand the customers, market and other 

business purposes. The analytics derived from the data warehouse is used for enterprise resource 

planning, customer relations management, supply chain management, etc. A comparative 

analysis of business intelligence software (i) MicroStrategy Desktop (ii) Oracle Business 

Intelligence Discoverer and (iii) Microsoft SQL Server Analysis service has been conducted 

with respect to information delivery, dashboards and analysis functionality provided by them 

[25]. It is typically required from such business intelligence and analytical systems to provide 

the information on a real-time basis from OLTP systems and data warehouses. Despite two 

decades of cooperative efforts by practitioners and theoreticians to develop specific DSS, many 

goals in the DSS field remain unfulfilled [26]. Large organizations having processes with high 

data volume and their need for processing and sharing data across many horizontally and 

vertically integrated function units within the company deploy data warehousing and business 

intelligence systems. On the other hand, the associated infrastructure and cost of licensing 

software for business intelligence might not be justified for small companies with few users or 

companies having little volume of information to manage. According to a recent survey SAP, 

IBM, SAS, Microsoft, Oracle, Information Builders and MicroStrategy are top market leaders 

in BI [27]. These systems integrates decision-making processes vertically across the hierarchy 

and horizontally across functional units of the organizations. 

1.2.1 Characteristics of Decision Support System 

Systems built upon databases have been using expressive querying mechanisms to derive 

results from structured data since their inception. In contrast a decision support system is much 

different and does not aim to derive statistics from structured data. A decision support system 

requires to support the increasing volume of unstructured data (the variety of data) which is very 

different from the data handled by traditional databases. A decision support system requires 
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analysis of the data by integrating, interpreting and modelling using techniques not limited to 

the field of computer science but also from linguistics, sociology, and other disciplines. The 

main function is to generate new hypotheses or identify hidden knowledge from interesting and 

insightful patterns found in the data. This emphasis on prediction using application from 

artificial intelligence rather than statistical analysis of data forms one of the most important 

characteristics of a decision support system. Decision support system has a number of 

characteristics [28], which include following: 

 DSS typically are deployed with large amount of data 

 DSS provide support for semi-structured and unstructured data 

 DSS support optimization and heuristic approach 

 DSS can perform “what – if" and goal – seeking analysis 

 DSS equips knowledge component and can utilize previously uncovered facts 

 DSS is used to improve the effectiveness of decision-making (accuracy, 

timeliness, quality) 

 DSS can be developed using a modular approach 

 DSS provides support to individuals as well as to groups 

 DSS has a visualization component 

Nevertheless, more efforts are required to develop methods, tools and techniques that can be 

applied in the development and implementation of effective Decision Support System which 

can meet the needs of organizations. 

1.2.2 Decision Support System in GIS 

The GIS adds a geospatial and temporal dimension to existing challenges of decision 

support systems. While geographic databases can be presented simply as databases having basic 

geometric, topological and measurement constraints, the spatial processing support with 

existing database management system is limited. The spatial support in databases has been 

introduced in the last decade and the support for multiple projection systems, spatial geometries, 

geographic features, etc. is still not natively supported by database management systems. E.g. 

Oracle spatial and PostGIS are extensions to support spatial data with Oracle and Postgresql 

database respectively. The discovery of geographic information from geospatial and temporal 
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databases through intelligent spatial analysis will provide potentially rich source for knowledge 

for creating GIS based decision support systems. Knowledge-based GIS attempts to build 

higher-level geographic knowledge into digital geographic databases for analyzing complex 

phenomena[29]. This requires development of methodology and techniques to overcome the 

challenges for building geographic knowledge based decision support systems.  

Geospatial data is a special case of a computing problem due to its unique characteristics 

which presents with novel problems while creating a decision support system. The unique 

characteristics of geospatial data can be observed right from the start of the data collection where 

the data can be collected or produced in several of the hundreds of raster and vector formats. 

Geospatial data is also collected at extremely short intervals. E.g., positional and tracking 

information systems will require updates with high frequency. To address the problems of 

reasoning and modelling on such high frequency data updates is required for geospatial 

knowledge discovery to support real-time tornado tracking, or avalanche prediction, or other 

localized weather events. Moreover this increasing amount of geospatial data is available 

through the Internet and it is becoming increasingly difficult to locate, retrieve, and analyze. 

This is due in large part to the fact that the Internet lacks a comprehensive catalogue or indexing 

mechanisms for geospatial data which results in the data stores being inaccessible and unused. 

Cataloguing and indexing services which have been used with traditional data requires to be 

adapted as a coordinating infrastructure for multiple data sources and services. 

Another characteristic of geospatial data is that the data repositories tend to be very large. 

There are deployment of novel GIS based on geodatabase data model and object oriented data 

model to overcome some of the challenges when integrating large amount of spatial data with 

existing warehouses. The hybrid data model is useful for knowledge integration where a single 

data model is not sufficient and the spatial data is distributed across disparate database 

management systems. Integration of information from multiple data models forms the domain 

of Spatial Data Acquisition and Integration while the establishment and maintenance of data 

infrastructure needed to support GIScience application forms the domain of spatial data 

infrastructure. Apart from challenges presented for the data modelling, the data mining, Online 

Analytical Processing (OLAP), and visualization of large geographical datasets in decision 

making also present their own unique challenges. 
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The developments and the advancements of geospatial data infrastructure has been ad-

hoc. The development of data mining and knowledge discovery tools must be supported by a 

solid geographic foundation. The requirements of new developments in data mining and 

knowledge discovery have arose from the developments in the emerging spatial data 

infrastructure. Furthermore, the integration of the existing tools for data analysis and modelling 

have not kept up with the spatial, spectral and temporal dimensions and processing requirements 

for geospatial data. The data mining, knowledge discovery methods have not been implemented 

to deal effectively with geospatial data [2]. The design of new procedures and knowledge 

extraction and validation procedures are required to deal with the limitations of the existing data 

mining and knowledge discovery methods when presented with geographical data. The 

introduction of new techniques for use with DSS applications in environmental decision making 

and assessment, water resource management, agriculture, forestry, manufacturing, medicine, 

business and organizational support, and infrastructure, etc. will revolutionize the decision 

making processes. 

1.3 Motivation 

Due to the requirements for various applications related to planning and decision 

making, the NASA’s Landsat 7 program was launched in 1999” [30, 31]. The Landsat 7 program 

served to make a complete temporal archive of cloud free images of the Earth and is still active 

after the launch of its successor Landsat 8 in 2013 [32]. The Earth’s surface as depicted by true 

colour on widely used web mappers services like Google Maps/Earth, Bing Maps, Yahoo Maps, 

etc., is based on colour enhanced Landsat 7 satellite imagery and these services use only a subset 

of the bands which are collected by the sensors on-board Landsat Satellites. There is an 

abundance of information in several other bands which can be used for planning purposes. In 

addition to the satellite imagery, geospatial data is also being acquired by use of drones and 

ground based surveys such as land surveys. Collectively, this geospatial data has grown into 

petabytes and increases by terabytes in size every day [33]. Large amount of processed 

geospatial data is available for development of virtual globe applications from NASA World 

Wind, temporal datasets archived at Google Earth Engine, etc. Beside these, the crowd sourcing 

online efforts such as by OpenStreetMap [34, 35] and Wikimapia have also assimilated terabytes 
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of geospatial data. The amount of geospatial data available is not just an increase in size but 

with availability of higher resolution data has also increased the complexity of processing and 

led to the geospatial “Big Data” phenomenon. According to the authors in [36], the innovative 

techniques and technologies to capture, store, distribute, manage and analyse petabytes or 

larger-sized datasets with high-velocity and different structures are required for big data. It is 

the data sets or combinations of data sets whose size (volume), complexity (variability), and rate 

of growth (velocity) make them difficult to be captured, managed, processed or analysed by 

conventional and off the shelf technologies and tools. It has been stated for geospatial data in 

[37]  that, “the size of spatial big data tends to exceeds the capacity of commonly used spatial 

computing systems owing to their volume, variety and velocity”. These truly encompasses the 

amount of spatial data available today and the rate of data generation and the complexity of the 

operations to be performed in to the boundaries of the big data problem. The authors in [38] 

have supported that spatial data are large in quantity and are complex in structures and 

relationships. The study in [39] draws our attention to spatial interaction, spatial structure and 

spatial processes in addition to the spatial location which forms the basis of any spatial 

processing system. 

The richness of information contained in raster data is due to the number of captured 

bands and their spatial resolution. To derive the full benefits by processing such data, it has 

become of utmost importance to overhaul existing multi-dimensional approaches and consider 

the geospatial characteristic of the data. This will not only ease and simplify the way geospatial 

data is processed and analysed, but will also allow to further exploit the available richness of 

data. The variety in attributes that can be gathered from multi-spectral nature of Geospatial data 

features must be studied, visualized, interpreted and mined so as to extract quantitative, 

meaningful, useful information and new relationships. The results can provide insights into 

accurate geographic phenomena which is not available from analysis of individual spectral 

bands. With the accumulation of large amount of data, there comes the difficult challenge of 

processing it and deriving meaningful information which can be used for planning and decision 

making. The main aim of this work is to discover hidden knowledge from big geospatial data 

by considering multiple dimensions collectively for a geographical area. The novel approach of 

indexing the multispectral raster data preserving the essential multispectral characteristics of the 

data is dealt with. This work addresses the shortcomings of existing approaches for processing 
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big geospatial data. New distributed processing techniques required for processing both raster 

and vector data have been presented. The developed techniques can be adapted to several of the 

spatial data mining tasks including spatial prediction, spatial association rule mining, and 

temporal geo-visualization.  

1.4 Definition of the Problem 

The advancements in the satellite sensor technologies and the spatial and spectral 

resolution with which the data is captured has resulted in to the big geospatial data problem. The 

classical data mining approach is no longer fit for processing of Big Data and needs to be 

modified and adapted by existing big data mining frameworks [40]. Big geospatial data adds 

another level of complexity to the big data ecosystem which now also requires considering the 

spatial context (geographical location) of the data. This has furthered the complexity in big data 

challenges [41]. The solution required, for mining knowledge form big geospatial data, is to 

process and extract hidden knowledge from raster data which is multi-giga pixel in scale. 

Typical big data technologies rely on reduction of the data and its dimensions while operating 

upon large scale data. For the purpose of study of a geographical scene it is required that the 

whole dataset must be used otherwise several interesting features will not be identified if only a 

subset of the dataset is used. The correct topographical and topological relationships between 

the features cannot be established using a few (spectral) bands of information from the raster 

images. Traditional mining algorithms such as K-Means classification integrate results of 

processing individual bands without considering the spectral relationship between the extracted 

features. The spectral relationship between the features can be preserved by implementing the 

introduced indexing technique. There is a dearth of techniques with which this can be done 

especially with the big geospatial datasets. Study of a geographical scene requires identification 

of the correct features precisely which can be later used with a decision support system. This 

hidden knowledge from big geospatial datasets cannot be obtained without the application of 

parallel and distributed technologies considering their size and complexity.    
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1.5 Objectives of the Research 

1. Extract hidden knowledge from the big geospatial data. 

2. Develop a platform for studying the geographical features of a scene. 

3. Utilize the processing power of distributed environment in Geospatial processing. 

4. Develop a custom input format for the multi spectral geospatial raster images. 

1.6 Original contribution by the thesis. 

Traditional Geoprocessing systems are overwhelmed with the amount of data which 

needs to be processed to derive the required results. To extract the hidden knowledge out of the 

multispectral raster images which are essentially big geospatial data, Hadoop is one of the best 

distributed processing framework for processing terabytes of data. It has been proposed to use 

the Hadoop distributed processing environment which uses MapReduce programming paradigm 

for processing. Hadoop distributes the data over the DataNodes and the spatial context of the 

raster data is lost and without which proper relationships between the extracted features cannot 

be established. An indexed data format is proposed to preserve the spatial context of the data. 

The Indexing technique groups multiple values of a pixel obtained from the spectral bands 

converting the multiple bands into a single indexed file which can then be ingested into Hadoop 

for distributed processing. The indexed file is used for extracting knowledge by application of 

upgraded K-Means classification which supports the proposed indexed file format in a 

distributed environment using MapReduce. The framework also supports image processing 

tools such as editing and filtering for better extraction of the features in the geographical scene. 

The study further requires analysis of the spatial relationships between the features in 

topographical and topological context. Modules for topographical and topological studies have 

been developed which provides attributes related to the features such as shape factor, area, 

perimeter, etc. The relationships between the features can be established from the attributes such 

as distance between the features, azimuth angle and the slope between the features, etc., which 

are important for a decision support system. The extraction of this hidden knowledge (in form 

of topological relationships, etc.) is not possible with the existing systems. The developed 
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framework also provides a user friendly interface to help geoscientists for visualization of the 

geographical features. 
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Chapter 2      

  Background and Literature Review 

2.1 Geographical Information System 

(GIS) 

The Geographical Information System is simply a software system for geospatial data 

analysis. The data in a Geospatial database system is connected or linked to a spatial location 

using a reference such as latitude and longitude, or some other form of a spatial location 

identifier. GIS can be defined in different ways, which comes from the user’s need and usage of 

the system and data itself. [42] defined GIS as “an organized collection of computer hardware, 

software, geographic data and personnel designed to efficiently capture, store, update, 

manipulate, analyse and display geographically referenced information.” ESRI [42] also 

provided a simpler definition of GIS as “a computer system capable of holding and using data 

describing places on the earth’s surface.” [43] defined GIS as “a special case of information 

systems where the database consists of observations on spatially distributed features, activities 

or events, which can be defined in space as points, lines or areas. A GIS manipulates data about 

these points, lines or areas to retrieve data for ad hoc queries and analyses.” The United States 

Geological Survey (USGS) defined A GIS as “a computer hardware and software system 

designed to collect, manage, analyse and display geographically (spatially) referenced data.” 
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Figure 2.1. Construction of the short form GIS. 

2.1.1 What a GIS can do 

 A GIS job includes the five main tasks as follows: 

 The GIS should be able to describe the features of a location from geographic reference of 

that location, 

 The GIS should be able to identify the location of a particular feature. For example, it can 

be used to identify the location of a particular type of vegetation on a map which we have 

in the GIS database.  

 The GIS should be able to study the spatial patterns, such as in the case of studying the 

different populations in different locations and the factors affecting the demography. 

 The GIS should identify the changes accruing in a location or area of a study, with the help 

of the historical data that it stores. It should be able to identify increase of the water level or 

desertion of agriculture area. 

 The GIS should be able to help forecasting with the help of assumptions, for example build 

models to study the effect of building a dam on the surrounding areas or the effect of the 

manufacturing industry on the environment.  

What makes the GIS powerful system is its ability to interact with the data of a map in 

different way, by combining all the features of location specific area as one dataset or by 

separating the different features of the same or different areas and comparing them, or even by 

GIS = G +IS 

Geographic reference Information System + 

Data of spatial coordinates on the surface of 

the earth (Map) of the earth  

Database of attribute data corresponding to 

spatial location and procedures to provide 

information for decision making 
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studying each one separately. The GIS maps are based on the relational databases, and the maps 

existing in GIS are simply a set of a relationship which are used to study, analyse and to visualize 

features of a particular location. The map represented can be a collection of different layers, 

each layer representing different information for the same location. The GIS is able to work with 

multiple layers in maps linking them with a single spatial reference, and it should also be able 

to compare between the features of the different layers. At the same, it has the ability to study 

the features in each layer separately. The GIS database can be connected to other databases or 

applications, but all the information in the GIS database must contain a spatial reference which 

allows the GIS applications to access the data and manipulate it.  

2.1.2 Geographic referencing concepts 

It has been mentioned before that GIS maps can contain information in multiple layers 

with different thematic representations e.g., water resources, urban land, temperature, 

agriculture, etc. can from multiple layers of a map. Additionally every map has a projection 

scheme and scale. The objects or features on the Earth's surface exist in a 3-dimensional space. 

The Earth is neither spherical nor ellipsoidal and thus there is no single mathematical conversion 

possible for converting the location of an object or a feature from the 3-dimensional space to 2-

dimensions which can be represented on paper maps or digital maps on screen. There are several 

coordinate systems which have been standardized for local and global usage. The most widely 

used global coordinate system are (i) WGS 84 - World Geodetic System 1984 (EPSG:4326) 

which is used in GPS and (ii) WGS 84 / Pseudo-Mercator - Spherical Mercator (EPSG:3857) 

which is used by services such as Google Maps, OpenStreetMap, Bing, ArcGIS and ESRI 

products. The WGS84 system is also called as Geographic Coordinate System (GCS) which can 

represent a location using a Latitude (Lat) and Longitude (Lon) value. The raster data which is 

collected by the satellites in transformed into maps with the help of Georeferencing, a process 

which assigns real-world coordinates (Lat, Lon) to each pixel of the raster image. The real-world 

coordinates are locations of well-known objects or features on the Earth's surface or are 

collected through field surveys. An exact relation between the latitude and longitude to a point 

on Earth cannot be established globally without the use of such techniques. The GCS is based 

on a standard model such as Everest datum (also called Indian System datum) or WGS-84 
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coordinate System datum and geodetic reference datum for computing the Latitude and 

Longitude values. 

Using a different datum than the one devised for the particular region will produce 

incorrect maps. Therefore, identifying the used Datum in the Geographic Coordinate System is 

important for calculating the coordinates for every point on the surface of the Earth using its 3-

dimensional representation. This means that the location of a point are identified by its latitude 

and longitude along with Datum used. For maps representing the same area on the surface of 

the Earth, they should have the same latitude and longitude values and they should be created 

using the same Datum, and for all the Datum to project the same values they should work on 

the same spheroid shape from the same source. [44] states that “The ideal solution would be a 

spheroidal model of the Earth that has both the correct equatorial and polar radii, and is cantered 

at the actual centre of the Earth” and it is being used by the global reference ellipsoid such as 

WGS 84. 

2.2 Big-Geospatial Data Processing 

Evolution 

Geospatial data available for the studying of geographical pattern and processes is huge 

due to the development of all the new spatial data sources, like temporal datasets archived at 

Google Earth Engine, NASA World Wind,  or the online available OpenStreetMap [34, 35]. 

Wikimapia have also assimilated terabytes of geospatial data [45]. Terabytes of data is daily 

added to the storage resulting in growth into petabytes [33]. With the high speed of this 

development the in data size, processing abilities for such amount of data is not sufficient 

enough. Some other sources are limited in providing support for processing related to other 

planning and decision making applications such as the data provided by United States 

Geological Survey [46], which grants access to applications and data related to disasters such 

as earthquakes, landslides, and volcanoes. USGS is a government agency of the United States 

for the development of public maps and geo-sciences expertise. Many private organizations also 

are involved in this evolution by adding more and more data. One example, is the automated on 

the fly Earth Observation (EO) imagery processing and analysis technology provided by Earth 
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Observation System (EOS). The EOS products also include real time processing using classic 

GIS algorithms over various of the open data sets [47].  With high remote sensing abilities, the 

satellites orbiting the Earth capture images of Earth’s geographic features. The images contains 

intensity about the physical quantities on the Earth’s surface such as the solar radiance reflected 

from the all the different  surfaces on earth, emitted infrared radiation or backscattered radar 

intensity [48].  The amount of geospatial data is not the only big data problem but the, multiple 

sources produced various types of data products. Higher resolution of the images also makes it 

more complex to be processed, and all of this together led to the “Geospatial Big Data” problem. 

Wide range of the spatial analysis techniques and models, which are associated to the 

geographical information systems, have been discussed and compared in [49]. The available 

spatial data processing systems are overloaded with the enormous amount of data, because of 

the complex operations the systems needs to performed on such data. There has been an urgent 

need for solutions or the development of efficient tools capable to tackle such issue [50]. One 

of the solutions was proposed in [51]  by reducing the size of the available data to process, as 

processing less amount of data is easier. That was done by identifying the data that must be kept 

for processing and that can be discarded as it is not important. It can be summarized that 

discarding some part of the data for tackling the size problem as we can be fully sure about that 

the discarded data wouldn’t data have effect on the output [51]. Another issue which can arise 

would be the high amount of time needed for transmission of high resolution raster images using 

a connections with low bandwidth. For this problem, a solution by transmitting a series of low 

resolution approximations which can be at the end a converge to the final image has been 

proposed [52]. This problem is no longer of concern at present due to the availability of faster 

networks and internet bandwidth [53, 54]. To overcome the complexity of  dealing  big 

geospatial data, a considerable amount of research has been done in taking advantage of utilizing 

multidimensional data structures in different information processing systems (IPS) [55]. It has 

been stated that the traditional database systems are not suitable for storage and analysis of 

multidimensional data, because they are developed for Online Transactional Processing (OLTP) 

as [56] elaborated “ in OLTP  large number of simultaneous transactions containing normally 

few records are involved”. Therefore, multidimensional data cannot be stored in OLTP 

databases. Geo-databases store multidimensional spatial data features with their associated 
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attributes. For that various models have been proposed for establishing multidimensional 

databases (MDB) and On-Line Analytical Processing (OLAP) [56, 57].  

Spatial data is a data of set of features on the surface of the earth with their attributes. 

Some of the features share the same attributes. Features can be understood better by finding the 

spatial patterns, several techniques have been found to study and analyse spatial feature and 

identify the patterns. For example, identifying spatial or temporal patterns in statistical 

climatology [58] used two different statistical methods, the partitioning around medics 

algorithm with the F-monogram and to build a classification algorithm, which is actually similar 

to K-Means. To understand K-Means classification algorithm, first we should know is what K 

and Means refers to. K is simply the number of groups or clusters the data will be divided in to. 

While Means refers to the mean position of center of each cluster. Each of data clusters is 

constructed by identifying it's own mean or center values, then connecting all the data points to 

the most mearset center value.  Much research work have been carried in the development of K-

Means classification, [59] improved k-Mean by involving Heuristic information in the initiation 

of the  cluster’s centers or centroids, through simulation exercises. Another example proposed 

is  based on co-occurrence of values they proposed a  new cost function and distance measure 

for data with mixed numeric and unambiguous features[60]. Implemented k-means to detect 

fake profile in online social network platforms[61].  

While the above mentioned studies addressed some limitations of traditional geo-

processing techniques, some other studies have extended the geo-processing techniques to work 

upon parallel and distributed processing environments [62, 63]. “Big Geo-Spatial data” requires 

consideration of the spatial and geographical locations. This is a new challenge which adds 

another level of complexity to the big data ecosystem [41]. Many frameworks have also been 

introduced which take advantage of the computational and storage powers of the distributed 

computing technology because classical data mining approach no longer fits for processing big 

data [40]. “A framework such as GS-Hadoop has the ability of processing millions of geospatial 

features in a matter of minutes, but GS-Hadoop is limited to processing only the vector features.” 

[64]. A need exists for extending it to the raster data. 

For the development of the distributed processing Hadoop framework, MapReduce 

programing model was first introduced by Google Inc., then later it was incorporated into 
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Hadoop as its processing model  [65, 66]. Apache Hadoop is “an open-source framework built 

for reliable, scalable computing of distributed data on commodity processing infrastructure” 

[67, 68]. Hadoop is developed to overcome the challenges of big data, and it became one of the 

most famous and universally used frameworks of distributed processing of big data. As 

described in Figure 2.2 Hadoop platform consists of two main parts, the storage environment 

which is called Hadoop Distributed File System (HDFS), and the processing environment or 

development and programing paradigm which called MapReduce programming model. Hadoop 

initially supported only MapReduce paradigm of programming, but later on Hadoop was 

extended to support other programming paradigms [69]. Apache Software Foundation (ASF), a 

decentralized open source community of developers is an American nonprofit corporation to 

support Apache software projects, including the development Apache Hadoop [70, 71]. ASF 

defines Hadoop as “software library framework that allows for the distributed processing of 

large datasets across clusters of computers using simple programming models” [71]. Hadoop 

basically processes the data using a group of connected commodity computers which form a 

cluster. The Hadoop cluster contains a large amount of computers each is called a node. The 

Hadoop cluster allows to process, store, and managing huge amount of data efficiently in parallel 

processing environment. The Hadoop cluster processes the data locally stored in each node to 

reduce the network communication. In other words, Hadoop sends the tasks to the different 

nodes, and each node runs on the data it has, and communicate the results with other nodes. 

Hadoop framework is extensible and can be used for many applications dealing with large 

amount of data, such as biomedical analysis, biological analysis, geospatial data analysis, 

Spatiotemporal data analysis, or even simulation of physical, chemical and computationally 

intensive processes [72-75]. Hadoop ecosystem includes a set of projects, such as Common, 

Avro, Pig, Hive, HBase, ZooKeeper, Sqoop, and Mahout (the data mining project built over 

Hadoop). It supports multiple classification and classification algorithms like K-Means, canopy, 

fuzzy K-Mean, naive bayes, etc. [76, 77].  

For the support of spatial data in particular, “the SpatialHadoop” was developed [78]. 

SpatialHadoop is an extension to Hadoop. It brings the awareness of spatial data Hadoop 

through four main layers, which are (1) Language, (2) Storage, (3) Map-reduce and (4) 

Operations Layer. Open Geospatial Consortium (OGC) compliance is provided by Pigeon 

which is a high level SQL-like language. A global and local indexing are provided to organize 
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the storage of the spatial data into the HDFS. For managing the MapReduce processes, 

SpatialHadoop depends on spatialFileSplitter and spatialRecordReader modules which are 

discussed in following sections. SpatialHadoop also introduces some basic spatial operations 

such as range query, K-Nearest Neighbors (kNN), spatial join, and many other operations. 

SpatialHadoop is built for supporting vector geospatial data types of single dimension, and not 

supporting the geospatial raster data types. 

 

Figure 2.2. Main components of Hadoop platform. 

Many authors have highlighted the importance of the big geospatial data and the 

knowledge that should be discovered and extracted from it. For example, after studying the 

theoretical and applied research in spatial data mining and knowledge discovery, the authors in 

[79], emphasized the pressing need for effective, efficient and powerful methods for extracting 

valuable knowledge from any large size datasets having millions of observations, high 

dimensionality, and collected from miscellaneous sources. The development of spatial data 

infrastructure and the pressing need for efficient spatiotemporal data mining methods have been 

emphasized [80]. The fundamental concepts of spatial data warehousing in the context of 

Geographic Knowledge Discovery have been discussed [81].   

The IO and CPU requirements for efficient spatial data mining algorithms analyzing big 

geospatial data have been studied [82]. Set of applications that deals with big geospatial data 

such as (1) bio-mass monitoring, (2) complex object recognition, (3) climate change studies, (4) 
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social media mining and finally (5) mobility applications, have also been discussed [82]. A grid-

based statistical approach to spatial data mining called STING was presented by [83]. The I/O 

cost was lowered by keeping the STING data structure in memory. STING+  extends the STING 

by allowing the users to define triggers for monitor the change of spatial data and their attribute 

of  non-spatial values [84]. Classification algorithm CLARANS is which based on randomized 

search, using three different way for calculating the distance between two polygon [85]. 

Visualization of spatial data at all levels is a very important aspect of any spatial processing 

framework to be taken care of. According to the authors in  [86] correct visualization of 

geospatial data is very important. They presented a classification model based on choropleth to 

identify spatial relationships between the clusters they obtained. PixelMap technique displays 

huge spatial datasets by amalgamating the kernel-density-based classification with visualization 

for displaying large amounts of spatial data [87]. The output from the proposed mining 

techniques can be scaled at various levels and passed to a Desktop GIS for visualization. 

2.3 Importance of Geospatial data 

The geo-spatial data contain spatial (both 2-D and 3-D) and temporal information on the 

geographic distribution of objects. The location and characteristics of geographic objects show 

strong autocorrelations in both the spatial and temporal domains. These data are different from 

purely spatial data collected by social media, mobile communications, location based services 

etc. which hardly show spatial correlations. The Geographic Information Science (GISc) deals 

with such properties of geographical objects. The data mining tools which are used for purely 

spatial data have limitations when used for geo-spatial data. The machine learning tools as well 

as information extraction tools for various spatial and temporal characteristics of geo-spatial 

data need to be developed which address the inadequacies from a geo-spatial perspective. The 

geo-spatial data being collected by high spatial and temporal resolution sensors on board remote 

sensing satellites and other ground based co-lateral data collected together are growing into 

hundreds of terabyte to petabyte in size and resulting into so called “Big Data” phenomena. 

Therefore, such large volume data need to be analysed by recently developed specialist tools 

used in big data analytics. The inadequacy of existing and under development big data mining 
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tools, which can be used for geo-spatial data, is a major hurdle in information extraction from 

big geo-spatial data. 

Many authors have stated that, “a huge amount of data recently have been acquired 

through many different means”, this also happened in the case of the geographical data. The 

huge volume of data acquired in different formats such as structured, unstructured ways, having 

large complexity and non-stop generation have posed an insurmountable challenge in scientific 

and business worlds alike. In managing such big data many limitation have appeared in the 

existing conventional techniques and hardware. This has necessitated development of new 

software tools and techniques as well as parallel computing architectures to meet the 

requirement of timely and efficient handling of the big data. Multicore CPUs and GPGPUs are 

the forefronts in this race in supporting parallel computing. The field of geo spatial data mining 

have not benefitted from these evolutions as compared to data mining for business applications. 

This work reviews the evolution of data mining techniques over last two decades and efforts 

made in developing big data analytics specifically applied to geospatial big data. Similar to other 

big data analytics platforms, geospatial data mining is also a very actively evolving field in the 

big data ecosystem. 

For supporting mining of spatial data, initially many of existing mining techniques where 

upgraded to meet the spatial data requirements. For example, the SDAM and GeoMiner have 

been developed based on the DBMiner, and Radoop by incorporating Hadoop in RapidMiner. 

Later, with the evolution of parallel processing paradigm, efforts were made to upgrade the data 

mining applications and techniques to benefit from this evolution. Currently, the emphasis is on 

using the High Performance Computing (HPC) systems and distributed computing techniques, 

such as Hadoop framework. Also, the GPUs and array processors like Intel Xeon Phi co-

processor are used to achieve the parallel processing. In the last two decades, the techniques of 

data mining have undergone big transformation to realize the value of big data, including geo-

spatial data. Mahout on Spatial-Hadoop, CG-Hadoop and MRPrePost need a special mention as 

they extended the advantages of parallel processing to spatial data domain. Apache Mahout 

offers some of the most important data mining functionalities for non-spatial cases. A lot of 

geospatial analysis tools and related functionality are needed to be developed in Mahout to 

transform it into a full-fledged geospatial data mining package [88]. 
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2.4 GIS Data Input  

Geospatial Data capture (representing locations in a database) can be in two basic 

formats Vector format, or Raster format Figure 2.3. Vector format represent the real world with 

points, lines and polygons. In other words vector format is analogue maps which is based on 

discrete objects view, in the other hand, the raster format represents the real world with a matrix 

or grid of cells or pixels, which is based on continuous fields view. Each format has its own 

advantages and disadvantages. Selecting the format to work with depends on the users and the 

usage of the data. 

 

Figure 2.3. Representation of data in GIS. 

2.3.1 Raster data format: 

 As mentioned above, the raster format or raster data is a representation of the real world 

in a matrix or grid of cells or pixels format. Now every cell or pixel is represented by its address 

a unique reference coordinate. It also has a discrete value assigned to pixel as shown in 

Figure 2.4, which describes the feature represented by that pixel as shown in Figure 2.4. These 

are the attributes of each cell. Raster Data can be captured from remote sensing sensors and 

imageries, aerial photographs, and other such imageries of the earth's surface in a raster data 

format. The resolution of the raster image decided by the size of the area each pixel or grid cell 
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represent in the image.  In this format, the various features are identified by superposing the 

imageries over a fine rectangular grid of the earth's surface which they represent. Raster data 

captured does not build topography; i.e. derived spatial relationships between the identified 

features, it need to be converted to vector format first. But in this format, the raster data helps 

in applying several different operations on the spatial data that a vector format does not support.   

 

Figure 2.4. Representation of the values in raster data. 

2.3.2 Vector data format: 

Victor data as captured or converted from Raster data is again as mentioned above is 

based on the representation of the real word objects in three different features, which are: 

1. Point features.  

2. Line features. 

3. Polygon features.  

In the case of the Point feature, it does not have length, width or area. They are described 

completely by their coordinates and used to represent discrete locational information on the map 

to identify features such as, cities, towns, well locations, rain gauge stations, soil sampling 

points, etc.  But in the case of line feature, it has length but no width or area, and it is built of a 

set of ordered points. Line features are used to represent objects such as river, road, and 

electricity transmission line etc. Finally in the case of polygon feature, it has length, width, and 

area. It is simply the area inside a set of fully connected lines. In other words, the polygon can 
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be defined as an area full of points that share common attributes, and they are used to represent 

objects such as the area of a city, lakes, districts, park, supermarket, or any building.   

   

Figure 2.5. Digitizing (extracting) the line feature. 

The Point, Line, and polygon features are associated with some extra data that describe 

them. This data is called the attribute data. The attribute data can be stored in a database different 

from the spatial features database, but it must be connected and linked using identification key 

for each feature after being extracted from raster files, and it must be common with the key 

generated from the GIS. The key associates each feature with its attribute(s). The attribute files 

helps in understanding and studying the spatial feature, and keep it connected to the human 

understanding. For example, the attribute of a point could be the elevation of that point on the 

earth surface, or it could be a city name. This means that this point file represents the center of 

a particular city, or in the case of a line representing a river, the attribute file can contain the 

river name, its length, and any other attributes that can help describing the river. Finally; in the 

case of polygon, the attribute can describe an urban area and the population or the temperature 

in a specific period of time. In general, many attributes can be associated with the spatial 

features. Different maps representing different layers of spatial and thematic or attribute 

information (health status map, water body’s map, agricultural map, district map, temperature 

map, rainfall map, etc.) can be digitized. (Figure 2.5) In this fashion independently, and in this 

way we can extract more features and associate them with more attributes. 
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Figure 2.6. Conversion of data. 

2.5 Data Storage and Retrieval  

The relational database model is the most suitable solution for storing the GIS feature 

files and the attribute file to keep them both linked, and with the help of the relational database’s 

query language it will be easy to retrieve any required data. For the different features coordinates 

are extracted using digitization process and stored in to a database, and the attributes of those 

features are directly stored in a database. The job of GIS is not to store this types of data but to 

generate the common key that connects those two sets of data. Therefore, the GIS manage and 

organize the data based on the relational database concepts and methodologies. For example, 

Geo-media geographical information system stores the features and the attribute data in a 

Microsoft Access databases. Using the query language provided by Microsoft Access any data 
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required can be retrieved. The digitized attributes files created are stored in a folder called the 

(Warehouse). The map coordinates file are stored in a folder in the (Geo work spaces). For Other 

any attributes the databases can store it as MS Access files anywhere in the system.  

Some of the attributes that are associated with the spatial features are considered to be 

non-spatial data. These along with the spatial data which are the features and its attributes, are 

analyzed and processed using the GIS through the spatial analysis functionalities provided by 

the GIS. This is what differentiate GIS from any other normal database. The GIS helps in 

presenting the data as it is, or extract and highlight some of the patterns within the data, or even 

predict how the data would look like based on the available data. It is not that the GIS can 

analysis and process only the spatial features and its attributes which are considered as victor; 

data but also the raster data and all the attributes associated with it. The users should identify 

the procedure and all the required data to achieve the results of the process. For example, to 

identify the most appropriate location for growing a specific crop, all the general relevant 

information of this crop, such as information about the best season to grow it, the temperature, 

the type of soil, the different crop that usually grow around it, and even the time needed for it to 

grow are required. At the same time the available geographical information should be provided 

for the historical and of the current time, such as maps of where the same crop is already growing 

which can help study the all the effecting attributes for growth, like the type of soil, and the 

amount of rain fall. Also having maps of location where this crop cultivation failed can help the 

GIS to study those location to identify the effecting attributes responsible for crop failure. The 

GIS will help do comprehensive study in the case of the availability of sufficient data.  

One way the GIS analyses the data by overlaying the different maps or spatial feature 

provide a different perspective of the data through which decisions can be made [89] Most 

standard GIS software come with basic analytical tools that permit overlays of thematic maps, 

creation of buffers, etc. Overlay process allows presenting two or even more features as shown 

in Figure 2.7. Different polygons layed over each other produce a set of other polygons of the 

areas they do share and/or the areas they do not share. 
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Figure 2.7. Overlaying different layers of spatial data. 

2.4.1 Building a GIS 

GIS takes care of spatial data mainly for decision making, so the way GIS is built goes 

through four different phases depending on the data itself and the way data benefits. The four 

phase process starts with the (1) Construction of objectives or identifying the problem. This is 

very important phase, through it the identification of spatial features, attribute data are done, 

along with the exact processes needed. Once the problem and the required solutions are 

identified, the (2) Construction of the databases from image data which includes the following 

steps: 

A. Designing the database and building the basic relations. 

B. Storing the spatial data to database along with all the available attributes. 

C. Creating a topology of the data. 

 (3) Managing the Database which is connecting the spatial feature with their attributes 

into real world coordinates, identifying coverage for analysis and maintaining the database. 
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BBBBBBBBBBBBAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
BBBBBBBBBBBBBBAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
BBBBBBBBBBBBBBBBBBAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBAAAAAAAAAAAAAAAAAAAA
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBAAAAAAAAAAAAA
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBAAAAAAAAAAA
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBAAAAAAAAA
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBAAAAAAA
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBAAAAAAA
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBAAAAAAAA
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBAAAAAAAA
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBAAAAAAAA
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBAAAAAAA
BBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBBAAAA 
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Lastly, (4) Presenting the different parts of data (spatial and non-spatial data) in a ways that help 

to depict the required results for the decision making process. 

With the expansion of the geographical data sources, the available geographical data 

amount and size can make it really hard for the GIS to process and manage. Also, high resolution 

images such as scanned aerial photographs, or some satellite imagery can be heavy load for the 

GIS. For example, a high quality scanned color aerial image at a resolution of 20 cm/pixel 

having 8192*8192 pixels could be as large as 250 MB representing an area of ~250 sq. km. 

Geospatial applications for large areas can require hundreds or even thousands of such images  

included in the study. 

2.6 Geospatial Data Mining 

Ding et al. [90] pre-processed remote sensed data and organize it in a lossless bit 

Sequential organization (bSQ) format. The Peano Count tree (Ptree) is used to represent the 

information and classification algorithms based on Ptree, P-ARM and P-Classifier were 

implemented. FP-growth algorithm was widely used for association rule mining and it was 

concluded that for large 1320×1320 pixel TIFF dataset, the proposed algorithm P-ARM 

performs well for association rule mining and classification on large spatial datasets using 

Ptrees. Clark et al. [91] have based their study on identification of surface land mines and buried 

mines. The data collected from Xybion in six bands (viz. 400, 500, 600, 700, 800, and 900 nm) 

visible and near IR wavelength, filter wheel camera mounted in a Cessna 172 helicopter. They 

used high pass filter in pre-processing stage. The authors have used connected components 

analysis for region formation. In both of the above mentioned works, the post processing 

consists of morphological filtering and size and shape constraints can be provided. Di et al. [92] 

have used data mining based image classification (Bayes method) for land use classification in 

the Beijing area using SPOT multi-spectral imagery and 1:100,000 land use database. Image 

processing techniques such as stretching and rectification have been performed using ArcView 

3.0a, ENVI 3.0 and C5.0. The developments also consist of several programs for data processing 

and format conversion using Microsoft C++5.0. 
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Kaufman et al. [93], investigated the feature extraction performance by enhancing the 

spatial resolution of Airborne Real-time Cueing Hyperspectral Enhanced Reconnaissance 

(ARCHER) HSI imagery with coincident high spatial resolution panchromatic imagery. The 

average number of confusers at full association (ANCFA) metric is employed to quantify 

performance differences in Hu, PZM, S-DAISY, Suk and ACE feature extraction algorithms. It 

was found that with coincident high spatial resolution panchromatic imagery, the performance 

of feature extraction for both the spatial and spectral attributes considered simultaneously was 

better as compared to the datasets used individually. Spatial-spectral features of pansharpened 

HSI imagery improved the results for the target classes, particularly when targets move between 

looks. This has applications for temporal datasets. Chen et al. [94], applied spectral-spatial 

propagation filter (PF) based HSI feature extraction method  to address the limitations due to (i) 

spatial resolution and feature distribution complexity and (ii) the problems of cross-region 

mixing after filtering and spectral discriminative reduction. Principal Component Analysis 

(PCA) was used first to reduce the HSI dimensionality and then filtered with the propagation 

filter. The data used from AVIRIS sensor is having a spatial resolution of 20m with 224 bands 

while the data used from ROSIS Sensor is having a spatial resolution of 1.3m with 115 bands 

in another work, Chen et al. [95] based on data from AVIRIS sensor and a new sparsity based 

algorithm for the land classification has been presented. The study considered 200 bands by 

removing 20 water absorption bands out of total 220 bands from AVIRIS HSI. Explicit 

smoothing is performed to reconstruct pixel of interest with similar spectral characteristics to its 

four nearest neighbors. Hyperspectral pixels in a small neighborhood around the test pixel are 

simultaneously represented by linear combinations from the training samples. 

Li et al. [96] used DEM data and supplemented by other departmental data which 

included grid number, terrain slope, terrain aspect, grid coordinates, land use type and land cover 

type, etc. The objective of the work was to describe the course of spatial data mining for land 

utilization and land cover in a certain region of Guizhou Province. Slope reflects the inclination 

and the aspect represents the direction which the slope faces. In terms of land use and land cover 

classification, agricultural land development could be done for the slope not exceeding 35 

degrees. Bhandari et al. [97] based their analysis on NDVI to find spectral signature of different 

objects such as vegetation index, land cover classification and other areas from the multi-

spectral data. The dataset used was from INSAT satellites for the Jabalpur region. The 
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percentage cover of vegetation, water bodies & river, rocky and urban area were found. The 

NDVI method gave superior results for vegetation varying in densities by varying the value of 

threshold index. Bhandari et al. [98] have improved the classification results of NDVI and 

NDWI with discrete wavelet transform (DWT) and singular value decomposition (SVD) 

enhancements. The method was applicable to low contrast satellite images and gave superior 

results for vegetation and water varying in densities. The enhancement using DWT-SVD 

technique was highly useful to detect the surface features of the visible area which were highly 

useful in applications for planning and decision making.  

2.7 Big Data 

Big data is a large data sets with a size that is beyond the capability of available hardware 

and software to preserve, manage, and edit within a tolerable amount of time. [99] defined big 

data as “large amount of data which requires new technologies and architectures so that it 

becomes possible to extract value from it by capturing and analysis process”.  The “Big Data” 

concept means a datasets which continues to grow so much that it becomes difficult to manage 

it using existing database management concepts & tools [100].  A survey of big data definitions 

have been conducted in [101]. To discuss the term big data, they concluded a following 

definition “Big data is a term describing the storage and analysis of large and/or complex data 

sets using a series of techniques including, but not limited to: NoSQL, MapReduce and machine 

learning”.  

2.7.1 Big data challenges and importance 

From the above definitions we can understand that big data problem is not just related 

the size of the data, but is according to many authors the difficulty is associated to the 5 V’s of 

Big Data Volume, Velocity, Variety, Value, and Veracity.  

1. Volume – The size of data is very large and in terabytes and petabytes. 

2. Velocity – It should be used when streaming in to the enterprise in order to maximize 

its value to the business. The role of time is very critical here. 

3. Variety – It extends beyond the structured data, including unstructured data of all 

varieties: text, audio, video, posts, log files etc. 
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4. Value - by  the  added-value  that  the  collected  data  can  bring  to  the intended  

process,  activity  or  predictive  analysis/hypothesis.  

5. Veracity - ensures  that  the  data  used  are  trusted, authentic  and  protected  from  

unauthorized  access  and modification.  

 

Figure 2.8. The 5 V’s of big data. 

There are many challenges for utilizing the big data such as Privacy and Security, Data 

Access and Sharing of Information, Storage and Processing Issues, Analytical challenges, Skill 

Requirement. In spite of all those challenges there are many benefits and advantages for utilizing 

the potentials of big data. McKinsey Global Institute identified five main sectors that can benefit 

from the big data revolution. Those  five sectors, according to the authors in [102], are the  

healthcare sector, public sector, Retail sector, Manufacturing sector, and Personal location data 

sector.  In healthcare clinical decision support systems [103], and individual analytics applied 

for patient profiling [104], personalized medicine [105], performance based pricing for 

personnel, analyze disease patterns, and improve public health. Where as in the public sector 

[106], creating transparency by accessible related data, discover needs, improve performance, 

customize actions for suitable products and services, decision making with automated systems 

to decrease risks, innovating new products and services. Retail sector also benefits of big data 

through store behavior analysis, variety and price optimization, product placement design, 

improve performance, labor inputs optimization, distribution and logistics optimization, web 
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based markets [107]. Manufacturing sector improved demand forecasting, supply chain 

planning, sales support, developed production operations, web search based applications [108, 

109]. Big Data analytics are of utmost importance for environmentally sustainable farming to 

obtain higher crop yield and which completely relies on remotely sensed data apart from the 

data collected from smart sensors in the fields [110]. Big Spatiotemporal Data Analytics have 

applications in collecting GPS based data from mobile phones, wireless sensor networks, urban 

surveillance, transportation, oceanographic, ecosystem, climate change, and other Earth system 

sciences [111]. Big Spatiotemporal Data collected from various sources is used in zoology, 

botany, biodiversity, climate change and other geosciences [112]. Big Spatiotemporal Data is 

of utmost importance to improve geospatial applications to understand natural hazards, 

including floods, earthquakes, landslides, volcanic eruptions and tsunamis [113]. 

In general a Big Data platform should have the following features: 

 Comprehensive: In order for a big data platform to be able to any solve a problem it 

shouldn’t just take cares of the data size issues, but it should also be able to address that 

problem with reference to all the dimensions of the big data challenges which are 

summarized by  5 v’s. Volume, Variety, Velocity, Value, and Veracity [114]. 

 Enterprise-ready: This means that it should be designed in way makes it able to meet the 

requirements of all the users at the enterprises by providing a high performance, high 

security in all levels, usability, and trust worthiness [115]. 

 Integrated: Introducing a new platform in any organization has many difficulties, as there 

could be an existing infrastructure including databases, data warehouses and business 

intelligence applications. The big data platform should be able to integrate the data coming 

from all those sources, for easing and accelerating the introduction of this new technology 

to organization [116]. 

 Open source based: Open source platform can be modified, upgraded by anyone without 

any licenses. This can make the platform affordable, and allows the organization to 

customize it to fit all the updates of the requirements [117]. 

 Low latency reads and updates: One of the big data 5 V’s is Velocity, implying 

Real Time reading and writing of data stream should be one of the main features of a 

platform of a big data analytics. 
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 Robust and fault-tolerant: Making decisions by dealing with a huge amount of data is a 

hard job and the amount of data makes the platform vulnerable and subjected to errors and 

failures. This point should be taken care of while developing a big data platform. A small 

mistake may not be visible may be hard to track, and can lead to making wrong decision 

[118]. 

 Scalability: With the data and its sources keep increasing, the developed platform should 

be scalable to deal with it. How big the data will grow in future needs to be taken in to 

account. This is not ending issue and the data will keep coming [119]. 

 Extensible: Organizations and enterprises keeps evolving and new tasks and processes are 

always introduced to the system. A big data platform should be able to cope with those new 

tasks and processes by extending new functionalities [120]. 

 Allows adhoc queries: As we have mentioned before, the extensibility is important for the 

evolution of the organization tasks, but some tasks needed to be done only once or for a 

specific period of time, the platform should be also open to apply on any such tasks on the 

data.  

 Minimal maintenance: Maintenance involves “preventive (planned) and unplanned actions 

carried out to retain a system in or restore it to an acceptable operating condition”, this 

should be done with minimal cost, and not exceeding the whole cost of the platform itself 

[121, 122]. 

2.7.2 Big data analytics solutions: 

There are many solutions which have been introduced to attempt solving the big data 

problems. The following are examples: 

1. IBM InfoSphere BigInsights: is a Hadoop based analytics platform that enables 

turnover of massive volumes of data, and complex of structured and unstructured data 

sets into insights [123]. Along with Hadoop is also associated with many other apache 

projects such as Pig, Hive, Jaql, HBase, Flume, Lucene, Avro, ZooKeeper, and Oozie.  

2. IBM InfoSphere Streams: It is introduced to extract meaningful patterns from data in 

motion in other words it enables analysis of massive volumes of streaming information 

at very high speed [124]. 
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3. WX2 Kognitio Analytical Platform: It is another database platform that provide fast 

and scalable in-memory analytic. It aggregates multiple Linux compute nodes into a 

single DBMS instance which helps a query to use big amount of the main memory [125]. 

4. PADB (ParAccel Analytic Database): It is a database built for analytical purposes by 

storing the data in columns instead of rows. This platform is for a massively parallel 

processing (MPP) analytic database. It addresses the issues of high performance and 

high availability in case of disk or node failure[126]. 

5. SAND Analytic Platform: It is also an analytic database platform like PADB, and it 

implements the same way for storing the data columns and it’s also massively parallel 

processing (MPP) analytic database. SAND supports a very high number of 

simultaneous users with “mixed workloads, infinite query optimization, in-memory 

analytics, full text search, and SANDboxing for immediate data testing” [127]. 

2.7.3 Hadoop 

Apache Hadoop project is an open-source software for reliable, scalable, distributed 

computing. As mentioned earlier, the Hadoop is a distributed processing framework originally 

developed by Google. And based on two main parts along with many extra projects where in 

each project was introduced for a specific purpose. The main parts are the storage facility HDFS 

(Hadoop Distributed File System) and the processing backbone MapReduce (composed of 

Mapper and Reducer functions). It is interesting to note that Hadoop originally was supporting 

programs written using MapReduce paradigm only, but now Hadoop is extended to support 

other programming paradigms [69], such as Apache Spark which is “an open-source, general-

purpose distributed computing system used for big data analytics”[128]. The MapReduce 

programming paradigm shown in Figure 2.9 has become one of the best ways to deal with and 

processes big data in HDFS format [129, 130].  
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Figure 2.9. Storing and processing big data in Hadoop. 

MapReduce takes care of managing the processing through two phases which are 

Mapper and Reducer phases, where both phases mainly depend on the data blocking techniques, 

and the Key-Value approach as described in Figure 2.10. The MapReduce process is usually 

explained using the word count problem and how it solve it. The Word count program counts 

the number of times each word have been repeating in a text file. The Mapper phase divides the 

input file into set of keys and values, where each word in the file is considered as key and the 

value is its number of occurrences. The keys along with their values are sent to the Reducer 

phase. In the Reducer phase all the same keys will be gathered together and their values are 

summed producing a new set of keys and values. After the Reducer phase, each key is associated 

with the new values with the number of times that key have been repeating. In the middle of the 

Mapper and Reducer phases, there are some other phases, such as Sort, Partitioner, and 

Combiner which help in easing the process of reduction. In Sort phase, the keys and values pairs 

are organized, then the Combiner groups similar keys and sends them to the required Reducer 

node. To make transferring the data between the nodes easier a partitioning logic can be applied. 

The HDFS format is designed to support very large files. It has many features of data 

blocking technique, which help the MapReduce to run the codes or the tasks over a smaller 

partition of the data. HDFS automatically divides the data while uploading it based on the block 

size specified in the Hadoop configuration settings. The default block size used by HDFS is 

64MB, Thus, any file uploaded to the HDFS will be divided into 64 MB blocks and distributed 

all over the available nodes in the Hadoop cluster. HDFS is a fault tolerant system. The fault 

tolerance is achieved by saving multiple copies of each data blocks on multiple nodes. In case 
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one node fails while processing a block, automatically another node which already has a copy 

of the same block, will run the process on that block. Having multiple copies of the block in 

Hadoop is preferred by data block replication, and the default replication of Hadoop is 3 

replications for each data block. Data uploaded in HDFS is also preserved safely by not being 

available to modification. The HDFS supports write once and read many semantics.  

 

Figure 2.10. MapReduce processing the data using Key-value. 

Hadoop is also accompanied with some extra tools. Together with Hadoop, it is called 

as the Hadoop ecosystem. All of these tools come under the purview of open source Apache 

projects. As we mentioned above, each was designed for a specific purpose, from Apache 

Common, Apache Avro, Apache Pig, Apache Hive, Apache HBase, Apache ZooKeeper, 

Apache Sqoop to Apache Mahout. Apache Common is a set of components and interfaces for 

distributed file systems and general I/O (serialization, Java RPC, persistent data structures).  

Apache Avro is a serialization system for efficient, cross-language RPC, and persistent data 

storage. Apache Pig is a data flow language and execution environment for exploring very large 

datasets. Pig runs on HDFS and MapReduce clusters. Apache Hive is a distributed data 

warehouse. Hive manages data stored in HDFS and provides a query language based on 

structured query language (SQL). SQL is translated by the runtime engine to MapReduce jobs 

for querying the data. Apache HBase is a distributed, column-oriented database. HBase uses 

HDFS for its underlying storage, and supports both batch-style computations using MapReduce 

and point queries (random reads). Apache ZooKeeper is a distributed, highly available 

coordination service. ZooKeeper provides primitives such as distributed locks that can be used 

for building distributed applications. Sqoop is a tool for efficiently moving data between 

relational databases and HDFS. Finally, Apache Mahout is the mining tool for the distributed 
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framework Hadoop. It became a top-level Apache project with Java based framework in 2010, 

after it was developed as a subproject of Apache Lucene project [131]. The word Mahout is 

having an Indian origin which means the Elephant Rider. As Mahout is a Java based framework, 

it has a platform-independent feature and it can be used on any platform that supports Java 

Virtual Machine (JVM). So far the Apache Mahout is not supported with a user interface, a 

prepackaged server or even an installer. Some of the techniques and algorithms Mahout includes 

are still under development or in a trial phase.  Apache Mahout has three main functions viz., 

(1) Recommender Engines (collaborative filtering), (2) Classification techniques, and (3) 

classification techniques. “These techniques work best with a large amount of good input data” 

[132]. K-Means, canopy classification, fuzzy K-Mean, naive bayes, etc. [76, 77]. The following 

table present the mining algorithms implemented in Apache Mahout. 

Table 2.1 List of mining algorithms in Mahout 

Algorithm Type Algorithm Name 

Distributed liner algebra 

Distributed QR Decomposition 

Distributed Stochastic Principal Component Analysis 

Distributed Stochastic Singular Value Decomposition 

Preprocessors 

AsFactor - For “one-hot-encoding” 

Mean Center - For mean centering 

StandardScaler - For mean centering and unit variance 

Regression 

Ordinary Least Squares 

Cochrane Orcutt Procedure 

Durbin Watson Test 

Classification 
Canopy Classification 

Distance Metrics 

Recommender Correlated Cross-Occurrence algorithm (CCO) 

The MRPrePost   is an algorithm developed for parallel mining of big data, which is an 

improved version of the algorithm PrePost. The MR in the MRPrePost algorithm name comes 

from MapReduce of the distributed framework Hadoop. A hybrid approach based on two 

different algorithms Apriori-like algorithm and Frequent Pattern Growth (FP-growth) algorithm 

based on Hadoop has been presented [133]. In MRPrePost, the process of mining the data is 

split into three stages, viz.: 
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(a)  Statistic stage, MapReduce functions are implemented on the data in every node of the 

Hadoop cluster to remove the infrequent items.  

(b)  Constructing PPC tree and producing N- List frequent set. 

(c)  The search space division stage after distributing the N-list all the Hadoop cluster nodes. 

2.8 Distributed Platforms for Processing 

Spatial Data 

This Section presents a few solutions developed based on the distributed processing 

environment for mining geo-spatial data. The solution will be presented are starting from 

Radoop, Hadoop-GIS, Pigeon and SpatialHadoop. 

2.7.1 Radoop 

Radoop extends Hadoop to RapidMiner [134]. Radoop comes as an extension which had 

been developed to preserve and combine the capabilities of both the distributed framework of 

Hadoop and to take advantage of the convenient RapidMiner features such as metadata 

transformations and breakpoints. RadoopNest meta operator contains general settings for the 

Hadoop cluster’s such as the IP address of the Hadoop master node, and all other Radoop 

operators are used inside this meta-operator. The distributed framework Hadoop has many 

features which makes it a strong fault tolerant but it is hard to interact with the users in a friendly 

manner. The work in [134] provides a full description on dealing with Radoop starting with the 

data preprocessing and modeling the required operators to data handling and uploading to 

Hadoop cluster for processing. For handling the data in Radoop, HadoopExampleSet object is 

used to describe the data tables stored in Apache Hive, as a replacement of the ExampleSet 

object which is used by RapidMiner to store the data in the memory. Radoop stores all of the 

data in the distributed file system. Apache Hive, helps reducing the memory usage for 

processing the data. Implementation of many operators helps Radoop to deal with data in easier 

way through the command line interface. Comma separated value files can be easily loaded to 

the Hadoop distributed file system for storing in hive through operators such Reader and Writer. 

It works by parsing all the rows as overhead in the dataset. To deal with the intermediate results, 



46 
 

the operators such as Store and Retrieve are available.  Normally it is considered expensive to 

write data in the results table in the distributed file system. But in the case of Radoop, Hive 

Query Language (HiveQL) provides a powerful mechanism for the data transformations for 

Radoop. This allows Radoop to support multiple data transformation techniques, such as 

filtering examples, sorting, renaming, type conversions, selecting attributes and generating new 

attributes. 

 

Figure 2.11.  List of Radoop operators. 

2.7.2 Hadoop-GIS 

Hadoop-GIS integrates the Geographic information System (GIS) with Hadoop 

distributed file system for providing a distribution of the data processing. Figure 2.12 illustrate 

the architecture of Hadoop-GIS developed by [135]. Hadoop-GIS enforces MapReduce 
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processing system of Hadoop with various types of spatial queries by implementing spatial 

partitioning, and Real-time Spatial Query Engine (RESQUE). The partitioning is implemented 

through two types of spatial indexing techniques, viz. local spatial indexing technique and global 

partitioning indexing technique for efficient query processing. Through the implementation of 

Hive in the system to take care of the spatial queries. The Hadoop-GIS improves the declarative 

spatial inquiries with integrated construction modeling. Hadoop-GIS was developed to tackle 

the limitations of the traditional spatial query methods. These can be summarized as the 

following points: 

 Limitations in managing queries for big geospatial data. 

 Input/output bottleneck. 

 Intensive geometric computations, 

 Non-uniformity of loading the data and spatial tasks. 

 High data loading overheads. 

The RESQUE is an advanced engine for providing efficient spatial queries by utilizing 

both the local and global indexes. It implements the data compression mechanism to reduce the 

data loading cost. It implements a shared library which can be easily dispatched in a distributed 

processing environment. It introduces two methodologies for handling boundary objects which 

occur in multiple blocks while parallel query processing. The first methodology is Assignment 

and the second methodology is the Multiple Matching. The second one can be implemented 

easily and is more compatible with the MapReduce programming paradigm. Partitioning of 

spatial data aims to split the high density parts into smaller ones to ease the analysis and 

visualization of the data. The assignment methodology is implemented for the boundary’s 

intersection between the different tiles, by assigning a replica of object to the intersecting tiles. 

The data partitioning works based on the following steps:  

Step #1: Fix Cmax. Cmax is the maximum allowed number of objects in each tile. 

Step #2: Sort and calculate the number of objects in each tile. 

Step #3: Identify tiles with object more than Cmax. 
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Step #4: Split the tiles Identified in Step #3. 

Step $5:  Repeat the process from Step #2 until all tiles have objects less than Cmax. 

 

Figure 2.12.  Hadoop-GIS Architecture [135]. 

After partitioning the data, next comes the process of assigning the local and the global 

spatial indices. The data partitioning results into generation of tiled maps [136]. The local index 

is represented by Unified ID (UID) for each object in a map tile. A tile i and the global spatial 

index is represented by Maximum Bounding Regions (MBRs) of tiles. Hadoop-GIS sends 

spatial query language to the distributed processing environment MapReduce through HiveQL. 

HiveQL is able to implement spatial query having the following components: Spatial Query 

Translator (SQT) for translating SQL queries into an abstract syntax tree, Spatial Query 

Optimizer (SQQ), for applying the optimization rules and finally the Query Engine (QE) for 
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supporting multiple infrastructure operations, such as spatial relationship comparison, spatial 

measurements and spatial access methods. 

2.7.3 Pigeon 

Multiple languages like Pig Latin and HiveQL were introduced to help Hadoop run 

queries to analyze big data similar to high level languages such SQL. The SQL was not 

developed to support the spatial data types and the spatial indexing techniques, therefore an 

extension of Pig was developed to help the distributed processing environment in dealing with 

such data type and such indexed data. This extension is called Pigeon [137]. It introduces the 

spatial data types and spatial functionality to Pig as shown in Figure 2.13. It implements the user 

defined functions (UDFs) making it easy to reuse and compatible with all recent versions of Pig. 

This allows Pigeon to implement the nonspatial operations available in Pig, such as the filtering, 

joining and group-by operations. 

 

Figure 2.13. Pigeon as an extension of Apache [137] 

Through the implementation of Pigeon, Hadoop acquires the ability to import the spatial 

objects and features stored in the OGC compatible Well-Known Text (WKT) and Well-Known 

Binary (WKB) formats supporting the standard data types Open Geo-spatial Consortium 

(OGC).  To export the value of a spatial data, Pigeon converts the spatial objects to one of the 

three standard formats Binary, Text or Hex file. Pigeon introduce four different classifications 

of spatial capabilities: 
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A. Basic spatial functions  

B. Spatial predicates  

C. Spatial analysis  

D. Aggregation functions 

Pigeon implements spatial functions which allows to inquire in any basic detail of 

objects in the database like the area of a lake, length of a road, comparing the dimensions of 

various geographic objects etc. The basic spatial functions can provide that. The Spatial 

predicates find the relationship between any two objects, the spatial analysis applies spatial 

transformation on spatial objects. Finally the Aggregate functions which covert from multiple 

objects to a single object. 

2.7.4 SpatialHadoop 

SpatialHadoop is an extension of Hadoop developed for handling Spatial data processing 

in a distributed processing environment [78]. The main drawback of the systems such as 

Hadoop-GIS is the lack of integration with the core of Hadoop. SpatialHadoop has been built 

within Hadoop code by introducing spatial constructs into the core codes of Hadoop for 

improving the spatial query to distributed processing environment. SpatialHadoop provides 

multiple options for standard spatial indexing, such as, Grid File, R-tree and R+ tree. Local and 

global indexing are also implemented in SpatialHadoop to overcome accessing the spatial data 

in Hadoop distributed file system, but unlike Hadoop-GIS, which uses global indexing to 

identify the multiple parts of a file in the different Hadoop nodes. The local index is used to 

organize and manage the records stored inside each node. SpatialHadoop implements Pigeon. 

Pigeon is an extension version of the project Apache Pig which have been discussed earlier to 

support the distributed processing environment handling queries in indexed spatial data. 

SpatialHadoop upgraded the MapReduce programming paradigm by adding few 

components, such as, SpatialFileSplitter and the SpatialRecordReader, which allow MapReduce 

to access the indexed data. SpatialHadoop is used in multiple applications such as the e-

Minnesota Traffic Generator which is a web service for generating traffic data[138], TAREEG 

which is a web-based tool for extracting the spatial data from OpenStreetMap data [139], and 
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SHAHED, a system for querying and visualizing the large scale satellite data from NASA LP-

DAAC [140]. The SpatialHadoop’s core consists of the following four layers: 

A. Language layers: SpatialHadoop provides a simple high level spatial data analysis 

language for users. 

B. Storage layers: this implements the two layers of spatial indexing techniques. 

C. MapReduce layers:  this was implements two MapReduce components SpatialFileSplitter 

and SpatialRecordReader. 

D. Operations layers: SpatialHadoop also provides many multiple operation for spatial data 

processing such as range query, kNN, spatial join, and many other operations.  

 

2.7.5 GS-Hadoop 

GS-Hadoop is an efficient MapReduce based engine for distributed processing of 

Shapefiles [64]. The Shapefile is a file format for storing vector data used in GIS applications. 

It is a collection of binary files which includes extensions such as .shp (main Shapefile), .shx 

(Shapefile index), .dbf (associated attribute information), etc. The Shapefile format has not been 

designed to be used with distributed systems and GS-Hadoop uses an extended Shapefile format 

which acts as a container for all the Shapefile component files. The authors have also stressed 

that conversion from shapefile to CSV, XML (GML or KML) or to Geodatabases is not a viable 

solution for using them with distributed processing systems such as Hadoop. GS-Hadoop has 

features for co-location of data which allows faster execution of geospatial queries for localized 

data in a distributed system. The Shapefile format is extensible and can contain more number of 

optional component files as per the requirements. GS-Hadoop does not allow updates and 

truncation of the data but provides support for in-memory and distributed processing by directly 

using Shapefiles on a Hadoop cluster. 

2.9 Summary 

From the discussion of the above research it is evident that there is a growing consensus 

among the big geospatial community about the importance of big geospatial data and the huge 
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amount of knowledge it has which can used to support decision making process. To tackle this 

big geospatial data problem, the efforts of the community has led to the development of multiple 

frameworks which have brought out important contributions in terms of several frameworks and 

tools such as RADOOP, Hadoop-GIS, Pigeon, SpatialHadoop and GS-Hadoop. Each of them 

aims to address several shortcomings of traditional geoprocessing systems and handle big 

geospatial data.  

RADOOP extends the features of Rapid Miner to be executed on Hadoop. It allows to 

store data on HDFS and its querying module allows to execute HiveQL queries to use the 

processing power of Hadoop. RADOOP lacks in Spatial Querying support. Hadoop-GIS has 

support for local spatial indexing technique and global partitioning indexing technique for 

efficient spatial query processing. Real-time Spatial Query Engine (RESQUE) extends spatial 

support for Hive to tackle the limitations of the traditional spatial query methods. Intensive 

geometric computations can be efficiently performed using it. Pigeon extends Pig Latin and 

HiveQL to provide support for the spatial data types and spatial functionality to Pig. It allows 

application of nonspatial operations available in Pig, such as the filtering, joining and group-by 

operations to spatial features stored in the OGC compatible Well-Known Text (WKT) and Well-

Known Binary (WKB) formats. Pigeon forms a part of, SpatialHadoop, a larger distributed 

geoprocessing framework. SpatialHadoop spatial indexing, such as, Grid File, R-tree and R+ 

tree. Local and global level indexing is used to organize and manage the records stored inside 

each node and to identify the multiple parts of a file in the different Hadoop nodes. 

SpatiaHadoop has functions for spatial data processing such as range query, kNN, spatial join, 

etc., but it only supports geospatial vector data in WKT and WKB formats. GS-Hadoop uses an 

extended Shapefile format and bring the support for using the legacy data format for use with 

distributed processing system. 
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Chapter 3      

 Methodology of the Research 

In this chapter a distributed system based on Hadoop distributed processing framework 

is introduced for the development of decision support systems through mining multispectral 

raster geospatial data. The developed system comes with a novel indexing technique for 

grouping the multiple values of the pixels with the reference of that pixel’s location in the image. 

An upgraded version of K-Means classification algorithm to process multispectral data has also 

been implemented in MapReduce environment. The developed system also supports various 

functions for calculating distances like the Euclidean distance and Manhattan distance, and can 

be easily extended to support other functions for calculating the distance such as Mahalanobis 

distance, if required which depends on different factors. For example, the number of dimensions 

involved with the data processing can help selecting the suitable function [141].  

 

Figure 3.1. The system framework main window. 
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A few editing tools are also provided with system as shown in Figure 3.1 to help for 

better study of the raster data scene. The tools help for joining two different images through the 

join model. If needed to focus on a part of the dataset, the clip model is helpful to clip out the 

desired part of the image for further studies. Split modules are provided for splitting the image 

either horizontally or vertically. The tools also provide a module which implements a mode 

filtering algorithm which highlights the boundaries of the image features which are outputs from 

upgraded K-Means classification algorithm and cleaning the noise. The system also consists of 

the topographical as well as topological study module which extracts the needed features from 

a scene. This is discussed in detail later in this chapter. One of the main advantages of this 

system is the user interface, which overcomes one of the main disadvantages of Hadoop.  

3.1 Data Pre-Processing 

The Hadoop Distributed File System (HDFS) is a distributed file system designed to be 

deployed on commodity hardware and it is used to store and access big geospatial data. It has 

many similarities with other distributed file systems. However, the differences from other 

distributed file systems are significant.  

 HDFS is a part of the Apache Hadoop Core project. 

 Highly fault-tolerant. 

 Designed to be deployed on low-cost hardware.  

 Designed for handling huge amount of that with a high throughput access.  

 Enables streaming access to file system data through relaxing some requirements of 

portable operating system interface (POSIX). 

HDFS stores each file after splitting it as a sequence of blocks of the predefined size 

except the last block of each file. The block size factor is configured in the HDFS setting and 

can be changed any time. So two different files might have different block sizes if the block size 

factor is modified before creating or uploading second file on HDFS. The blocks of each file are 

replicated on DataNodes as a safety measure for fault tolerance; in case one of the machines 

faced any kind of failures. The replication factor which sets the number of replicas each block 

should have, is also similar to the block size factor that can be modified or updated as and when 
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required. This can sometimes lead to different replication number for different files. But all 

times all the blocks of one file will have the same number of replicas. The Figure 3.2 is a 

simplified representation of 12 DataNodes of two files created named the red file and the blue 

file. We can see that the two files split into file blocks and get distributed over the DataNodes. 

The number of blocks of each file doesn’t only depend on the block size factor, but also on the 

file size. So the red file was split into 3 blocks and the blue file was split into 5 blocks. On the 

other hand, the number of replicas each block has depends only on the replication factor set. 

The difference here is that each block of the red file have got one replica, but each block of the 

blue file have got two more replicas. Only the NameNode can make such decisions regarding 

the HDFS configuration. The NameNode receives signal from all the DataNodes, called the 

Heartbeat, to ensure that the DataNodes are running satisfactorily. It also receives the Block 

report from each of the DataNodes which are in list of all the blocks stored in each DataNode. 

The default block size used by Hadoop is 64 MB, therefore by default any file created in the 

HDFS will be divided into blocks of the size 64 MB, and distributed all over the available 

DataNodes possible in the cluster. Now this causes a problem for processing multispectral raster 

data, because the multispectral values of any single pixel are stored in multiple files or in 

different places of the same file. However, the aim is to consider multiple values of a pixel as 

one entity to preserve its spatial characteristics. 

 

 Figure 3.2. Data Replication in HDFS nodes. 
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Storing various spectral values of a pixel in different location raises an issue while 

processing the data due to the way the MapReduce retrieves and processes the data. A 

MapReduce job consists of a set of Mapper tasks as shown in Figure 3.3, where the tasks are 

executed on the DataNodes to parallelly process the part of the big dataset stored locally in the 

DataNodes. MapReduce sorts the outputs of those Mapper tasks and uses it as input(s) for the 

second phase which is the Reducer phase. The Reducer phase executes reducer tasks which 

gathers the outputs of Mapper tasks and starts processing parallelly as soon as any of the Mapper 

task completes its work. This means that it is not necessary that all Mapper tasks complete their 

jobs before any Reducer task starts. This establishes that the MapReduce programming 

paradigm is appropriate for jobs with batch processing applications. Genuine parallelism is 

accomplished in MapReduce programing paradigm by processing the data in multiple 

processing nodes through the implementation of several steps of split, sort, merge and join. From 

this study the working of the MapReduce programming paradigm in general can be described 

as follows: 

1. The NameNode will assign a Mapper to process a block of the split file. 

2. The Mapper reads the data block by splitting it into group of values with Randomized keys, 

in which every line can be considered as a value.  

  (Random key, value (a line of file))  Mapper. 

3. The Mapper produces a new set of key value pairs as output, based on the user requirements. 

 Mapper  (key, value) 

4. Sort phase sorts the outputs of the Mapper by Key. 

5. The Merge phase merges similar key which leads to each key to associate with multiple 

values. The developed system, uses the merge phase to collect all of the associated pixels 

with a single centroid and outputs a new set consisting of a cluster. 

6. The Shuffle phase prepares output from the previous phase for further processing by the 

Reducer phase. 

7. The Reducer receives the keys along with their set of values. 

1. (key, (value, value, value….))  Reducer. 

8.  The Reducer produces a new set of keys and values as output, depending on the user 

requirements and which is written in the output file in the HDFS. 

 Reducer  (key’’, value’’) 
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Figure 3.3. MapReduce data processing. 

In the first two steps which MapReduce takes to process the data there is a problem in 

handling the multispectral data. One cannot know which part of the data is assigned to which 

Mapper task and even which DataNode is storing which block of the data. This is because 

MapReduce sends each line of the files as Value with a random key. At the same time the 

multispectral values of each pixel could be stored in different DataNodes or can be sent to 

different Mapper tasks and our objective is to consider multiple values of a single pixel as one 

unit and find the relations with the other pixels. Therefore, a new data format which can preserve 

this relation is necessitated. The indexing technique overcomes this problem by bringing 

together the multiple spectral values of a pixel and providing them with index. It also helps in 

representing the complex data available in multiple number of dimensions. The succeeding 

sections of this chapter discuss the full implementation of the system starting with the data pre-

processing stage which includes the indexing technique, the implementation of upgraded K-

Means classification algorithm, the data editing tools, the filtering techniques, data visualization 

modules, and different modules for features and attributes extraction. The functionality of the 

system can be accessed through a graphical user interface. 
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Indexing the multispectral data is important to overcome the difficulties which appear 

with the storage and the accessing of data in HDFS. Before further elaboration on the developed 

system, it is required to emphasize on the HDFS architecture and MapReduce programming 

paradigm. A Hadoop cluster is based on master slave architecture consists of a single NameNode 

and a number of DataNodes. The NameNode is a master server managing the namespace of the 

HDFS file system and controls the access to the files stored on HDFS. The DataNodes manage 

their individual storage space. Usually there is one DataNode configured in each of the Hadoop 

cluster of nodes. Hadoop stores the client’s data all over the DataNodes by splitting the files into 

set of blocks of a specified constant size. But for running operation such as opening, closing or 

even renaming the files, it is the NameNode that is responsible for connecting each of the file 

blocks spread across the DataNodes. The NameNode can also instruct the DataNodes to create 

any block, delete, and even create a replication of that block. The NameNode and DataNodes 

are parts of a system designed to run on commodity hardware machines which can be defined 

as “An off-the-shelf computers that are not costly and are readily available for purchase”. These 

machines generally operate on GNU/Linux operating system. Any machine supported by Java 

can be configured as NameNode or DataNode as Hadoop is developed using Java language. For 

using the highly portable programming language Java, Hadoop can be easily installed and 

configured on hardware of a broad-spectrum of different architectures. Hadoop architecture 

does not allow more than one NameNode in Hadoop cluster or running multiple DataNodes on 

the same machine. Having a single NameNode in Hadoop cluster simplifies the Hadoop system 

architecture. As shown in Figure 3.4, the NameNode stores the metadata for the whole HDFS 

and controls it. At the same, the Hadoop system is designed in such a way that there is no need 

for the user data to flow through the NameNode.  

The data pre-processing in the developed system is done through a series of steps as 

described by flowchart in Figure 3.5. The steps are: 

 Extract an ASCII file of each spectral band from the TIFF image files. 

 Remove the headers from those ASCII file  

 Upload the data to HDFS. 

 Index the multiple values of each pixel with their location in the image. 
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Figure 3.4. HDFS data management.  

 

 

Figure 3.5. Pre-processing stage. 
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multispectral values of the first pixel in the image. Visualization and understanding of data in 

four dimensions can be complex. Multispectral image can have tens of bands while the hyper 

spectral image could have a few hundreds of bands. Therefore this Indexing technique helps to 

represent the multispectral values of object in two dimensions space which can be readily 

distributed over HDFS and easily processed through MapReduce. From technical point of view, 

the highlighted values (A, B, C, D) in Figure 3.6 (c) represent the spectral values of one pixel. 

An indexed image file on HDFS leads to storing the multispectral values of different pixels in 

different blocks and even in different locations in the cluster’s DataNodes. Due to the 

availability of the index values (L,C) the resultant output from the map tasks will preserve the 

spatial characteristics of the pixel which is considered as one unit in the developed system. 

 

Figure 3.6. Representation of ASCII files of Raster Images. 
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A custom input format similar to the Band Interleaved by Line (BIL) is introduced to 

tackle the issues faced while processing such binary data formats in a Hadoop environment. A 

novel indexing technique is introduce here which is done by combining all the multispectral 

values of the pixel in one text line dedicated for that single pixel, and which is also followed by 

an index in the same text line. This allows Mappers to read all the available spectral information 

of each pixel as one unit. The index is constructed by using the Line No. and Column No. (L, 

C) values which are the location of the pixel in the file as shown Figure 3.7 (A), in which the 

(1pv ,2pv,3pv,4pv,....... ,Npv) represent the N different values of a pixel. This format also allows 

easy conversion back initial ASCII file format started with after the classification process is 

done. The classified data file contains only the index values and the data cluster no (CNo) to 

which the pixel belongs to instead of the Np values of that pixel as shown in Figure 3.7 (B).   

 

Figure 3.7. Representation of the custom input format. 

Figure 3.7 shows an example of the first seven lines from an indexed file uploaded on 

Hadoop. Multi-dimensional geospatial data which is acquired from Landsat 8 data have been 

used with the experimental indexing technique. Six spectral bands have been indexed through 

this system after having been uploaded to HDFS. The line, e.g. 8560, 8075, 7650, 13779, 11029, 

8582, 1, 10001 in the Figure 3.7 represents the indexed multiple spectral values of a pixel located 

(A) (B) 

1pv           ,    2pv    ,    3pv    ,    4pv      ,....... ,    Npv    ,L,C 

10098.0, 10292.0, 10988.0, 15292.0, .......,    Npv    ,1,1 

10046.0, 10206.0, 10836.0, 15378.0, .......,    Npv    ,1,2 

10025.0, 10173.0, 10766.0, 15467.0, .......,    Npv    ,1,3 

10000.0, 10131.0, 10685.0, 15532.0, .......,    Npv    ,1,4 

(C) 

CNo. ,L,C 

2,1,1 

2,1,2 

2,1,3 

…. 

3,5,1 

3,5,2 

3,5,2 
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(L,C)  (1,10001) in the image. Mapper considers the spectral values of the pixel e.g. 8560, 

8075, 7650, 13779, 11029, 8582 as an object (polygon) in two dimensional image. The example 

in Figure 3.6 (A) shows the indexed representation of the first pixel which is (A, B, C, D, 1, 1) 

where the values (1, 1) represent the line and column number of its location in the image. The 

data is transformed to be used with the developed mining system based on MapReduce 

technique. The user can index data easily through the user interface developed in this work and 

does not need to interact with any of the Hadoop commands. As shown in Figure 3.8, the user 

can provide the path to where the data is to be uploaded in the HDFS format. 

 

Figure 3.8. Indexing Module. 

3.2 Processing of Multispectral Image 

Data in HDFS Format  

The K-Means classification algorithm is implemented to perform unsupervised 

classification of the multispectral geospatial data [142, 143] which maps land cover classes to 

be used in remote sensing scene characterization. The final output of the Distributed K-Means 

classification process results into data representing the cluster number a pixel belongs to, along 

with the index values (L , C) representing the pixel location as shown earlier in Figure 3.7 (b). 

Each line in the input indexed input image requires ((N+2) * 8 bytes) of storage space (N is the 

number of spectral bands, the bytes for the index values, and each value is stored as Double 

variable which requires 8 bytes). The storage space required for each line in the output file is 3 
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bytes. For example having a 6 bands input image requires (6+2)*8bytes = 64 bytes of storage 

space per pixel in the image. After classification, the output requires 3 bytes storage space per 

pixel in the image. The clustering output is again reduced in size is done after the stage of 

converting the indexed output back again to simple ASCII data format with 1 byte of storage 

space per pixel.  

The well-known classification algorithm K-Means is updated and implement through 

MapReduce programming paradigm as shown in the second stage as (Figure 3.9), to use the 

distributed processing power of Hadoop. Initially, a set of pre-decided number of centroids are 

randomly chosen for classification in multispectral feature space. K-Means calculates the 

distance of each pixel from each of the initial cluster centroids to decide the nearest centroid. 

The above computations are carried out iteratively, every time resulting into new centroids of 

improved locations in feature space. The iterations is continued until the given stopping criteria 

is met. The coordinates of new centroids are computed by taking averages of pixel values in 

their multispectral feature space. The MapReduce paradigm is implemented through Mapper 

and Reducer tasks. Mappers and Reducers will be repeating in each iteration and a different 

Reducer will be running after meeting the stopping criteria. The process starts by reading the 

indexed data along with a file of the initial centroids as input to the first Mapper. The data is 

processed by all the available DataNodes of Hadoop cluster. Ever DataNode processes few a 

blocks of the input data. The Mapper assigns the nearest centroid to ever object in the image, 

the Mapper output are key-value pairs. The key here is the serial number of the nearest centroid, 

while the value is the index of the object. The Sort and Combine takes, send every group of 

values that share the key to the same Reducer. Here the group is cluster of a data that share the 

same centroid. The Reducer calculates the new centroid for each cluster and writes that new 

centroids as output. Before the new iteration, the shift of the location of each centroid is 

calculated and maximum percentage of square change in the position of all centroids in from 

the current iteration to the previous iteration. The change in position for each centroid in each 

iteration is calculated using equation No.1 and the centroids are compared until the stopping 

criteria factor is met. The same iteration of MapReduce is carried out again otherwise the last 

iteration of MapReduce will start running the Mapper along with the second Reducer (Reducer-

2). 
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𝐷𝑒𝑣 = ∑ (𝑛𝑒𝑤𝐶 − 𝑜𝑙𝑑𝐶)2𝑛
𝑑𝑖𝑚=1                                    .…...(1) 

𝑚𝑎𝑥(
𝑐𝑢𝑟𝑟𝑛𝑡 𝑑𝑒𝑣2

𝑛

𝑝𝑟𝑒𝑖𝑣𝑜𝑢𝑠𝑑𝑒𝑣2
𝑛

100) < 𝑆𝑡𝑜𝑝𝑝𝑖𝑛𝑔 𝑓𝑎𝑐𝑡𝑜𝑟(𝑖𝑛 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒)   …...(2) 

 

Figure 3.9. Implementation of a simple K-Means algorithm on image data set in HDFS format through 

MapReduce programming model. 
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Figure 3.10. K-Means Classification Module. 

The job of Reducer-2 is to write the final out put into two different files. The first file 

includes the set of final centroids of the clusters along with the size of each cluster. The second 

file has the indexed output, as described in Figure 3.7 (B), computed from all the N available 

spectral bands. It represents complete information contained in the original input data. It can 

further be used for feature extraction, topographical studies, topological studies, visualization, 

etc. An easy to use interface is developed is shown in Figure 3.10. The user can provide the path 

to the input file, the initial centroids coordinates, the number of bands, the stopping factor, and 

the path of output file. 

3.3 Indexed to ASCII Conversion  

This Module’s job is to bring back the data to the ASCII initial format, by extracting the 

index out of the indexed file and use it to allocate the pixel classified value in its location in the 

image. The clustered value and as mentioned in previous section the conversion helps in 

reduction of the file size.  The indexing process allows to identify the location of the pixels and 

their values which are written in the ASCII file. For example, reading the first line in Figure 3.11 

(a) which is (2,1,1) help us to write the value (2) in the first row and first column of the ASCII 

file in Figure 3.11 (b). The line containing (3,5,2) means that in the 5th row and the 2nd column 

the values should be (3). A visualization module has been developed in this system for 
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visualizing the data structure of the file shown in Figure 3.11 (b) which is discussed in coming 

sections. The same output can be also visualized easily in commonly used GIS platforms such 

as ENVI or QGIS. This has been made possible due to the reduction in size of the output due to 

our system. Figure 3.12 shows the interface for this module. 

 

Figure 3.11. Indexed to ASCII format 

 

 

Figure 3.12. Convertor user interface. 
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3.4 Editing of Image in HDFS Format 

After classification of image data in features space as shown in Figure 3.13. Further, 

simple basic editing operations can be applied on the indexed data itself. The operations may be 

horizontal splitting, vertical splitting, clipping part of the image, and joining two different 

images. This helps in focusing the study in any particular part of the scene or even add more 

data by merging two datasets (images). The editing techniques can be applied to the data before 

and after classification. The data conversion can be done only after classification the data. 

 

Figure 3.13. HDFS image data editing. 

3.4.1 Clipping  

The index makes it very easy to extract all the pixels located between four corners and 

save them as a separate image file, if required by the user. By setting the starting pixel location 

and ending pixel locations as shown in  

Figure 3.15 clipping an image can be easily done. The smaller clipped image then can be 

converted to the ASCII format for further studies. Figure 3.14 presents two examples of clipping 
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two different parts of an image. The left side is 1000x1000 pixels clipped image from the full 

image shown in the centre. Another clip is taken of the area highlights with blue boundaries in 

the full image, shown in the far right side of the figure. The second clip is bigger than the first 

clip with size of 2000x1000 pixels. The user has to provide the number of bands of the image 

also as it could be different. For the module to support clipping the input data, in the case of 

editing any dataset after the classification processes the number of dimensions is always set as 

(1). 

 

Figure 3.14.   Clipping two parts of different sizes from an image visualized through ENVI. 

 

  

Figure 3.15. clipping a part of an image. 
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3.4.2 Splitting  

The editing tools for splitting images into multiple parts are developed and integrated in 

the system to support the indexed data format. The first tool shown in Figure 3.17 implements 

the vertical splitting module, and the second tool shown in Figure 3.18 implements the 

horizontal splitting module. Those modules can also be applied on the data before and after 

classification process. After selecting the required splitting module, the splitting factor has to be 

set by specifying the column or row number from where the split should be done. The 

application automatically calculates the relevant rows and columns to be passed as arguments 

and using the index the columns or rows will be divided into two different groups’ based on the 

location from the splitting factor. The two groups are written into two different files. Examples 

of both the cases have been presented in of Figure 3.16. The right side of Figure 3.16 depicts 

the horizontal splitting of the image in the middle, where in the area highlighted with the Yellow 

colour represent the upper part of the image and the part highlighted with Blue colour represents 

the lower part of the image. The left side of Figure 3.16 shows the vertical splitting of an image 

where the Red highlighted area is split out of the full image in the middle again.  

 

Figure 3.16.   Vertical and Horizontal splitting of the image in the middle visualized through ENVI. 
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Figure 3.17. Vertical Split module  Figure 3.18. Horizontal Split Module 

 

 

Figure 3.19. Merge Two Images  
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3.4.3 Merging 

 Merge is the editing tool for merging any two images and it has four different 

modes. Merge can join from right, join from left, join from up, and join from down. After 

providing two images as an inputs to merge them, the merging mode has to be selected, which 

identifies the way the two images are to be merged through the selected mode. The module 

decide where in to attach the second image to the first one according to the selected mode. This 

editing process can be applied to images before or after the mining phase according to the 

requirements. We can mine many different images together after getting them from different 

sources, converting it to our proposed format and then joining them together. The user interface 

shown in Figure 3.19 makes it easy for the system users to carry out merging of any two images 

without interacting with any of the Hadoop commands. 

3.5 Image Filtering and Enhancement 

3.5.1 Mode filtering 

Mode filtering is applied to smoothen the edges of the different objects of each cluster 

in the image, and at the same time to reduce the noise in the scene [144]. This filtering in our 

system allows to convert the raster image type to vector data type or in other words to extract 

the WKT format of the object (polygons) efficiently. The implementation of mode filtering 

module involves assigning to the central pixel the most common values inside the predefined 

kernel around the pixel. The kernel size that is needed by the algorithm can be specified at 

runtime through the developed user interface is shown in Figure 3.21. Mode Filtering runs as 

shown in Figure 3.20  with the kernel size of 5x5 pixel and is highlighted with Red square. The 

filter computes the frequency of pixel values inside the kernel and then assigns the highest 

frequency pixel value to the centre pixel shown with a Red circle in the figure. The kernel shifts 

one step to the next pixel highlighted with Blue colour. The jump to the third pixel in the third 

row of the image is shown for a better demonstration of the module. With a kernel of size 5x5 

the most common value in the kernel, i.e., 9 replaces the 2 values in the 3rd row of the 3rd 

column.          
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9 9 9 9 2 9 9 9 9 9 9 9 9 9 

9 9 9 9 2 2 2 2 9 9 9 9 9 9 

9 9 2 9 2 2 2 2 9 9 9 9 9 9 

3 3 9 9 2 2 9 9 9 9 9 9 9 9 

1 1 1 1 1 1 1 9 9 9 9 9 9 9 

1 1 1 1 1 1 1 1 9 9 9 9 9 9 

1 1 1 1 1 1 1 1 1 9 9 9 9 9 

1 1 1 1 1 1 1 1 1 1 9 9 9 9 

1 1 1 1 1 1 1 1 1 1 1 9 9 9 

1 1 1 1 1 1 1 1 1 1 1 1 1 9 

1 1 1 1 1 1 1 1 1 1 1 1 1 1 

1 1 1 1 1 1 1 1 1 1 1 1 1 1 

Figure 3.20.  Mode filtering process 

 

 

Figure 3.21. Mode Filter Module 
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3.5.2 Boundaries highlighting 

A module for data vectorization is developed to derive the boundaries of the identified 

clusters after converting the data back to the initial ASCII format. The extracted data can be 

used to visualize the boundaries of the different clusters and also can be used on the desktop 

GIS platforms for further analysis. Options to filter certain clusters according to the 

requirements is available in the user interface shown in Figure 3.23 and can also be specified as 

parameters when executing the vectorization module. The module is developed to help extract 

the features of the different objects of in each cluster which will be discussed in coming sections. 

All pixels belonging to a single cluster has to be isolated or extract from the whole dataset. The 

boundaries of the cluster can then be visualized. An example is represented in Figure 3.22 shows 

the polygons of cluster No 7 after excluding the rest of the clusters from the image of the size 

of (8000x8000) pixels. The output can be visualized after being written into a separate output 

file for that selected cluster or else can be visualized using any of the available GIS platforms 

such as QGIS. After converting and filtering the data set back to the ASCII format. The process 

of feature extraction uses the resultant output from this process.  

 

Figure 3.22.   Highlighting the boundaries of 

cluster no.7 in 8k image 

 

 

 

Figure 3.23. Boundaries highlighting interface  
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Figure 3.24. Data Analysis Flowchart 
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3.6 Features Extraction 

The feature extraction module for extracting the features from a spectrally classified 

scenes and the attributes associated with these objects as shown in Figure 3.25. The module 

produces two files out of the classified and converted raster file. The first file is the vector file 

representing the features in open geospatial consortium (OGC) standardized Well Known Text 

(WKT) format. The second file is the attributes text file for all the objects in the scene. Attributes 

such as the cluster number, the object number, shape factor, the perimeter of the object, the area 

of the object, the location of it’s centroid, the elevation of the centroid point, NDVI, NDRI, 

NDWI1, and NDWI2 are of utmost importance as a decision support system. The elevation of 

the object is available from the DEM dataset file. The features file (WKT) and the attribute file 

are connected through a unique identifier (UID) which is constructed by both the object number 

and the cluster number to which the object belongs to. For example, the object Number 10 that 

belongs to the third class is having the UID (10/3). Those two values exist in both files to help 

in further studies that can be carried out on the features of the scene. This identifier is also 

helpful in the visualization module. The visualization module can show and hide some objects 

based on the features associated with them. This will be discussed in detail in coming sections. 

The attributes extracted by this module are the following: 

 The area (in meter square) is calculated by counting the pixels in each object including the 

boundaries pixels and resolution of the image.  

 The perimeter (in meters) is calculated by the counting the boundary pixels and converting 

the value into meters.  

 The shape factor is computed using formula No. 3.  

 The Height is extracted centre point of the object from the DEM layer.  

 The different indexes (NDVI, NDRI, NDWI1, and NDWI2). 

The Normalized Difference Vegetation Index (NDVI) is a spectral index which is a 

measure of green biomass content in vegetation. It is near zero for base soil and less than zero 

for wet lands and water bodies. It is the normalized difference between near-infrared (NIR) 

which vegetation strongly reflects and red light which vegetation absorbs. NDVI is calculated 

using formula no.4. Normalized Difference Reflectance Index (NDRI) is calculated through the 
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formula no.5 which shows soil disturbances. It is the difference between green and red light 

(which vegetation absorbs). Normalized Difference Wetness Index (NDWI) may refer to one of 

at two remote sensing-derived indexes related to liquid water content of the objects. NDWI1 

and NDWI2 are used to monitor changes in water content of leaves, derived from near-

infrared (NIR) and short-wave infrared (SWIR) wavelengths and calculated through the formula 

no.6. NDWI1 and NDWI2 formulas use the SWIR1 and SWIR2, respectively. This process 

allows to individually identify all the objects (geographical features) and the cluster to which 

they belong. The two outputs files of the extraction module allows us to study the 

interrelationship between the objects in the scene through the Topographical Study module and 

Topological study module which are discussed in the upcoming sections of this chapter. 

𝑠ℎ𝑎𝑝𝑒𝐹𝑎𝑐𝑡𝑜𝑟 = 4𝜋(
𝑎𝑟𝑒𝑎

𝑝𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟 2
)              ..................... (3) 

𝑁𝐷𝑉𝐼 =
(𝑁𝐼𝑅−𝑅𝐸𝐷)

(𝑁𝐼𝑅+𝑅𝐸𝐷)
                                     ..................... (4) 

𝑁𝐷𝑅𝐼 =
(𝐺𝑅𝐸𝐸𝑁−𝑅𝐸𝐷)

(𝐺𝑅𝐸𝐸𝑁+𝑅𝐸𝐷)
                                 ..................... (5) 

𝑁𝐷𝑊𝐼1 =
(𝑁𝑅𝐼−𝑆𝑊𝐼𝑅1)

(𝑁𝑅𝐼+𝑆𝑊𝐼𝑅1)
                               ..................... (6) 

𝑁𝐷𝑊𝐼2 =
(𝑁𝑅𝐼−𝑆𝑊𝐼𝑅2)

(𝑁𝑅𝐼+𝑆𝑊𝐼𝑅2)
                               ..................... (7) 

3.7 Topographical Study 

The topographical interrelationship study of an object (polygon) with respect to the all 

objects around it in specified area can be carried out through the Topographical Study module. 

The module uses the outputs from the previous module of feature extraction to study any 

particular object and the relationships that object has with objects around it. The module also 

allows the user to specify the minimum size of objects to be included in the study as shown in 
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the graphical user interface in Figure 3.26. This module also produces two different files, the 

first file based on the WKT format of the objects in the study area and the second file based on 

the attributes of those objects along with attributes which identify the relationship of the selected 

object to the other objects in the area of study. The attributes introduced by this module are the 

Euclidian distance from the centre of a selected object to the centre of all other objects, the 

azimuth angle and slope between the selected object and the other objects in the selected area 

of study. These attributes describe the location of the objects to the selected object and they are 

calculated using the formulas No. 8 and formula No. 9.  

𝐴𝑧𝑖𝑚𝑢𝑡ℎ 𝐴𝑛𝑔𝑙𝑒 = 90 + (𝑡𝑎𝑛
(𝑌2−𝑌1)

(𝑋2−𝑋1)
)         ….………………..(8) 

𝑋1 , 𝑎𝑛𝑑 𝑌1: 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑡ℎ𝑒 𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑐𝑒𝑛𝑡𝑟𝑖𝑜𝑑 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑡𝑢𝑑𝑦 𝑜𝑏𝑗𝑒𝑐𝑡 

𝑋2 , 𝑎𝑛𝑑 𝑌2: 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑡ℎ𝑒 𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑐𝑒𝑛𝑡𝑟𝑖𝑜𝑑 𝑜𝑓 𝑡ℎ𝑒 𝑎𝑛𝑦 𝑜𝑓 𝑡ℎ𝑒 𝑜𝑡ℎ𝑒𝑟 𝑜𝑏𝑗𝑒𝑐𝑡𝑠 

𝑆𝑙𝑜𝑝𝑒 =
(ℎ𝑒𝑖𝑔ℎ𝑡2−ℎ𝑒𝑖𝑔ℎ𝑡1)

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒
                                           ……………………..(9) 

ℎ𝑒𝑖𝑔ℎ𝑡1: 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑡ℎ𝑒 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑   𝑒𝑙𝑒𝑣𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑠𝑡𝑢𝑑𝑦 𝑜𝑏𝑗𝑒𝑐𝑡  

ℎ𝑒𝑖𝑔ℎ𝑡2: 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑡ℎ𝑒 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑 𝑒𝑙𝑒𝑣𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑎𝑛𝑦 𝑜𝑓 𝑡ℎ𝑒 𝑜𝑡ℎ𝑒𝑟 𝑜𝑏𝑗𝑒𝑐𝑡𝑠  

 

 

Figure 3.25. Features extraction module 

 

Figure 3.26. Topographical study module 
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3.8 Topological Study 

The topological study module has the capability to uncover the topological relations 

between the objects in a given scene. The output of the module helps in identifying the 

topological relationships by querying whether any of the objects in the study area are inside or 

outside of the area of the selected object and whether they touch the boundaries of the selected 

object or not. The binary topological relations between two objects can be uncover with the help 

of the intersection of three part in the objects pixels, viz. the interior, boundary, and exterior. 

The Topological relation between any two objects can be studied through the (9-intersection) 

matrix as shown in the equation no.10. 

Γ9(A , B ) = (
𝐴𝜊 ∩ 𝐵𝜊                     𝐴𝜊 ∩ 𝜕𝐵                     𝐴𝜊 ∩ 𝐵−

𝜕𝐴 ∩ 𝐵𝜊                     𝜕𝐴 ∩ 𝜕𝐵                     𝜕𝐴 ∩ 𝐵−

𝐴− ∩ 𝐵𝜊                     𝐴− ∩ 𝜕𝐵                     𝐴− ∩ 𝐵−
)……(10) 

𝐴𝜊: 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 interior , 𝐴−: 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑡ℎ𝑒 boundary, and   𝜕𝐴 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑡ℎ𝑒 exterior 

𝐵𝜊: 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 interior , 𝐵−: 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑡ℎ𝑒 boundary, and   𝜕𝐵: 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑡ℎ𝑒 exterior    

  

Figure 3.27. Topological relations example 

Figure 3.27 shows few examples of topological relations between two objects labelled 

as object A and object B. The 9-intersection matrices describe these relations by showing the 

intersection in the mentioned three parts of the objects. The topological relation in Figure 3.27  

(a) in which the object are not intersecting is described by the matrix from equation no.11. On 

A  B A  B 
A  

B 

A  
B 

A  B 

(a) (b) 
(c) 

(d) (e) 
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other hand, in case of two objects closer and touching each other’s boundaries as in Figure 3.27  

(e) only the value in the centre of the matrix changes to one given by equation no.15. All 

elements of the matrix take value ‘1’ in the case the two objects intersect in all three parts 

(interior area, boundary, and the exterior area) as in Figure 3.27 (b). This is a case of 

overlapping. The last two examples where one of the object is totally inside the other objects 

can be described by the two matrices given by equation no. 13 and equation no. 14, respectively. 

In those two relations, the objects are inside each other but not intersecting/touching in the 

boundaries, even if they did, the centre value in both matrices will be ‘1’ and not ‘0’. The 

topological study can be carried out in two in two modes. The first mode by studying the 

topological relations among a group of objects in a specific area of study with one chosen object, 

by providing the WKT file of the study area and specifying the selected reference object and the 

number of the cluster that object belongs to as shown in Figure 3.28. The second mode by 

studying the relation between any two selected objects, is by providing the two WKT file in 

which the objects exists and the number of the objects and the number of the clusters they belong 

to as shown in Figure 3.29. 

𝛤9(𝐴 , 𝐵 ) = (
0 0 1
0 0 1
1 1 1

)………(11)               𝛤9(𝐴 , 𝐵 ) = (
1 1 1
1 1 1
1 1 1

)………(12) 

    𝛤9(𝐴 , 𝐵 ) = (
1 1 1
1 0 0
10 0

)………(13)               𝛤9(𝐴 , 𝐵 ) = (
1 1 1
0 0 1
0 0 1

)………(14) 

𝛤9(𝐴 , 𝐵 ) = (
0 0 1
0 1 1
1 1 1

)………(15) 
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Figure 3.28. The 1st mode Topology study 

 

Figure 3.29. The 2nd  mode Topology study 

3.9 User Interface & Data Visualization 

The User Interface to access the functionalities of the system is developed in Java. The 

visualization interface can visualize the output files in ASCII format generated after spectral 

classification and can also be used to visualize the extracted features. The User Interface makes 

use of the Hadoop Java Application Programming Interface (API) to access the data files stored 

upon HDFS. The API allows access to the HDFS (FS shell) which allows the user to interact 

with these files and directories. The graphical user interface provides an easier way to carry the 

task in the distributed environment as have shown in all the developed modules with the system. 

A few of the API commands which are used in the developed user interface includes the 

following: 

 dfs -mkdir <Directory_name> - To create a new directory on HDFS 

 dfs -get <directory_name or file_name> - To read a directory or file from HDFS 

 dfs -cat <file_name> - To read the contents of a file from HDFS 
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Figure 3.30. WKT Visualization module 

These two modules can be accessed by the users from different modules in the system 

such as through the conversion module after converting any image back to the spectral form. 

The user can visualize the output of these module. Another way is through feature extraction 

module after extracting the features, maybe after running the Topographical study. The user can 

visualize the output of the study. The visualization module highlights the study object with Red 

colour to allow the users understand the relationship of that object with all other objects in a 

better way. Another way is by directly opening one of the two modules from the main window 

of the user interface to visualize the classified image or extracted features from the data saved 

in the system. The Figure 3.30 as shown above demonstrate the WKT file visualization module 

which provides some extra capabilities, by providing an option to view or hide some of the 

objects in the scene based on their attributes such as the NDVI, NDRI, NDWI1, and NDWI2.
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Chapter 4          

Results and Discussion 

4.1 Technical Specification of the Hadoop 

Cluster Used 

A Hadoop (v.2.6.0) cluster of 50 nodes is configured on in house assembled on DELL 

HPC system with 50 Virtual Machines (VM). The VM are step-up in a HP Proliant DL580 G7 

server with 4 x Intel® Xeon® CPU E7-4870 @ 2.40 GHz totalling to 80 cores. The server is 

equipped with 512 GB RAM. The HPE 3PAR StoreServ is a storage backend with 2 x 8 Gbps 

connectivity. The Hadoop cluster consists of one Master machine (NameNode) and 50 Slave 

machines (DataNodes). A Secondary NameNode has not been used as the deployment is on 

enterprise grade server and storage. The NameNode is configured in a machine equipped with 

4 virtual processors and 12 GB RAM, while the 50 DataNodes are heterogeneously configured 

as the following: 

 1 DataNode sharing a VM with the NameNode with 4 

virtual processors and 12 GB RAM 

 38 DataNodes with 1 virtual processor and 8 GB RAM 

 11 DataNodes with 1 virtual processor and 4 GB RAM 

 

Figure 4.1. Hadoop cluster. 
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4.1.1 Benchmarking the Hadoop cluster (I/O) 

It is highly recommended to check the throughput benchmark of Hadoop cluster HDFS, 

even though the storage is backed up with a single Storage Area Network (HPE 3PAR 

StoreServ) in multiple disks. It is appropriate to use a distributed file system such as HDFS on 

top of a shared disk infrastructure such as a storage area network. As per the suggestions 

provided in  [145], the benchmarking has been performed. Table 4.1 gives various statistics 

from DFSIO benchmarking which is shipped with Hadoop framework by implementing the 

following two commands: 

 For writing performance test ($ hadoop jar hadoop-*test*.jar TestDFSIO 

-write -nrFiles 3 -fileSize 100), and 

 For reading performance test ($ hadoop jar hadoop-*test*.jar TestDFSIO 

-read -nrFiles 3 -fileSize 100), 

It is also possible to reduce the blocks replication factor to 1 as redundancy and fault 

tolerance are not required in such an enterprise storage system. This factor can be changed 

during runtime easily by updating Hadoop configuration files. In this study, the effect on 

processing speed by changing replication factor is checked. It is observed that the Read and 

Write throughput is satisfactory to our needs of computer and storage. 

Table 4.1. Benchmarking the installed Hadoop cluster. 

TestDFSIO Write Read 

No. of files   3 3 

Total MBytes processed 300 300 

Throughput MB/sec 27.14932127 45.91368228 

Average IO rate MB/sec 30.57173347 46.32478333 

IO rate std deviation 107456973 4.366822343 

Test exec time sec 50.61 58.072 
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4.2 Satellite Remote Sensing Data 

Description 

4.2.1 Data set 1: Landsat-8 images 

The Landsat-8 satellite data of the North Gujarat state of India is chosen for this study. 

The data of 4 scenes of path 144/145 and rows 43and 44 are mosaiced to generate 30000x30000 

pixels image data. The spatial resolution is 30 m and 6 spectral bands data covering blue, green, 

red, NIR, SWIR1, and SWIR2 are selected. The False Colour Composite (FCC) generated from 

NIR, red and green bands is shown in Figure 4.2.  The spectral characteristics of the data used 

are given in Table 4.3. The table also includes the Aster DEM Data specification. An image 

with a reduced spatial resolution of 256.5 m has also been generated for comparison purposes. 

The north Gujarat region is mainly agricultural dominated area with irrigation fed by several 

rivers. The major river system is the Sabarmati River. This region extends from foot hills of 

Aravalli Mountain starting near Delhi, passing through southern Haryana, Rajasthan and ending 

in northern Gujarat. This region has several catchment zones and has resulted into development 

of dams such as Dharoi dam, Kadana dam, Panam dam and Indrasi reservoir for collection of 

water. This geographical area is undertaken for study to evaluate the developed MapReduce 

based classification algorithm, the feature extraction module, the topographical and topological 

study modules, developed as a part of a whole system for describing the features of the 

geographical scene and the interrelationships between them.  

Table 4.2. Dataset-1 description. 

No. 
Spatial 

resolution 
Image Size Area (km2) Location 

Geographic 

location 

Path row 

information 

Image 

No.1 
90 m 8000x6000 388,800 

Aravalli 

Foot Hills 

(North of 

Gujarat, 

India) 

Lat, Lon: 

24° 00' 

North, 72° 

54' East 

(Path): 

(148,149); 

(Row): (43, 

44) 
Image 

No.2 
30 m 24000x18000 388,800 
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Table 4.3. Bands in Dataset No. 1. 

Spectral/Layer 

No. 
Wavelength Range Description of Band 

1 0.450–0.515 µm Blue 

2 0.525–0.600 µm Green 

3 0.630–0.680 µm Red 

4 0.845–0.885 µm Near IR 

5 1.560–1.660 µm Short wave IR (SWIR)-1 

6 2.100–2.300 µm Short wave IR (SWIR)-2 

 

 

 

Figure 4.2. Companied Landsat-8 image of Aravalli Foot Hills region. 
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4.2.2 Dataset-2: Hyperion-spectral image 

The EO-1 Hyperion (Earth Explorer) was launched in 2000 as a one-year technology 

demonstration/validation mission for acquisition of Hyper-Spectral imagery. After the initial 

technology mission was completed, National Aeronautics and Space Administration (NASA) 

and the United States Geological Survey (USGS) agreed to the continuation of the EO-1 

program as an extended mission. The Hyperspectral dataset from EO-1 is available from USGS 

in Hierarchical Data Format (HDF) and Geographic Tagged Image-File Format (GeoTIFF). The 

dataset consists of a collection of 220 unique spectral channels in ranging from 0.357 to 2.576 

µm each with a 10 nm bandwidth. The spatial resolution of the data is 30 m for all the bands. A 

standard scene has a width of 7.7 km and length of 42 km. A part of the Image used in this 

research is presented in Figure 4.3. This dataset was acquired on 2001-10-09. The processed 

data products are available since 2014-03-24. The image is of Millinocket, Maine, Penobscot 

County, USA. It has been a prominently forest area and has paper mill and ground wood mill 

industries due to the abundant availability of raw material. According to the United States 

Census Bureau, the town has a total area of 47.19 km2 of which, 41.31 km2 is land and 5.88 km2 

is water [146]. At an elevation of 1,610 m, its summit is the highest point in Maine. The area is 

similar to the area of Dataset-1 considering its dense vegetation cover, the water resources and 

similar elevation. The Table 4.4 shows the detailed description about the scene. 

Table 4.4 Dataset-2 description. 

No. 

No. 

of 

bands 

Band 

Range 

Spatial 

resolution 

Image 

Size 

Area 

(km2) 
Location 

Geographic 

location 

Path row 

information 

Subset 

No.1 
20 

0.357-

0.557 

µm 

30 m 1941x6801 11,880 

Millinocket, 

ME 04462, 

USA 

Lat, Lon:  

45° 15' 

41.9508'' 

North, 68° 

44' 48.5664'' 

West 

(Path): (11); 

(Row): (29) 

subset 

No.2 
57 

0.357-

0.927 

µm 
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Figure 4.3. Second dataset. 

4.2.3 Dataset-3: Aster DEM 

The third dataset used in this research is the Aster digital elevation model (DEM) data. 

It is a single layer image data. The pixel value gives its elevation in m. This data is of the region 

covered by the both dataset-1 and 2. The spatial resolution of the original DEM data was resized 

to match the resolutions of the lands at datasets, i.e. 30 m. The elevation of the DEM for dataset-

1 is in range of -1 to 1707 m while that for dataset-2 is in range of -18 to 1598 m as shown in 

Table 4.5. The DEM data is used in Features Extraction module along with multi spectral data as 

elevation data. The elevation of the objects helps in calculating the slope between intended study 

objects and can help understand the spatial relationships between the objects. 

Table 4.5 DEM Description 

DEM files Range of values Spatial Resolution (m) 

Dataset-1 -1 to 1707 m Horizontal: 30 m; Vertical: 1 m 

Dataset-2 -18 to 1598 m Horizontal: 30 m; Vertical: 1 m 
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Figure 4.4. Pseudo-colour representation of Aster DEM of Dataset-1. 

 

Figure 4.5. Pseudo-colour representation of Aster DEM of Dataset-1. 
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4.3 Results and Discussion 

The developed system not only just performs K-Means classification, but with the 

developed various image processing techniques and tools allows to describe the geographical 

features existing in a scene and, in particular, the topographical and topological relationships 

between different objects in the scene. This section discusses the results of the main modules of 

the system, namely the K-Means classification module, the feature extraction module, the 

topographical study module, and finally the topological study module. The output from 

classification of both the datasets is utilized to test and evaluate the performance of the 

introduced indexing technique, the extended K-Means classification algorithm module, and the 

remaining modules of the system. Output from dataset-1 is also used to extract the features 

existing within the scene, and to perform the topographical and topological studies on few 

selected objects. 

4.3.1 K-Means Classification– Landsat 8 imagery Dataset 

The results of K-Means classification of multispectral images of the Landsat 8 imagery 

from dataset-1 having two images for the same geographical location but with different 

resolutions have been presented. The developed MapReduce based K-Means classification 

algorithm is executed multiple times varying the number of DataNodes in the Hadoop cluster to 

study the advantages of distributed processing. The use of distributed environment allows faster 

processing and the results are presented in this section. The multispectral images are first 

uploaded to the HDFS. An indexed file is generated for the uploaded data using the indexing 

module which is described in 3.2 Data pre-processing. A random list of initial centroids for the 

indexed file are specified into a separate parameter file which is also uploaded in the same 

directory containing the indexed file in the HDFS. Classification of both images is performed 

to identify the quality of developed classification module and the classification result of the two 

images along with the classification result of desktop software ENVI is presented in Table 4.6. 

The classification output, in form of ASCII file, is mode filtered after being converted back to 

the initial ASCII format using the Conversion Module. The mode filtering Module is 

implemented on both the images with a different filtering kernel size. Kernels of sizes 7x7, 9x9, 

11x11, and 15x15 are applied on the 90 m dataset while a kernel size of 21x21 is used with the 
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30 m dataset. Figure 4.6 and Figure 4.8 shows the final result of the classification module with 

90 m data and 30 m data respectively without application of mode filtering. Figure 4.7 and 

Figure 4.9 shows the result of mode filtering applied on the classification output of 90 m data 

and 30 m data with kernel size of 15x15 and 21x21, respectively. 

 Table 4.6 represents the percentage of pixels in each cluster after running the developed 

MapReduce based K-Means classification algorithm over the images in dataset-1. The two 

images in dataset-1 are of the same geographic area but with different spatial resolutions and it 

is expected that the classification should provide similar results. The results from the introduced 

classification module as well as the ENVI; which is a widely used image processing software 

system, are compared in Table 4.6. 

𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 =
∑ (𝑵𝑬𝒏𝒗𝒊

𝒊 ×𝟏𝟎
𝒊=𝟏 𝑫𝒆𝒇𝒇𝒊)

∑ 𝑵𝑬𝒏𝒗𝒊
𝒊𝟏𝟎

𝒊=𝟏
    ………(16) 

 It is observed that the cumulative deviation of the classification results is 1.08 %. In 

formula No.16, 𝒊 represent the class number, 𝑵𝑬𝒏𝒗𝒊
𝑖   represent the number of pixels in each of 

the classes classified using Envi, 𝑫𝒆𝒇𝒇𝒊 represent percentage difference of each of the 10 

classes. The percentage difference for both the images have been calculated and verified from 

multiple runs which will be discussed in the upcoming part of this section. Cluster No. 4 and 

Cluster No. 10 have the largest contribution to the total deviation having differences of 2.66% 

and 2.71%, respectively. There is a negligible difference between the results of the proposed 

technique for big geospatial data with results of classification using Envi for an image having a 

reduced spatial resolution of 256.5 m for the same geographic area. 
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Table 4.6. Results of K-Means classification into 10 classes. 

Class 

No. 

No. of pixels in 

Image No. 1 

Cluster Area 

(X%) 

No. of pixels in 

Image No. 2 

Cluster Area 

(Y%) 

No. of pixels in 

(ENVI results) 

Cluster Area 

(Z%) 

Difference 

(Z-(Y+X)/2) 

Cumulative 

Deviation 

(e.q.No16) 

1 505,827 1.05% 4,553,869 1.05% 82,766 1.40% 0.34% 0.34 

2 1,807,105 3.76% 16,300,000 3.77% 229,199 3.87% 0.10% 0.16 

3 1,989,750 4.15% 17,900,000 4.14% 304,015 5.14% 0.99% 0.57 

4 3,055,365 6.37% 27,500,000 6.37% 534,589 9.03% 2.66% 1.54 

5 4,917,089 10.24% 44,300,000 10.25% 582,282 9.84% 0.41% 1.16 

6 5,598,346 11.66% 50,300,000 11.64% 647,603 10.94% 0.71% 1.04 

8 6,484,568 13.51% 58,400,000 13.52% 822,424 13.89% 0.38% 0.87 

7 6,819,688 14.21% 61,400,000 14.21% 854,459 14.43% 0.22% 0.73 

9 7,689,434 16.02% 69,200,000 16.02% 896,664 15.15% 0.87% 0.76 

10 9,132,838 19.03% 82,200,000 19.03% 965,999 16.32% 2.71% 1.08 

Total 48,000,000 100% 432,000,000 100% 5,920,000 100%  1.08 

 (48 Megapixels) (430 Megapixels) (6 Megapixels)   
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Figure 4.6. Landsat-8 Image No. 1 with resolution of 90 m after K-Means classification. 

 

Figure 4.7. K-Means classified 90 m data after filtered with 15x15 kernel size. 
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Figure 4.8. Landsat-8 Image No. 2 with resolution of 30 m after K-Means classification. 

 

Figure 4.9.  K-Means classified 30 m data after filtered with 21x21 kernel size 
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To demonstrate the performance of K-Means classification algorithm developed, every 

image is subjected to this algorithm several times with a different HDFS block-size each time. 

The number of blocks that the image data is segregated into depends solely on the image size 

and according to the block size set in the HDFS configuration. A larger block size moderates 

the network communication as small number of blocks are required to be communicated across 

the DataNodes at the time of processing the data. In some circumstance, a small block size is 

preferable so that the resulting split blocks are fully shared and distributed across all of the 

DataNodes. In this way the cluster storage space and computing capacity can be used in the best 

possible way. Hence, the multiple data block sizes used here with every image are different 

depending on the image data size. In case of the first image, which is of the size 1.9 GB and 

spatial resolution 90 meter, the set of block sizes selected are 16, 32, 64, 96, 128 and 256 MB. 

The set of different block sizes viz. 128, 256, 512, and 1024 MB, are used for the second image 

which is of 19.1 GB data size and with a spatial resolution of 30 meter. To bring out the 

advantage of the distributed processing environment, each image with the different specified 

data block sizes are processed twice, first time with full Hadoop cluster consisting of 50 nodes 

and the second time with just two nodes. The following exercises are conducted to test and 

validate the performances of the developed K-Means classification Module using MapReduce: 

1. K-Means Classification 90 m data in 50 nodes Hadoop cluster. 

2. K-Means Classification 90 m data in 2 nodes Hadoop cluster. 

3. K-Means Classification 30 m data in 50 nodes Hadoop cluster. 

4. K-Means Classification 30 m data in 2 nodes Hadoop cluster. 

 

1. Discussion on K-Means classification for 90 m data in a 50 nodes Hadoop cluster: 

The different exercises are performed to compare the elapsed times (in minutes) for 

executing K-Means classification algorithm/module, as well as the average mappers time, the 

average shuffling time, the average merging time, the average reducers time and the total 

mappers time, for processing the image data using different block sizes. The classified image is 

presented in Figure 4.6, after being converted from the indexed format back to the initial ASCII 

format. Table 4.7 gives the different statistics of classifying the image no. 1 of size 8000x6000 

pixels and six spectral bands with 50 nodes Hadoop cluster. It is observed that the minimum 

elapsed time is achieved when the image is stored in the HDFS using the block size 32 MB at 
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the time the file is split into 61 blocks and distributed overall the 50 nodes which increases with 

the increase in Block size. The trend is clearly seen in Figure 4.10 which shows that the mappers 

average time, average shuffling time and the total mappers time increase with the increasing 

block sizes. The average ‘merge’ and ‘reduce’ times are affected by changing the block sizes. 

As seen from the statistics, it is observed that, by increasing the block size, the number of the 

blocks created are reduced. In case of less number of blocks, only a limited number of the 

Hadoop cluster nodes are involved in processing the data. This is clearly due to the fact that 

many DataNodes are not used due to a non-availability of data locally to them.  

Table 4.7. Time statistics of processing 1.9 GB image data for K-Means classification using 50 nodes. 

Block 

size 

(MB) 

Elapsed 

Time 

(min.) 

Average Map 

Time (min.) 

Average 

Shuffle Time 

(min.) 

Average 

Merge Time 

(min.) 

Average 

Reduce Time 

(min.) 

Total 

Mappers 

Time (min.) 

16 4.7 2.4 2.0 0.0 0.1 3.3 

32 4.1 1.1 1.3 0.0 0.3 2.8 

64 4.5 1.8 1.0 0.0 0.3 2.8 

96 5.8 2.4 2.9 0.0 0.1 4.5 

128 6.4 3.2 4.6 0.1 0.1 5.3 

256 8.0 4.3 6.1 0.0 0.1 6.8 

 

 

Figure 4.10.  Processing time of various MapReduce components depending on HDFS block size of 50 nodes 
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2. Discussion of K-Means Classification of  90 m data in a 2 nodes Hadoop cluster: 

For the current exercise, the Hadoop Cluster consist of only 2 nodes. The results for the 

exercise are presented in Table 4.8 which consists of the average times for the mappers, 

shuffling, merging and the reducer phases along with total mappers time with the same set of 

block sizes adopted for 50 nodes Hadoop cluster. It is observed that the elapsed time for 

executing K-Means classification was at the lowest in the case of the blocks size of 64MB; it 

increased further with 96MB, 128MB and 256MB. It is seen from the Figure 4.11 that the 

execution times increased with the increase of the block size.  

Table 4.8.  Time statistics of processing 1.9 GB image data for K-Means classification using 2 nodes 

Block 

size 

(MB) 

Elapsed 

Time 

(min.) 

Average Map 

Time (min.) 

Average 

Shuffle Time 

(min.) 

Average 

Merge Time 

(min.) 

Average 

Reduce Time 

(min.) 

Total 

Mappers 

Time (min.) 

16 16.3 13.1 2.3 0.1 0.2 12.9 

32 13.0 10.0 2.1 0.1 0.2 11.6 

64 11.5 9.3 4.3 0.2 0.1 10.5 

96 11.8 9.7 6.6 0.2 0.2 10.9 

128 14.1 11.8 12.2 0.2 0.1 10.8 

256 14.9 11.6 13.5 0.1 2.9 14.2 

 

Figure 4.11. Processing time of various MapReduce components depending on HDFS block size of 2 nodes. 
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Figure 4.12. Comparing the elapsed time of processing 90 m data in 2 and 50 Hadoop cluster nodes. 

 

Figure 4.13. Comparing the average shuffle time of processing 90 m data in 2 and 50 Hadoop cluster nodes 
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increasing block size from 64 MB up to 256 MB. In case of 2 Nodes Hadoop cluster, it can be 

observed from Figure 4.13 .that the average shuffling time increases from 6.5 minutes to 13.5 

minutes for data block size of 256 MB. It has also been already mentioned that, the total 

processing time can increase in the case of bigger block size because higher shuffling time is 

required. In other words, the network communication time increases the total processing time. 

At the same time, the bigger block size means less number of block to process resulting in less 

number of Mappers and consequently more work for each of those working Mappers resulting 

in longer duration to complete a job.  

3. Discussion of results of K-Means classification 30 m data in a 50 node Hadoop cluster: 

After converting the image data of size 19.1 GB into individual ASCII files for the six 

different bands resulted in each of 3.21 GB in size. The uploading of ASCII files to the HDFS 

and application of the Indexing module results into the indexed image with the size of 17.76 

GB. A set of random initial centroids specified and later used for classification are also stored 

in a separate file in the same HDFS directory. 

K-Means classification of the image has been performed in a full Hadoop cluster of 50 

nodes, four times with varying data block sizes. The block size of 128 MB, 265 MB, 512 MB, 

and 1024 MB are used. It has been decided to use a larger block size in case of higher resolution 

(30 meter) data as compared to the block sizes used with the 90 m data to limit the number of 

blocks the data is split into. If the block size of 32 MB and 16 MB are used with the 30 m data, 

it is split into 569 and 1137 blocks, respectively. Large number of blocks also leads to higher 

network communication traffic among the 50 nodes to process the data and this leads to an 

increase in the total processing time of an individual job. The times required for classifying the 

30 m data in 50 nodes Hadoop cluster has been tabulated in Table 4.9 and shown in Figure 4.14. 

It can also be observed that the minimum processing time resulted in case of 256 MB block size. 

Table 4.9 shows that the total Mappers time is 21.4 minutes with 72 blocks each of size 256 

MB. The maximum time required for classification is 34.6 minutes when the block size is 1024 

MB which resulting in 18 blocks. This increase in the time required can be due the fact that only 

18 nodes of the Hadoop cluster contained the data blocks and used in processing while the rest 

of the nodes are free and hence not involved in processing the image data. In the case of using 

256 MB data block size, the data is split into 72 blocks and they are distributed over all the 50 
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nodes of the Hadoop cluster, resulting in the full use of Hadoop cluster. It has also been observed 

that the time required increased while using 128 MB data block size which can be attributed to 

the increase in the communication time required for 142 blocks.  

Table 4.9. K-Means Classification 30 m data using a 50 nodes Hadoop cluster. 

Block 

size 

(MB) 

Elapsed 

Time 

(min.) 

Average Map 

Time (min.) 

Average 

Shuffle Time 

(min.) 

Average 

Merge Time 

(min.) 

Average 

Reduce Time 

(min.) 

Total 

Mappers 

Time (min.) 

128 36.0 13.7 17.9 0.3 1.6 22.9 

265 34.5 13.0 14.1 0.3 2.0 21.4 

512 36.4 13.7 14.8 0.2 1.7 23.9 

1024 49.5 23.5 32.7 0.5 1.9 34.6 

 

Figure 4.14. Classification 30 m data using 50 nodes Hadoop cluster. 
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used with the two nodes Hadoop cluster. The Figure 4.15 shows that the average shuffling time 

and the average mapper’s time required for this particular case increases exponentially as the 

huge data block needs to be communicated from one DataNode to the other. This is attributed 

to the fact that Mapper and Reducer are executed on separate nodes. The MapReduce program 

used for this exercise implements the logic of K-Means classification with a Mapper and hence 

it can also be seen that the Mappers time is equivalent to the total elapsed time. The Reducer is 

only used to generate the required output and is not involved in processing.   

Table 4.10. K-Means classification 30 m data using a 2 node Hadoop cluster. 

Block 

size 

(MB) 

Elapsed 

Time 

(min.) 

Average Map 

Time (min.) 

Average 

Shuffle Time 

(min.) 

Average 

Merge Time 

(min.) 

Average 

Reduce Time 

(min.) 

Total 

Mappers 

Time (min.) 

128 99.472 61.95 22.262 0.274 1.96 88.426 

265 85.7 69.7 14.1 0.3 1.5 74.2 

512 74.0 58.6 10.3 0.3 1.8 63.9 

1024 114.2 95.3 103.3 0.3 1.7 104.1 

18GB 146.3 114.1 136.5 0.0 1.3 137.0 

 

 

Figure 4.15.   K-Means classification 30 m data using a 2 node Hadoop cluster. 
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Table 4.9 and 4.10 represent the time required for processing image with 30 m spatial 

resolution by using a 50 nodes Hadoop cluster and two nodes Hadoop cluster, respectively. The 

difference in the execution times for various MapReduce tasks is shown in Figure 4.16. A 

comparison between the execution time for K-Means classification with different data block 

sizes using both the Hadoop clusters have been represented. It is observed that the minimum 

elapsed time taken by two nodes cluster is 74.0 minutes while that for a cluster with 50 nodes is 

34.5 minutes. The maximum elapsed time in a two nodes cluster is 146.3 minutes and for a 

cluster with 50 nodes is 49.5 minutes. Figure 4.16 depicts that the most suitable data block size 

which results in minimum processing time in a two nodes Hadoop cluster is 512 MB while that 

for a cluster of 50 nodes is 256 MB for the dataset of 17.76 GB in size.  

 

Figure 4.16. Comparing the elapsed time 30 m data in (1 vs. 50) nodes. 
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while writing to HDFS along with other factors such as the number of nodes (data processing 

machines) in the Hadoop cluster when deploying a Big Data processing framework. 

The 50 node Hadoop cluster has 360 GB of RAM. The Figure 4.17 shows that the peak 

memory usage is about 317.2 GB while processing the data with block size of 128 MB. This 

large use of memory is attributed to the cumulative and maximum use of memory by Hadoop 

cluster’s Mappers and Reducers. Distributing the data evenly across the cluster with appropriate 

size of data blocks is an important contributing factor for using maximally all the DataNodes 

and thus all the processing power available. The increase in the block size reduces the number 

of DataNodes used for the execution and hence the use of memory decreases. The increase in 

the size of the data blocks results in less number of blocks used, thus may not use all the 

DataNodes in the cluster and the number idle nodes increases which results in less cumulative 

usage of memory. 

 

Figure 4.17.  Resources utilized in the case on 1 node cluster. 
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further processing. For Landsat-8 dataset, the K-Means classification module has been used with 
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6 bands. With the dataset from Hyperion, the K-Means classification module has been used with 

20 and 57 bands, respectively. The implemented exercises showed the advantages of using large 

number of bands with K-Means classification as they yield better results. A comparison is 

presented in Figure 4.18 between the classification a scene using 20 and 57 bands. Figure 4.18 

(a) shows the original image before classification, Figure 4.18 (b) shows the results of 

classification using 57 bands and Figure 4.18 (c) shows the result of classification by using 20 

bands. It is observed that the delineation of the various objects in Figure 4.18 (b) is better than 

the delineation of the objects in the Figure 4.18 (c). It is thus established that the proposed 

framework with the help of the indexing technique enables processing of the hyper-spectral data 

in a distributed environment and further improve the accuracy of the results. 

 

Figure 4.18. Comparing the results of classification Hyperion with different number of bands. 

Mode filtering module with a kernel of size 3x3 has also been applied on this dataset to 

reduce the noise in the output by eliminating very small objects. The resulting output is 

presented in Figure 4.19. Figure 4.19 (a) and Figure 4.19 (c) show the classification results for 

20 and 57 bands, respectively. The mode filtering results are represented in Figure 4.19 (b) and 

Figure 4.19 (d) for 20 and 57 bands, respectively. It is observed that large number of objects are 

delineated in case of using 57 bands as compared to 20 bands due to their higher information 

content. 

(a) (b) (c) 
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(a) Classification (20 bands) (b) Classification + Mode Filter (20 

bands) 

(c) Classification (57 bands) (d) Classification + Mode Filter (57 

bands) 

Figure 4.19. Results of application of classification and mode filtering on Hyperion Image using 20 and 57 bands 
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4.3.3 Features extraction 

The results of the features extraction module applied to both the images in dataset-1 is 

presented in this section. The application of the feature extraction module on the multispectral 

images of 30 m and 90 m spatial resolution resulted into different number of objects due to the 

difference in their spatial resolutions. The feature extraction module generates attributes such 

as Shape Factor, Perimeter (km.), Area (km2) and Centroids of the extracted features. An 

additional layer, digital elevation model (DEM), has been included this data is used for 

determining average height from all pixels of each object being classified. From this data the 

spatial relationships between features exhibiting similar properties are determined. Spectral 

indexes NDVI, NDRI, NDWI1 and NDWI2 have also been determined for each of the objects.  

1. Extracting the objects from 90 m image dataset 

 The features extraction module extracts objects in the scene along with other associated 

attributes. A filtering criteria can also be specified to eliminate the small objects by specifying 

the minimum area size for an object to exclude them in the results. This can filter out small 

objects and keep only the large sized objects which are of the interest. The number of objects 

extracted from the 90 m dataset (as show in Figure 4.9) after classification and Mode Filtering 

module applied with the kernel size of 15x15 is 9338. The module allows to export WKT file 

of the objects and its results are shown in Figure 4.20. The attributes file describing other 

properties of the objects is also generated along with the WKT file. Figure 4.21 shows the results 

of filtering the objects based on the minimum size of objects, larger than 10 km2, to be extracted 

from the scene. The 3204 objects are filtered based on the criteria and are shown in Table 4.13 

along with the associated attributes described in Table 4.11. This option allows detailed study 

of the objects of a particular size. The resulting output can also be used to find the topographical 

and topological relationships between the objects. The GUI allows a user to select an object 

using a mouse for further studies. On hover, the GUI shows details about the object such as 

Object No. and the Cluster No. to which the object belongs. 
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 Figure 4.20. Visualization of total extracted objects from 90 m data. 

 

Figure 4.21. Filtering extracted objects with size over 10 km2 from 90 m data. 
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Table 4.11. Presentation of the attributes data (attributes data output of the extraction model). 

CL. 

No 

Obj 

No 

Shape 

Factor 

Perimeter 

(km.) 

Area 

(km2.) 

X-

centroid 

Y-

centroid 

Height 

(mt.) 
NDVI NDRI 

NDWI

1 
NDWI2 

1 2 0.00442 1678.14 991.16 729 873 202 0.2092 -0.0282 0.0289 0.1147 

1 3 0.96552 7.92 4.82 9 2443 302 0.1959 -0.0481 -0.0106 0.0996 

1 5 0.56626 8.10 2.96 5 2548 305 0.1981 -0.0418 -0.0129 0.095 

1 6 0.96694 5.13 2.03 5 2582 306 0.2052 -0.0363 0.0013 0.1008 

1 7 0.64789 13.14 8.90 23 2754 302 0.2005 -0.0445 -0.0227 0.1002 

1 8 0.93393 5.85 2.54 7 7164 563 0.192 -0.0309 -0.0564 0.0493 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

2 2 0.12768 211.14 452.97 361 3000 1339 0.2959 0.0175 0.0972 0.2321 

2 3 0.19968 254.88 1032.29 378 3267 749 0.3312 0.0496 0.1557 0.2928 

2 4 0.85486 5.67 2.19 8 4138 374 0.2888 0.0128 0.0949 0.2414 

2 5 0.34219 103.32 290.68 162 4378 411 0.2944 0.011 0.0897 0.2371 

2 6 0.84479 8.28 4.61 14 4693 570 0.2754 0.0175 0.0882 0.2292 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

2. Extracting the objects from 30 m image  dataset  

The application of K-Means classification and Mode Filtering module with kernel size 

21x21 results on 30 m dataset is 13,798 objects. This higher spatial resolution leads to 

identification of a larger number of objects as compared to the 90 m dataset. The WKT data of 

the objects is visualized and shown in Figure 4.22. Filtering the extracted objects with a size 

over 1 km2 results in 3462 objects and is shown in Figure 4.23. Part of the associated attribute 

data for those objects is shown in Table 4.12. The attribute file contains descriptive information 

about each object in the scene. The attribute data is linked with the feature file (WKT file) using 

a composite key consisting of class serial number and the object number. For example, the object 

with UID (1/1) is the object No. 1 belonging to class No. 1 and covers an area of 44.76 km2 with 

a perimeter of the length 25.38 km as shown in Table 4.12. The centroid of the Object is (68, 

11380) pixel coordinates in the image. The shape factor is 0.8732 and it is elevated at height of 
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338 m from MSL (Mean Sea Level). This elevation is the average elevation of all the pixel in 

the object available from the DEM data for the image. The Normalized Difference Vegetation 

Index (NDVI) is 0.0939 which shows that the level of vegetation is less. The Normalized 

Difference Reflectance Index (NDRI), Normalized Difference Wetness Index -1 (NDWI1) and 

Normalized Difference Wetness Index -2 (NDWI2) are -0.0211, -0.0288 and -0.1083, 

respectively. Comparing the objects of class No.1 to the objects in class No. 2, it can be seen 

from the NDVI values that the objects in class No. 2 are all higher than 0.2800 while the highest 

NDVI value for an object with a UID (3/1) is 0.2684. A higher value for NDVI represents large 

amount of green leaf biomass in the object. The developed GUI also allows a user to filter 

objects and classes using the NDVI, NDRI, NDWI1 and NDWI2 for visualization as shown in 

Figure 3.30 for further study.  

Table 4.12. Presentation of the attributes data (attributes data output of the extraction model). 

CL. 

No. 

Obj 

No. 

Shape 

Factor 

Perimeter 

(mt.) 

Area 

(sq. mt.) 

X-

centroid 

Y-

centroid 

Height 

(mt.) 
NDVI NDRI 

NDWI

1 

NDWI

2 

1 1 0.8732 25.38 44.76 68 11380 338 0.0939 0.0219 0.0288 0.1083 

1 3 0.3683 47.40 65.85 157 10043 567 0.2684 0.0476 0.1458 0.255 

1 4 0.9104 23.88 41.31 288 21928 529 0.1081 0.0183 0.0136 0.085 

1 5 1.2063 8.10 6.30 315 9100 338 0.1738 0.0257 0.0837 0.1786 

1 6 1.2781 5.19 2.74 327 23682 509 0.0948 0.0241 0.0395 0.1231 

1 7 0.3325 58.83 91.57 764 9382 1340 0.0939 0.0219 0.0288 0.1083 

. 

. 

. 

. 

. 

. 

. 
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. 
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. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

2 1 0.9727 15.27 18.05 84 9642 380 0.2838 0.0133 0.0922 0.2234 

2 2 0.1899 244.59 903.97 1145 9841 862 0.3324 0.0477 0.1477 0.2869 

2 3 0.6232 6.69 2.22 25 12557 375 0.2875 0.0111 0.0906 0.2373 

2 4 0.6997 29.67 49.02 111 13281 444 0.2933 0.0103 0.0874 0.2349 

2 5 0.0097 1324.83 1349.06 5139 14789 583 0.324 0.0239 0.0988 0.2495 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 
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Figure 4.22. Visualization of total extracted objects from 30 m data. 

 

Figure 4.23. Visualization extracted objects with size over (10 km2) from 30 m data. 
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To identify large objects in the scene, both the images have been filtered with various 

criteria as shown in Table 4.13. The total number of objects extracted from 30 m dataset is 

13,798 while that from the 90 m dataset is 10,089 of size greater than 1 km2. About 3,709 objects 

are not identified from the 90 m dataset as it has a lower spatial resolution than data with a 

spatial resolution of 30 meter. An important observation here is that huge objects (of size > 1000 

km2) identified from the 90 m dataset is 43 while that from 30 m dataset is 44. This similarity 

in the number of extracted large objects is one of the reasons that the imagery captured from 

satellites with a low spatial resolution are also helpful in the study of large areal objects. 

Table 4.13. Number of extracted object from both images. 

Lower limit of Areal size 

(km2)  

Number of objects 

(Image No. 1) 

Number of objects 

(Image No. 2) 

1 km2 7864 10089 

5 km2 4931 5580 

10 km2 3204 3462 

50 km2 920 851 

100 km2 411 443 

1000 km2 43 44 

Total 9338 13798 

4.3.4 Topographical study 

The topographical study module allows to study the interrelationships of an object with 

other objects around it. The module developed extracts the interrelationships based on the 

specified criteria. The criteria can include the area of the study or of desired objects and can be 

selected in the GUI of the visualization module. For example, an object with UID (512/8) (as 

shown in Figure 4.21) can be selected to extract the topographical relations with the rest of 

objects in the study area of 1,29,600 km2.  

The following cases present the image filtering process to study the topographical 

interrelationships with the selected object. 

(1) Extract all the objects in the study area having size larger than 10% of the selected object. 
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(2) Extract all the objects having size larger than 1% of the selected object. 

 

Figure 4.24. Topographical study for objects over 10% of the size of object UID (512/8).  

 

 Figure 4.25. Topographical study for objects over 1% of the size of object UID (512/8). 
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Table 4.14. Abstract from the attribute file of objects with size over 10% around the object UID (512/8). 

CL. No. Obj. No.  Distance Azimuth Angle Slope 

1 186 

. 

. 93247 291.0415 -0.0547 

1 371 

. 

. 220034 217.1371 -0.0527 

2 76 

. 

. 223311 45.1143 0.1236 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

8 270 

. 

. 158591 359.3172 0.0580 

8 512 

. 

. 0 0.0000 0.0000 

8 617 

. 

. 152083 295.5945 -0.0355 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

10 732 

. 

. 52085 50.2578 0.1037 

10 1226 

. 

. 208255 222.0222 -0.0576 

10 1284 

. 

. 192420 208.0993 -0.0556 

 

Table 4.15. Abstract from the attribute file of objects with size over 1% around the object UID (512/8). 

CL. No. Obj. No.  Distance Azimuth Angle Slope 

1 108 

. 

. 180157 345.3876 0.0283 

1 113 

. 

. 175704 5.8800 0.0484 

1 120 

. 

. 189117 334.3983 0.0206 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

8 490 

. 

. 136198 30.7170 0.1197 

8 512 

. 

. 0 0.0000 0.0000 

8 540 

. 

. 114660 27.8926 0.0698 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

10 1238 

. 

. 181079 216.0839 -0.0585 

10 1284 

. 

. 192420 208.0993 -0.0556 

10 1319 

. 

. 210393 214.4378 -0.0532 
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The outputs of queries (1) and (2) have been presented in Figures 4.24 and 4.25, 

respectively. The selected object UID (512/8) is automatically highlighted with red colour. It is 

noticed that the number of objects resulted from query (1) are 61 objects while that from query 

(2) are 557 objects. The topographical study module also computes additional attributes such as 

the distance of the centroid of each of the objects in the area from the centroid, the azimuth 

angle, and the slope of a selected object with respect to all the other objects in the selected area 

of study. These attributes are exported to two files and are presented in Tables 4.14 and 4.15 for 

queries (1) and (2), respectively. From Table 4.14, it can be seen that the object (highlighted 

with yellow colour) having the UID (186/1) is 93,247 m away in the South West 291O direction 

with a slope of -0.0547 from the study object. 

4.3.5 Topological study 

The Topological Study module can be applied in two ways, (1) by selecting any two 

desired objects, and (2) by taking the output of the topographical study module which has a set 

of topographical relationships of a selected object with a group of objects in specified area of 

study. The output from (1) describes the topological relationship of an Object say “A” with 

another Object say “B”. The result may be A is inside/outside B and their boundaries are 

touching/not touching. The output from (2) will exhaustively describe the topological 

relationship of an object A with all the other objects which have been selected in the 

topographical study. For example, implementing topological study over the results of query (1) 

from the previous section shown in Table 4.14 and Figure 4.24  of the object A with UID (512/8). 

The topological relationship attributes are appended to Table 4.14 as additional columns and the 

resultant output is shown in Table 4.16.   It can be observed that object B with UID (186/1) is 

outside and touching Object A from the South West direction. Moreover, the centroid of Object 

B is 93,247 m away from the centroid of object A with an azimuth angle 291.0415O and slope 

of -0.0547. The topological attributes also list two objects UID (661/10) and UID (732/10) inside 

the study Object A. They are clearly seen in Figure 4.26. A subset of the attributes information 

lists about 1 out of 8 objects touching the study Object A as shown in Table 4.16.  The attribute 

file now contains all the results from both the topographical, and topological modules with all 

the associated attributes describing the objects. 
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Table 4.16.  Abstract from the attribute file of the topological study of object UID(512/8). 

CL. No. Obj. No.  Distance Azimuth Angle Slope in or out touching 

1 186  93247 291.0415 -0.0547 outside  touching 

1 371  220034 217.1371 -0.0527 outside no touching  

2 76  223311 45.1143 0.1236 outside  not touching  

        

8 270  158591 359.3172 0.0580 outside not touching  

8 512  0 0.0000 0.0000 - -  

8 617  152083 295.5945 -0.0355 outside  not touching 

        

10 1226  208255 222.0222 -0.0576 outside  not touching  

10 1284  192420 208.0993 -0.0556 outside  not touching 

 

Figure 4.26. Topological study of objects larger than 10% of the size of object UID (512/8). 

An example has been considered from the 30 m data and is presented in Figure 4.27. 

The comprehensive list of the attributes is presented in Table 4.17. An Object say “C” with 

Object “B” with 

UID (186/1) 

Two objects inside 
the study object: 

1: UID (661/10) 

2: UID (732/10) 
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UID(109/2) which covers 45.11 km2 is selected for study. The study involves all the objects 

with a size bigger than 10% of the selected object and located within the area of 57,600 km2 

around the selected study object. The resultant attribute file is shown in Table 4.17. It contains 

the resultant outputs from both the topographical study and topological study as discussed in the 

above section. For example, the Object say ‘D’ with UID (236/3) highlighted with yellow colour 

has an area of 103.51 km2 and perimeter of 58.74 km is touching the study Object ‘C’ from the 

South East side. The distance between their centroids is 5.98 km as seen in Figure 4.27. The 

study Object ‘C’ is shown with red colour while Object ‘D’, the smaller object, is pointed and 

has blue colour. Without considering the attribute file, it would seem that Object ‘D’ is inside 

the Object ‘C’ due to their shapes but it is clear from the attribute file that Object ‘D’ is NOT 

inside the Object ‘C’. 

 

Figure 4.27. Topological study of objects larger than 10% of the size of object UID (109/2).

UID (3,236) 
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Table 4.17. Part from the attribute file of the topological study of object UID (109/2). 

Clu 

No 

Poly 

No 

Shape 

Factor 

Perimeter 

 

Area 

 

X- 

Centroid 

Y- 

Centroid 

Height 

 

NDVI 

 

NDRI 

 

NDWI 

1 

NDWI 

2 

Distance 

Meter 

Azimuth 

 Angle 

Slope 

 

In or 

Out 

Touching 

 

1 20 0.4985 66.06 173.11 3190 5163 237 0.1204 -0.0199 -0.0611 -0.1356 54.22 267 -0.3966 outside not touching 

1 25 68.4 1.74E+02 1.74E+08 3187 5166 242 0.1187 0.0247 0.0586 0.1323 54149 266.6969 -0.3878 outside not touching 

1 33 100.35 3.00E+02 3.00E+08 4290 6154 204 0.1086 0.0259 0.0411 0.1150 43674 213.9957 -0.5678 outside not touching 

2 2 261.9 8.95E+02 8.95E+08 1144 9844 871 0.3324 0.0477 0.1477 0.2869 104057 56.0121 0.4027 outside not touching 

2 37 65.88 1.08E+02 1.08E+08 734 9068 538 0.2915 0.0191 0.0954 0.2363 94525 41.7966 0.0910 outside not touching 

2 75 42.48 9.97E+01 9.97E+07 1746 8987 1074 0.3166 0.0306 0.0989 0.2221 72646 56.4871 0.8562 outside not touching 

2 109 365.7 9.89E+02 9.89E+08 3083 6968 452 0.2908 0.0135 0.1075 0.2394 - - - - - 

2 150 133.14 3.10E+02 3.10E+08 4055 8429 556 0.2850 0.0180 0.1024 0.2265 52643 123.6357 0.1976 outside not touching 

2 219 109.5 2.30E+02 2.30E+08 5178 10542 350 0.3053 0.0228 0.0874 0.2265 124282 120.3779 -0.0821 outside not touching 

2 258 84.84 1.84E+02 1.84E+08 5770 8603 306 0.3192 0.0435 0.1329 0.2624 94360 148.6801 -0.1547 outside not touching 

2 263 86.46 1.20E+02 1.20E+08 5947 10341 305 0.2940 0.0271 0.0923 0.2200 132746 130.3344 -0.1107 outside not touching 

2 300 52.74 1.12E+02 1.12E+08 6527 9914 220 0.2955 0.0257 0.0979 0.2259 135963 139.4563 -0.1706 outside not touching 

3 2 396.24 9.76E+02 9.76E+08 1023 9333 1367 0.2397 0.0024 0.0625 0.1832 94091 48.9430 0.9725 outside not touching 

3 208 88.5 1.04E+02 1.04E+08 3140 5225 254 0.2179 0.0045 0.0642 0.1639 52317 268.1270 -0.3785 outside not touching 

3 235 150.48 3.28E+02 3.28E+08 3703 9108 433 0.2246 0.0048 0.0571 0.1707 66840 106.1573 -0.0284 outside not touching 

3 236 61.26 1.01E+02 1.01E+08 3277 6922 219 0.3349 0.0527 0.1792 0.3143 5981 193.3392 -3.8957 outside touching 

3 299 157.44 1.71E+02 1.71E+08 4301 6398 215 0.2646 0.0176 0.0833 0.2076 40343 205.0787 -0.5875 outside not touching 

3 318 101.1 1.30E+02 1.30E+08 4353 7951 350 0.2809 0.0156 0.0941 0.2197 48179 142.2596 -0.2117 outside not touching 

3 351 95.4 1.35E+02 1.35E+08 4734 9264 427 0.2544 0.0135 0.0547 0.1788 84839 125.7190 -0.0295 outside not touching 

3 377 84.9 1.04E+02 1.04E+08 5158 10179 312 0.2943 0.0247 0.0780 0.2132 114693 122.8712 -0.1221 outside not touching 
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4.4 Summary of the Results 

In this chapter, exercises are conducted to evaluate the performance of the developed 

system, and the need for adopting the MapReduce for processing Geospatial Big Data has been 

discussed. The results are described in Sections 4.3.1 and 4.3.2. The data used for the evaluation 

as described in Sections 4.2.1, 4.2.2 and 4.2.3 is also used for demonstrating the developed 

feature extraction modules and the results for which are presented in Sections 4.3.3, 4.3.4 

and 4.3.5. The final Decision Support System is available from Table 4.17. It contains all the 

other objects with the associated attributes for object UID (236/3) generated by application of 

all the modules over the Landsat-8 dataset. 

To summarise, the multispectral image is first indexed after uploading it to the HDFS. 

The indexed file then is classified using the developed Mapreduce K-means classification 

algorithm and classification result file is converted back to a single classified image layer for 

the feature extraction stage. The classified layer is filtered using mode filter module for 

simplification of the geometry before implementing the feature extraction process. The 

simplification of the geometry leads to less noise and smoother boundaries of the objects in the 

image. The feature extraction module generates the WKT file which identifies features (objects) 

and the attributes file describing these features in the scene. These two files are linked using a 

unique identifier (UID). An object’s UID and area of study can be selected for application of 

the topographical module which extracts the topographical interrelationships between the 

objects in the study area with the selected objects. Table 4.14 shows the topographical 

interrelationships between the object UID (512/8) with all the objects around it within an area 

of study of 1,29,600 km2. Finally, the topological module uses the results from the topographical 

module to generate the final decision support system table as shown in Table 4.17, which shows 

the topological study results of the object UID (109/2) with all the objects around in with an 

area of study of 57,600 km2. The results contain the associated attributes to describe all the 

objects and for the topographical and topological interrelationships between all the objects in a 

study area in relation to an object. 
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4.5 Comparison with other similar works 

The main aim of this work is to create a platform for development of big geospatial data 

processing applications which can extract hidden knowledge from big geospatial data which can 

be used for decision making purposes. The platform includes a large amount of image 

processing functionality which can process giga-pixel scale imagery efficiently as compared to 

traditional approaches by utilizing the processing power of distributed environment. It must also 

be noted that the datasets and the processing platform used in this work is hundreds of times 

larger than as compared to several other works and allows for topological and topographical 

study of the geographical features in a scene. E.g. in [90], for processing of 1320×1320 pixel 

TIFF dataset, a 900-MHz PC with 256 MB RAM have been used. The authors in [91] have 

based their study for identification of surface land mines and buried mines. The data was 

collected from Xybion filter-wheel camera mounted in a Cessna 172 helicopter and thus 

required spatial and spectral corrections. The data used in this thesis is from Landsat and does 

not require spatial and spectral corrections. The work in [92] have used data mining based image 

classification (Bayes method) for land use database and used proprietary softwares such as 

ArcView 3.0a, ENVI 3.0 and C5.0. The distributed image processing framework in this thesis 

is developed using open source Java on Apache Hadoop platform. The multi-spectral and hyper-

spectral imagery data have been used without application of lossy data reduction techniques for 

feature extraction as compared to [94] which used Principal Component Analysis (PCA) to 

reduce the HSI dimensionality. Another work in [95] based on AVIRIS HIS data performed 

classification after smoothing. The new value of the pixel will thus have similar spectral 

characteristics to its four nearest neighbours. Other studies in [96], [97] and [98] have used one 

or more of NDVI, NDRI, NDWI-1 and NDWI-2 indexes according to the purpose of their study. 

In this thesis, all of these indexes are computed in addition to the extraction of topological and 

topographical attributes to help in better understanding of the relationships between the features. 

In addition to the above techniques, there are several platforms which are used in the 

processing of big geospatial data. Platforms such as RADOOP [134], Hadoop-GIS [135], Pigeon 

[137], SpatialHadoop [78] and GS-Hadoop [64] aims to address several shortcomings of 

traditional geoprocessing systems and handle big geospatial data. RADOOP extends the features 
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of Rapid Miner to be executed on Hadoop. For RADOOP, data is stored on HDFS and HiveQL 

queries. RADOOP only supports geospatial vector data and lacks in Spatial Querying support. 

Hadoop-GIS has local and global partitioning for spatial indexing technique which can be used 

for efficient spatial query processing. Pigeon a part of, SpatialHadoop, uses spatial indexing, 

such as, Grid File, R-tree and R+ tree. SpatialHadoop has functions for spatial data processing 

such as range query, kNN, spatial join, etc., but it only supports geospatial vector data in WKT 

and WKB formats. GS-Hadoop uses an extended Shapefile format. All of these frameworks are 

based on geospatial vector data and do not support processing of multi-spectral or hyper-spectral 

raster image data. Furthermore, none of the works have support for topographical and 

topological studies. This work supports mining of raster image data along with support for 

topographical and topological feature analysis for KDD. 

In this thesis, extraction of geographical features along with their topological and 

topographical attributes including the NDVI, NDRI, NDWI-1 and NDWI-2 indexes are 

computed. The indices allows to identify the vegetation cover and the vegetation water content 

which is highly useful for agriculture and forestry applications, etc. For the extracted features 

their shape factor, perimeter, area, centroid, height, distance, azimuth angle, slope and 

topological interrelationship are automatically computed. The azimuth angle and slope are 

important factors for water resource planning and modelling solar radiation. This 

comprehensive information forms the base of any decision support system as it can be used to 

understand the relationships between the geospatial features with application of other vector 

data based processing tools. This platform brings the applications and advancements in the field 

of information sciences to the field of geography and is a realization towards the development 

of GIScience applications which can be used for urban and rural planning. The ability of the 

platform to work with HIS has multiple applications in the field of disaster management [147], 

soil studies [148], mining [149], etc.  The present work does not include indexing of the 

extracted data as the required spatial indexing method can be easily implemented in the platform 

according to the requirements.  
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Chapter 5      

     Conclusions and Future Scope 

Due to the advancements in the satellite sensor technology, the Multispectral and 

Hyperspectral images are acquired in very high spatial as well as spectral resolutions. Moreover, 

technologies such as LIDAR, provide exorbitant detailed topography for the surface of the 

Earth. The resolutions of the satellite imagery will improve in the coming decades. These 

gigapixel raster imagery cannot be processed to derive meaningful information using traditional 

processing and computational powers. Multispectral and specially the Hyperspectral imagery 

consists of tens to hundreds of band channels. The richness of information contained in raster 

data is only limited by the spatial resolution and number of captured spectral bands and their 

resolutions. In this work, a novel technique has been developed which allows to capture this 

multispectral essence by indexing the multispectral raster data for processing it in distributed 

environment e.g. Hadoop cluster of a commodity hardware. The conversion helps to preserve 

the spectral information while performing the computational tasks. Exercises with K-Means 

unsupervised classification have been performed and the results which have been derived from 

Landsat-8 (multispectral) imagery and EO-1 Hyperion (Hyperspectral) along with the Aster 

DEM topography imagery have been discussed and the advantages of such a system has been 

brought out. 

It is difficult to process large volume of data using commodity hardware and image 

processing software. The conventional desktop-based GIS systems do not support big data. 

Apache Hadoop is a distributed processing framework which supports processing of big data 

and has been used in this research for processing of satellite imagery having tens to hundreds of 

bands each of multi-gigapixel resolution which is essentially big geospatial data. Apache 

Hadoop is based on MapReduce programming paradigm and Hadoop Distributed File System 

(HDFS). The former is used for processing while the latter is used for distributed storage of big 

data. Apache Hadoop is the foremost distributed processing framework for processing and 

storing big data and the HDFS is being used by frameworks such as Flume, Lucene, Avro, 

ZooKeeper, etc. Hadoop distributes the data over the available computing resources from 

commodity hardware, is fault tolerant and resilient to failures, and processes the data using the 
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distributed processing power available from the resources. HDFS replicates the data across 

several DataNodes and hence it is fault tolerant while MapReduce re-executes tasks on failures 

till the completion of the job. The results are automatically aggregated by the framework. 

MapReduce and HDFS are not designed for processing geospatial data as discussed in 

Section 2.1.  

The objectives for this research is to develop a technique to extract the hidden knowledge 

from the big geospatial data (multispectral and multiresolution raster images) by developing a 

platform for processing the raster data of large scenes with data sizes going into GB to TB (big 

data). This requires departure from the traditional processing techniques which are limited in 

scale and cannot process big geospatial data. The aim is to use the processing power of 

distributed environment such as Apache Hadoop to process raster big data. Multispectral 

geospatial raster images cannot be processed directly with Hadoop MapReduce model and 

preserve the spectral relation between the dataset at the same time. Hence, the multi-spectral 

data is indexed to preserve the multispectral characteristics of the data. 

5.1 Results 

Several images of large sizes in scale of Giga-pixels have been used to evaluate the 

processing (mining) capabilities and other image processing capabilities of the developed 

system. The Results and Discussion shows the advantages of using the developed framework 

upon a distributed environment as compared to a desktop GIS system. In a distributed 

environment, K-Means classification is performed on Multispectral and Hyperspectral data 

using up to 50 node (machines) Hadoop cluster. ENVI, which is an advanced image analysis 

software used to process and analyse geospatial imagery, was also utilized to classify the same 

image with a reduced resolution, as it cannot support Gigpixel images, to analyse and compare 

the results of K-Means classification technique. The results of K-Means classification module 

have been verified by comparing the output of classification of the same image with resolutions 

of 30 and 90 m along with the output of classification the same image with spatial resolution of 

256.5 m using ENVI. The image was classified into 10 classes, and after calculating percentage 

differences of the pixels number in each of these classes as shown in Table 4.6 and discussed in 

Section 4.3.1of this thesis it can be concluded that the areas of all the classes is comparable 
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within 9.39%.  The analysis of elapsed time for several exercises conducted shows clearly the 

advantages of processing using MapReduce programming. The classified image data has a 

reduced size and can be used further for spatial and temporal characterization of the geospatial 

objects for an area of interest. Other geospatial data processing methods can also be adapted to 

support processing of multiband data coherently. 

Exercises have also been conducted by varying the Block size with which the data is 

stored on HDFS and it is found that an appropriate Block size will affect the utilization of the 

Hadoop DataNodes and will affect the time required to process the data. The exercise was done 

by classifying two images of the same geographic location with different resolutions of 90 m 

and 30 m in a distributed mode over a 50 nodes Hadoop cluster each with a set of data block 

sizes. The minimum time fort processing the 90 m data is 4.1 minutes in the case of data block 

size of 32 MB and 34.5 is the minimum processing time of the 30 m dataset in the case of data 

block size of 256 MB. 

A Hyperion dataset is also used to test the ability of the indexing technique and the 

system in handling and classifying wide range of bands multispectral such as the high number 

of bands available from the Hyperion dataset. Comparing the results of K-Means classification 

by using 57 bands and 20 bands, it is found that a larger number of bands results into better 

classification output as more number of the scene features are identified as compare to the case 

of classifying with less number of bands. The capabilities of extracting the features from the 

scene is again tested with Hyperspectral imagery using the developed system. The developed 

system provides an automated functionality to identify the boundaries of all the objects in a big 

geospatial scene. It has also been made possible to identify the features in a multispectral system. 

The attributes and interrelationships of these features have been extracted from multiple images 

and has been discussed in Results and Discussion. The results have been found to be satisfactory 

as the total difference compared to studying them using a Desktop GIS system is less than 9.39% 

while the maximum difference for individual cluster is 2.71%. 

The feature extraction module apart from identifying the features also generates 

important attributes such as Shape Factor, Perimeter (km.), Area (km2) and Centroid for the 

extracted features. Spatial indexes NDVI, NDRI, NDWI1 and NDWI2 are calculated and spatial 

relationships between features exhibiting similar properties are established using elevation data 
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available from DEM file. The Topographical study module computes attributes such as the 

distance of the centroid of each of the objects in the area from the centroid, the Azimuth Angle, 

and the slope of the selected object with respect to all the other objects in the selected area of 

study. The Topological relationship of an Object with all the other objects selected for the 

Topographical study can be conducted with a user specified criteria such as objects of a 

particular size, belonging to a particular area and exhibiting certain properties. The resultant 

output from both the topographical study and topological study as shown in Table 4.17 becomes 

an important input required in a decision support system. 

5.2 Main Conclusions  

The developments with respect to big geospatial processing frameworks such as Radoop, 

Hadoop-GIS, SpatialHadoop and GS-Hadoop have been discussed. While Radoop [119] 

extends Hadoop to RapidMiner to use the spatial functions available in the later upon the data 

stored upon the former, it does not utilize the distributed processing capabilities of Hadoop. 

Hadoop-GIS integrates GIS with HDFS and use its distributed data processing capabilities 

[120]. The main drawback of Hadoop-GIS is the lack of integration with the core of Hadoop. 

SpatialHadoop [137] is an extension of Hadoop and supports Spatial data upon Hadoop. 

SpatialHadoop introduces spatial constructs and indexing for data into the core codes of Hadoop 

for improving the spatial query in a distributed processing environment but only supports vector 

data in form of WKT. TAREEG [139], which is a web-based tool for extracting the spatial data, 

is based on vector data available from OpenStreetMap. SHAHED [140] uses the indexing 

system of SpatialHadoop and provides a system for querying and visualizing hundreds of 

terabytes of satellite data from NASA LP-DAAC. It has features for removal of clouds and 

interpolate missing values by performing averaging. GS-Hadoop has support for in-memory and 

distributed processing of millions of Shapefiles by directly using Shapefile format on a Hadoop 

cluster. None of the existing systems present processing and mining capabilities for 

multispectral raster data. 

The achievements of this work are concluded by presenting a working model of 

distributed processing based system which can extract and describe hidden geographical 

features which are exhibited by multispectral raster imagery and used as decision support 
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systems. The developed system contains a set of data processing modules which allow 

processing of multispectral raster images by converting them into a file containing indexed 

format (key- value) designed to allow MapReduce support such multispectral raster images. The 

system also provides a user friendly interface for interacting with Hadoop platform and working 

with big geospatial data. The developed system has the following capabilities: 

 Indexing Raster images (Indexing Module). 

 Processing multispectral images in a distributed processing environment (K-Means 

unsupervised classification Module). 

 Converting the classified data back from indexed format to it’s initial ASCII format for 

visualization. The result preserves the multispectral characteristics of the data which is one 

of the main aims for this research. 

 Image filtering, such as mode filtering, features boundaries enhancement, feature reduction 

(Spatial Filtering Modules). 

 Image editing modules for image clipping, splitting, and joining (Image Editing Modules). 

 Extracting the different features into a WKT data format. Extracting many different 

attributes of the features (objects) in the scene. (Feature Extraction Module) 

 Studying the topographical interrelationship of objects in the scene. 

 Studying the topological interrelationship of objects in the scene. 

 Visualization Module for visualizing the output from the cluster module, feature extraction 

module, topographical module and topological module. 

 

5.3 Future scope  

The present work has not considered the temporal analysis. To quantify the changes that 

occur in space and time after identifying and extracting the geospatial features in a scene. 

Temporal relations are as important for geospatial process modeling [82, 150]. Spatial and 

temporal relationships exist among spatial entities at various levels [80]. Spatio-temporal data 

mining presents a number of challenges due to the complexity of geographic domains, the 

mappers of all data values into a spatial and temporal framework, and the spatial and temporal 
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autocorrelation exhibited in most spatio-temporal data sets. Spatio-temporal data mining can be 

introduced to the current developed system. 

The current developed system implements only the K-Means classification algorithm. 

Other spatial data processing techniques have to be exploited such as Partitioning Around 

Medoids (Pam), Classification Large Applications (Clara), Classification Large Applications 

based on Randomized Search (Clarans), and expectation-maximization (EM) [151] etc. The 

present system lacks in the variety of functionalities of Image filtering methods and these can 

be implemented similar to Mode Filtering which has been implemented. Methods such as 

Unsharp filter, Average Filter, Gaussian Filter, Median Filter, and Adaptive Filter, [152] can be 

adapted. The developed system can be used to support any of the existing decision support 

systems which are based on geospatial data, for extracting the features from a geographical 

scene and study the topographical and topological interrelations between the objects of the 

scene.  



126 
 

References 

1. Zaslavsky, A., C. Perera, and D. Georgakopoulos. 2013. Sensing as a service and big 

data. arXiv preprint arXiv:1301.0159. 

2. Yuan, M., B. Buttenfield, M. Gahegan, and H. Miller. 2004. Geospatial data mining 

and knowledge discovery. A research agenda for geographic information science 

3:365. 

3. Jaiwei, H., and M. Kamber. 2006. Data mining: concepts and techniques. ed: Morgan 

Kaufmann San Francisco. 

4. Khabaza, T., and C. Shearer. 1995. Data mining with Clementine. 

5. Cabena, P., H. H. Choi, I. S. Kim, S. Otsuka, J. Reinschmidt, and G. Saarenvirta. 1999. 

Intelligent miner for data applications guide. IBM RedBook SG24-5252-00 173. 

6. Ryman, A. 1992. Foundations of 4Thought. Paper read at Proceedings of the 1992 

conference of the Centre for Advanced Studies on Collaborative research-Volume 1. 

7. Adriaans, P., and D. Zantinge. Data Mining. 1996. Addision-Wesley, Harlow. 

8. Mitchell, T. M. 1999. Machine learning and data mining. Communications of the 

ACM 42 (11):30-36. 

9. Reddy, G. S., R. Srinivasu, M. P. C. Rao, and S. R. Rikkula. 2010. Data Warehousing, 

Data Mining, OLAP and OLTP Technologies are essential elements to support 

decision-making process in industries. International Journal on Computer Science and 

Engineering 2 (9):2865-2873. 

10. Board, T., D. Keown, W. Kibbe, A. Ludington, S. Moyano, L. Rajbhandari, and J. 

Schober. 2013. A New Vision for Research Administrative Systems. 

11. Sumathi, S., and S. Sivanandam. 2006. Introduction to data mining principles. 

Introduction to data mining and its applications:1-20. 

12. Jiang, L., H. Cai, and B. Xu. 2010. A domain ontology approach in the ETL process of 

data warehousing. Paper read at 2010 IEEE 7th International Conference on E-

Business Engineering. 

13. Ralaivao, J.-C., and J. Darmont. 2008. Knowledge and Metadata Integration for 

Warehousing Complex Data. arXiv preprint arXiv:0809.1971. 

14. Thomas, M. R. 2002. A GIS-based decision support system for brownfield 

redevelopment. Landscape and Urban Planning 58 (1):7-23. 

15. Soliman, K. S., E. Mao, and M. N. Frolick. 2000. Measuring user satisfaction with data 

warehouses: an exploratory study. Information & Management 37 (3):103-110. 

16. Olsen, K. F., and J. T. West. 1999. SAS® Software and the Performance Effects of 

Parallel Architectures. Proceedings of the 24 th SAS Users Group International, Miami 

Beach, Florida. 

17. Fayyad, U. M., G. Piatetsky-Shapiro, and P. Smyth. 1996. Knowledge Discovery and 

Data Mining: Towards a Unifying Framework. Paper read at KDD. 

18. Maimon, O., and L. Rokach. 2009. Introduction to knowledge discovery and data 

mining. In Data mining and knowledge discovery handbook: Springer, 1-15. 

19. Cios, K. J., W. Pedrycz, and R. W. Swiniarski. 1998. Data mining and knowledge 

discovery. In Data mining methods for knowledge discovery: Springer, 1-26. 



127 
 

20. Mariscal, G., O. Marban, and C. Fernandez. 2010. A survey of data mining and 

knowledge discovery process models and methodologies. The Knowledge Engineering 

Review 25 (2):137. 

21. Kumar, R., and R. Chadrasekaran. 2011. Attribute correction-data cleaning using 

association rule and clustering methods. Intl. Jrnl. of Data Mining & Knowledge 

Management Process 1 (2):22-32. 

22. Raju, G., and P. Satyanarayana. 2008. Knowledge discovery from web usage data: 

Complete preprocessing methodology. International Journal of Computer Science and 

Network Security 8 (1):179-186. 

23. Neun, M., R. Weibel, and D. Burghardt. 2004. Data enrichment for adaptive 

generalisation. Paper read at ICA workshop on Generalisation and Multiple 

representation. 

24. Al-Bakry, A. M., and S. H. Ali. Evolving Neuro-Fuzzy Rule Generation: Survey in 

Data Mining of Medical Diagnose Framework. 

25. Dell'Aquila, C., F. Di Tria, E. Lefons, and F. Tangorra. 2008. Business intelligence 

systems: a comparative analysis. WSEAS Transactions on Information Science and 

Applications 5 (5):612-621. 

26. Eom, H. B., and S. M. Lee. 1990. A survey of decision support system applications 

(1971–April 1988). Interfaces 20 (3):65-79. 

27. Murugesan, M., and K. Karthikeyan. 2016. Business intelligence market trends and 

growth in enterprise business. International Journal on Recent and Innovation Trends 

in Computing and Communication 4 (3):188-192. 

28. Asemi, A., A. Safari, and A. A. Zavareh. 2011. The role of management information 

system (MIS) and Decision support system (DSS) for manager’s decision making 

process. International Journal of Business and Management 6 (7):164-173. 

29. Srinivasan, A., and J. Richards. 1993. Analysis of GIS spatial data using knowledge-

based methods. International Journal of Geographical Information Science 7 (6):479-

500. 

30. Goward, S. N., J. G. Masek, D. L. Williams, J. R. Irons, and R. Thompson. 2001. The 

Landsat 7 mission: Terrestrial research and applications for the 21st century. Remote 

Sensing of Environment 78 (1-2):3-12. 

31. Lauer, D. T., S. A. Morain, and V. V. Salomonson. 1997. The Landsat program: Its 

origins, evolution, and impacts. Photogrammetric Engineering and Remote Sensing 63 

(7):831-838. 

32. Council, N. R. 2013. Landsat and Beyond: Sustaining and Enhancing the Nation's 

Land Imaging Program: National Academies Press. 

33. Eldawy, A., L. Niu, D. Haynes, and Z. Su. 2017. Large Scale Analytics of Vector+ 

Raster Big Spatial Data. Paper read at Proceedings of the 25th ACM SIGSPATIAL 

International Conference on Advances in Geographic Information Systems. 

34. Bennett, J. 2010. OpenStreetMap: Packt Publishing Ltd. 

35. Haklay, M., and P. Weber. 2008. Openstreetmap: User-generated street maps. Ieee 

Pervas Comput 7 (4):12-18. 

36. Bhosale, H. S., and D. P. Gadekar. 2014. A Review Paper on Big Data and Hadoop. 

International Journal of Scientific and Research Publications 4 (10):1. 

37. Samson, G., J. Lu, and Q. Xu. 2016. Large spatial datasets: Present Challenges, future 

opportunities. Paper read at Proceedings of the International Conference on Change, 



128 
 

Innovation, Informatics and Disruptive Technology ICCIIDT’16, London-UK, October 

11, 12 2016. 

38. Ooi, B., R. Sacks-Davis, and J. Han. 1993. Indexing in spatial databases. 

Unpublished/Technical Papers. 

39. Samson, G. L., J. Lu, L. Wang, and D. Wilson. 2013. An approach for Mining 

Complex Spatial Dataset. Paper read at Proceedings of the International Conference on 

Information and Knowledge Engineering (IKE). 

40. Lausch, A., A. Schmidt, and L. Tischendorf. 2015. Data mining and linked open data–

New perspectives for data analysis in environmental research. Ecological Modelling 

295:5-17. 

41. Yoon, I., S. Yi, C. Oh, H. Jung, and Y. Yi. 2018. Distributed Video Decoding on 

Hadoop. IEICE TRANSACTIONS on Information and Systems 101 (12):2933-2941. 

42. Esri. (Environmental Systems Research Institute)  2000 [cited. Available from 

https://www.esri.com/en-us/what-is-gis/overview. 

43. Maguire, D. J. 1991. An overview and definition of GIS. Geographical information 

systems: Principles and applications 1:9-20. 

44. Ian, H. 2010. An introduction to geographical information systems: Pearson Education 

India. 

45. Koriakine, A., and E. Saveliev. 2008. WikiMapia. Online: wikimapia. org. 

46. Rabbitt, M. C. 1989. The United States Geological Survey, 1879-1989. Vol. 1050: US 

Government Printing Office. 

47. Earth_Observation_System. EOS Processing - Classic GIS Algorithms  2019 [cited. 

Available from https://eos.com/eos-processing/. 

48. Campbell, J. B., and R. H. Wynne. 2011. Introduction to remote sensing: Guilford 

Press. 

49. De Smith, M. J., M. F. Goodchild, and P. Longley. 2007. Geospatial analysis: a 

comprehensive guide to principles, techniques and software tools: Troubador 

publishing ltd. 

50. Jo, J., and K.-W. Lee. 2018. High-Performance Geospatial Big Data Processing 

System Based on MapReduce. ISPRS International Journal of Geo-Information 7 

(10):399. 

51. Bradley, P. S., U. M. Fayyad, and C. Reina. 1998. Scaling Clustering Algorithms to 

Large Databases. Paper read at KDD. 

52. Sloan, K. R., and S. L. Tanimoto. 1979. Progressive refinement of raster images. IEEE 

Transactions on Computers 28 (11):871-874. 

53. Johnson, L. 2016. Fiber Optics: Mature and Growing Fast. Tech Directions 76 (3):22. 

54. Talbot, D., E. Warner, C. Anderson, K. Hessekiel, and D. Jones. 2015. A 

Massachusetts Municipal Light Plant Seizes Internet Access Business Opportunities. 

55. Borodin, A., S. Mirvoda, and S. Porshnev. 2016. Analysis of Multidimensional Data 

with High Dimensionality: Data Access Problems and Possible Solutions. Paper read at 

ITM Web of Conferences. 

56. Trujillo, J., and M. Palomar. 1998. An object oriented approach to multidimensional 

database conceptual modeling (OOMD). Paper read at Proceedings of the 1st ACM 

international workshop on Data warehousing and OLAP. 

57. Bereta, K., and M. Koubarakis. 2016. Ontop of geospatial databases. Paper read at 

International Semantic Web Conference. 

http://www.esri.com/en-us/what-is-gis/overview


129 
 

58. Bernard, E., P. Naveau, M. Vrac, and O. Mestre. 2013. Clustering of maxima: Spatial 

dependencies among heavy rainfall in France. Journal of Climate 26 (20):7929-7937. 

59. Zhang, Z., J. Zhang, and H. Xue. 2008. Improved K-means clustering algorithm. Paper 

read at 2008 Congress on Image and Signal Processing. 

60. Ahmad, A., and L. Dey. 2007. A k-mean clustering algorithm for mixed numeric and 

categorical data. Data & Knowledge Engineering 63 (2):503-527. 

61. Sarode, A. J., and A. Mishra. 2015. Audit and Analysis of Impostors: An experimental 

approach to detect fake profile in online social network. Paper read at Proceedings of 

the Sixth International Conference on Computer and Communication Technology 

2015. 

62. Zhao, T., C. Zhang, L. Anselin, W. Li, and K. Chen. 2015. A parallel approach for 

improving Geo-SPARQL query performance. International Journal of Digital Earth 8 

(5):383-402. 

63. Evans, M. R., D. Oliver, K. Yang, X. Zhou, R. Y. Ali, and S. Shekhar. 2019. Enabling 

spatial big data via CyberGIS: Challenges and opportunities. In CyberGIS for 

Geospatial Discovery and Innovation: Springer, 143-170. 

64. Abdul, J., M. Alkathiri, and M. Potdar. 2016. Geospatial Hadoop (GS-Hadoop) an 

efficient mapreduce based engine for distributed processing of shapefiles. Paper read at 

2016 2nd International Conference on Advances in Computing, Communication, & 

Automation (ICACCA)(Fall). 

65. Peralta, D., S. del Río, S. Ramírez-Gallego, I. Triguero, J. M. Benitez, and F. Herrera. 

2015. Evolutionary feature selection for big data classification: A mapreduce approach. 

Mathematical Problems in Engineering 2015. 

66. Wang, C.-S., S.-L. Lin, and J.-Y. Chang. 2017. MapReduce-Based Frequent Pattern 

Mining Framework with Multiple Item Support. Paper read at Asian Conference on 

Intelligent Information and Database Systems. 

67. Ghazi, M. R., and D. Gangodkar. 2015. Hadoop, MapReduce and HDFS: a developers 

perspective. Procedia Computer Science 48:45-50. 

68. Uzunkaya, C., T. Ensari, and Y. Kavurucu. 2015. Hadoop ecosystem and its analysis 

on tweets. Procedia-Social and Behavioral Sciences 195:1890-1897. 

69. Gopalani, S., and R. Arora. 2015. Comparing apache spark and map reduce with 

performance analysis using k-means. International journal of computer applications 

113 (1). 

70. Foundation, A. S. Apache Hadoop. The Apache Software Foundation. 2018 [cited. 

Available from https://hadoop.apache.org/. 

71. Alkathiri, M., A. Jhummarwala, and M. Potdar. 2019. Multi-dimensional geospatial 

data mining in a distributed environment using MapReduce. Journal of Big Data 6 

(1):82. 

72. Dagade, V., M. Lagali, S. Avadhani, and P. Kalekar. 2015. Big data weather analytics 

using Hadoop. International Journal of Emerging Technology in Computer Science & 

Electronics (IJETCSE) 14 (2). 

73. Lenka, R. K., R. K. Barik, N. Gupta, S. M. Ali, A. Rath, and H. Dubey. 2016. 

Comparative analysis of SpatialHadoop and GeoSpark for geospatial big data 

analytics. Paper read at Contemporary Computing and Informatics (IC3I), 2016 2nd 

International Conference on. 



130 
 

74. Alarabi, L., M. F. Mokbel, and M. Musleh. 2018. St-hadoop: A mapreduce framework 

for spatio-temporal data. GeoInformatica 22 (4):785-813. 

75. Calimeri, F., M. Caracciolo, A. Marzullo, and C. Stamile. 2017. BioHIPI: Biomedical 

Hadoop Image Processing Interface. Paper read at International Workshop on Machine 

Learning, Optimization, and Big Data. 

76. Foundation, T. A. S. Mahout 0.12.0 Features by Engine  2014 [cited. Available from 

http://mahout.apache.org/users/basics/algorithms.html. 

77. White, T. 2012. Hadoop: The definitive guide: " O'Reilly Media, Inc.". 

78. Eldawy, A., and M. F. Mokbel. 2015. Spatialhadoop: A mapreduce framework for 

spatial data. Paper read at Data Engineering (ICDE), 2015 IEEE 31st International 

Conference on. 

79. Mennis, J., and D. Guo. 2009. Spatial data mining and geographic knowledge 

discovery—An introduction. Computers, Environment and Urban Systems 33 (6):403-

408. 

80. Yao, X. 2003. Research issues in spatio-temporal data mining. Paper read at Workshop 

on Geospatial Visualization and Knowledge Discovery, University Consortium for 

Geographic Information Science, Virginia. 

81. Bédard, Y., T. Merrett, and J. Han. 2001. Fundamentals of spatial data warehousing for 

geographic knowledge discovery. Geographic data mining and knowledge discovery 

2:53-73. 

82. Vatsavai, R. R., A. Ganguly, V. Chandola, A. Stefanidis, S. Klasky, and S. Shekhar. 

2012. Spatiotemporal data mining in the era of big spatial data: algorithms and 

applications. Paper read at Proceedings of the 1st ACM SIGSPATIAL international 

workshop on analytics for big geospatial data. 

83. Wang, W., J. Yang, and R. Muntz. 1997. STING: A statistical information grid 

approach to spatial data mining. Paper read at VLDB. 

84. ———. 1999. STING+: An approach to active spatial data mining. Paper read at 

Proceedings 15th International Conference on Data Engineering (Cat. No. 

99CB36337). 

85. Ng, R. T., and J. Han. 2002. CLARANS: A method for clustering objects for spatial 

data mining. IEEE Transactions on Knowledge & Data Engineering (5):1003-1016. 

86. Murray, A. T., and T.-K. Shyy. 2000. Integrating attribute and space characteristics in 

choropleth display and spatial data mining. International Journal of Geographical 

Information Science 14 (7):649-667. 

87. Keim, D. A., C. Panse, M. Sips, and S. C. North. 2004. Pixel based visual data mining 

of geo-spatial data. Computers & Graphics 28 (3):327-344. 

88. Eluri, V. R., M. Ramesh, A. S. M. Al-Jabri, and M. Jane. 2016. A comparative study of 

various clustering techniques on big data sets using Apache Mahout. Paper read at 

2016 3rd MEC International Conference on Big Data and Smart City (ICBDSC). 

89. Venkatramanan, S., P. M. Viswanathan, and S. Y. Chung. 2019. GIS and Geostatistical 

Techniques for Groundwater Science: Elsevier. 

90. Ding, Q., W. Perrizo, Q. Ding, and A. Roy. 2001. On Mining Satellite and other 

Remotely Sensed Images. Paper read at DMKD. 

91. Clark, G. A., S. K. Sengupta, W. D. Aimonetti, F. Roeske, and J. G. Donetti. 2000. 

Multispectral image feature selection for land mine detection. IEEE transactions on 

geoscience and remote sensing 38 (1):304-311. 

http://mahout.apache.org/users/basics/algorithms.html


131 
 

92. Di, K., D. Li, and D. Li. 2000. Land use classification of remote sensing image with 

GIS data based on spatial data mining techniques. International Archives of 

Photogrammetry and Remote Sensing 33 (B3/1; PART 3):238-245. 

93. Kaufman, J., J. Weinheimer, and M. Celenk. 2014. Spatial-spectral feature extraction 

on hyperspectral imagery. Paper read at 2014 6th Workshop on Hyperspectral Image 

and Signal Processing: Evolution in Remote Sensing (WHISPERS). 

94. Chen, Z., J. Jiang, X. Jiang, X. Fang, and Z. Cai. 2018. Spectral-spatial feature 

extraction of hyperspectral images based on propagation filter. Sensors 18 (6):1978. 

95. Chen, Y., N. M. Nasrabadi, and T. D. Tran. 2011. Hyperspectral image classification 

using dictionary-based sparse representation. IEEE transactions on geoscience and 

remote sensing 49 (10):3973-3985. 

96. Li, B., L. Shi, J. Liu, and L. Wang. 2009. A method of raster data mining based on 

multi dimension data set. Paper read at 2009 Sixth International Conference on Fuzzy 

Systems and Knowledge Discovery. 

97. Bhandari, A., A. Kumar, and G. Singh. 2012. Feature extraction using Normalized 

Difference Vegetation Index (NDVI): A case study of Jabalpur city. Procedia 

technology 6:612-621. 

98. ———. 2015. Improved feature extraction scheme for satellite images using NDVI 

and NDWI technique based on DWT and SVD. Arabian Journal of Geosciences 8 

(9):6949-6966. 

99. Katal, A., M. Wazid, and R. H. Goudar. 2013. Big data: issues, challenges, tools and 

good practices. Paper read at 2013 Sixth international conference on contemporary 

computing (IC3). 

100. Bajaj, R. H., and P. Ramteke. 2014. Big data–the new era of data. International Journal 

of Computer Science and Information Technologies 5 (2):1875-1885. 

101. Ward, J. S., and A. Barker. 2013. Undefined by data: a survey of big data definitions. 

arXiv preprint arXiv:1309.5821. 

102. Manyika, J. 2011. Big data: The next frontier for innovation, competition, and 

productivity. http://www. mckinsey. 

com/Insights/MGI/Research/Technology_and_Innovation/Big_data_The_next_frontier

_for_innovation. 

103. Dagliati, A., V. Tibollo, L. Sacchi, A. Malovini, I. Limongelli, M. Gabetta, C. 

Napolitano, A. Mazzanti, P. De Cata, and L. Chiovato. 2018. Big data as a driver for 

clinical decision support systems: a learning health systems perspective. Frontiers in 

Digital Humanities 5:8. 

104. Garattini, C., J. Raffle, D. N. Aisyah, F. Sartain, and Z. Kozlakidis. 2019. Big data 

analytics, infectious diseases and associated ethical impacts. Philosophy & technology 

32 (1):69-85. 

105. Alyass, A., M. Turcotte, and D. Meyre. 2015. From big data analysis to personalized 

medicine for all: challenges and opportunities. BMC medical genomics 8 (1):1-12. 

106. Klievink, B., B.-J. Romijn, S. Cunningham, and H. de Bruijn. 2017. Big data in the 

public sector: Uncertainties and readiness. Information systems frontiers 19 (2):267-

283. 

107. Aktas, E., and Y. Meng. 2017. An exploration of big data practices in retail sector. 

Logistics 1 (2):12. 

http://www/


132 
 

108. Wan, J., S. Tang, D. Li, S. Wang, C. Liu, H. Abbas, and A. V. Vasilakos. 2017. A 

manufacturing big data solution for active preventive maintenance. IEEE Transactions 

on Industrial Informatics 13 (4):2039-2047. 

109. Kusiak, A. 2017. Smart manufacturing must embrace big data. Nature 544 (7648):23-

25. 

110. Shakoor, N., D. Northrup, S. Murray, and T. C. Mockler. 2019. Big data driven 

agriculture: Big data analytics in plant breeding, genomics, and the use of remote 

sensing technologies to advance crop productivity. The Plant Phenome Journal 2 (1):1-

8. 

111. Yang, C., K. Clarke, S. Shekhar, and C. V. Tao. 2020. Big Spatiotemporal Data 

Analytics: A research and innovation frontier: Taylor & Francis. 

112. McKinley, D. C., A. J. Miller-Rushing, H. L. Ballard, R. Bonney, H. Brown, S. C. 

Cook-Patton, D. M. Evans, R. A. French, J. K. Parrish, and T. B. Phillips. 2017. 

Citizen science can improve conservation science, natural resource management, and 

environmental protection. Biological Conservation 208:15-28. 

113. Martínez–Álvarez, F., and A. Morales–Esteban. 2019. Big data and natural disasters: 

New approaches for spatial and temporal massive data analysis: Elsevier. 

114. Sivarajah, U., M. M. Kamal, Z. Irani, and V. Weerakkody. 2017. Critical analysis of 

Big Data challenges and analytical methods. Journal of Business Research 70:263-286. 

115. Chandrasekhar, U., A. Reddy, and R. Rath. 2013. A comparative study of enterprise 

and open source big data analytical tools. Paper read at 2013 IEEE Conference on 

Information & Communication Technologies. 

116. Srivastava, D., and X. L. Dong. 2013. Big Data Integration. Paper read at COMAD. 

117. Weber, S. 2004. The success of open source: Harvard University Press. 

118. Sun, D., G. Zhang, C. Wu, K. Li, and W. Zheng. 2017. Building a fault tolerant 

framework with deadline guarantee in big data stream computing environments. 

Journal of Computer and System Sciences 89:4-23. 

119. McSherry, F., M. Isard, and D. G. Murray. 2015. Scalability! But at what {COST}? 

Paper read at 15th Workshop on Hot Topics in Operating Systems (HotOS {XV}). 

120. Jiang, D., G. Chen, B. C. Ooi, K.-L. Tan, and S. Wu. 2014. epiC: an extensible and 

scalable system for processing big data. Proceedings of the VLDB Endowment 7 

(7):541-552. 

121. Pham, H., and H. Wang. 1996. Imperfect maintenance. European journal of operational 

research 94 (3):425-438. 

122. Barlow, R. E., and F. Proschan. 1996. Mathematical theory of reliability. Vol. 17: 

Siam. 

123. Zikopoulos, P., and C. Eaton. 2011. Understanding big data: Analytics for enterprise 

class hadoop and streaming data: McGraw-Hill Osborne Media. 

124. Biem, A., E. Bouillet, H. Feng, A. Ranganathan, A. Riabov, O. Verscheure, H. 

Koutsopoulos, and C. Moran. 2010. IBM infosphere streams for scalable, real-time, 

intelligent transportation services. Paper read at Proceedings of the 2010 ACM 

SIGMOD International Conference on Management of data. 

125. Pertet, S., J. Wilkes, and J. Wylie. 2007. Implementing Prato, a database on demand 

service. 

126. Chen, Y., R. L. Cole, W. J. McKenna, S. Perfilov, A. Sinha, and E. Szedenits Jr. 2009. 

Partial join order optimization in the paraccel analytic database. Paper read at 



133 
 

Proceedings of the 2009 ACM SIGMOD International Conference on Management of 

data. 

127. Russom, P. 2011. Big data analytics. TDWI best practices report, fourth quarter 19 

(4):1-34. 

128. Spark, A. 2018. Apache spark. Retrieved January 17:2018. 

129. Borthakur, D. 2007. The hadoop distributed file system: Architecture and design. 

Hadoop Project Website 11 (2007):21. 

130. ———. 2008. HDFS architecture guide. HADOOP APACHE PROJECT 

http://hadoop. apache. org/common/docs/current/hdfs design. pdf:39. 

131. Lucene, A. 2010. Apache Lucene-Overview. Internet: http://lucene. apache. 

org/iava/docs/[Jan. 15, 2009]. 

132. Owen, S., and S. Owen. 2012. Mahout in action. 

133. Liao, J., Y. Zhao, and S. Long. 2014. MRPrePost—A parallel algorithm adapted for 

mining big data. Paper read at 2014 IEEE Workshop on Electronics, Computer and 

Applications. 

134. Prekopcsak, Z., G. Makrai, T. Henk, and C. Gaspar-Papanek. 2011. Radoop: 

Analyzing big data with rapidminer and hadoop. Paper read at Proceedings of the 2nd 

RapidMiner community meeting and conference (RCOMM 2011). 

135. Aji, A., F. Wang, H. Vo, R. Lee, Q. Liu, X. Zhang, and J. Saltz. 2013. Hadoop-GIS: A 

high performance spatial data warehousing system over MapReduce. Paper read at 

Proceedings of the VLDB Endowment International Conference on Very Large Data 

Bases. 

136. Roth, R. E., M. Kelly, N. Underwood, N. Lally, K. Vincentc, and C. Sack. 2019. 

Interactive & Multiscale Thematic Maps: A Preliminary Study. Abstracts of the ICA 

1:NA-NA. 

137. Eldawy, A., and M. F. Mokbel. 2014. Pigeon: A spatial mapreduce language. Paper 

read at 2014 IEEE 30th International Conference on Data Engineering. 

138. Mokbel, M. F., L. Alarabi, J. Bao, A. Eldawy, A. Magdy, M. Sarwat, E. Waytas, and 

S. Yackel. 2013. MNTG: An extensible web-based traffic generator. Paper read at 

International Symposium on Spatial and Temporal Databases. 

139. Alarabi, L., A. Eldawy, R. Alghamdi, and M. F. Mokbel. 2014. TAREEG: a 

MapReduce-based web service for extracting spatial data from OpenStreetMap. Paper 

read at Proceedings of the 2014 ACM SIGMOD international conference on 

Management of data. 

140. Eldawy, A., M. F. Mokbel, S. Alharthi, A. Alzaidy, K. Tarek, and S. Ghani. 2015. 

Shahed: A mapreduce-based system for querying and visualizing spatio-temporal 

satellite data. Paper read at 2015 IEEE 31st International Conference on Data 

Engineering. 

141. Shahid, R., S. Bertazzon, M. L. Knudtson, and W. A. Ghali. 2009. Comparison of 

distance measures in spatial analytical modeling for health service planning. BMC 

health services research 9 (1):200. 

142. Hamerly, G., and C. Elkan. 2004. Learning the k in k-means. Paper read at Advances 

in neural information processing systems. 

143. Ding, C., and T. Li. 2007. Adaptive dimension reduction using discriminant analysis 

and k-means clustering. Paper read at Proceedings of the 24th international conference 

on Machine learning. 

http://hadoop/
http://lucene/


134 
 

144. van de Weijer, J. Local Mode Filtering J. van de Weijer R. van den Boomgaard 

Intelligent Sensory Information Systems Faculty of Science, University of Amsterdam 

Kruislaan 403, 1098 SJ Amsterdam, The Netherlands. 

145. Mukherjee, A., J. Datta, R. Jorapur, R. Singhvi, S. Haloi, and W. Akram. 2012. Shared 

disk big data analytics with apache hadoop. Paper read at 2012 19th International 

Conference on High Performance Computing. 

146. Bureau, U. S. C. 2010. US Gazetteer files: 2010. 

147. Yang, K., X. Liu, N. A. Krotkov, A. J. Krueger, and S. A. Carn. 2009. Estimating the 

altitude of volcanic sulfur dioxide plumes from space borne hyper‐ spectral UV 

measurements. Geophysical Research Letters 36 (10). 

148. Smet, S., R. Michel, and L. Bollinger. 2008. Uplift of the 2004 Sumatra‐ Andaman 

earthquake measured from differential hyperspectral imagery of coastal waters. Journal 

of Geophysical Research: Solid Earth 113 (B9). 

149. Murphy, R. J., and S. T. Monteiro. 2013. Mapping the distribution of ferric iron 

minerals on a vertical mine face using derivative analysis of hyperspectral imagery 

(430–970 nm). ISPRS Journal of Photogrammetry and Remote Sensing 75:29-39. 

150. Atluri, G., A. Karpatne, and V. Kumar. 2018. Spatio-temporal data mining: A survey 

of problems and methods. ACM Computing Surveys (CSUR) 51 (4):1-41. 

151. Varghese, B. M., A. Unnikrishnan, and K. Jacob. 2013. Spatial clustering algorithms-

An overview. Asian Journal of Computer Science and Information Technology 3 (1):1-

8. 

152. Aboshosha, A., M. Hassan, M. Ashour, and M. El Mashade. 2009. Image denoising 

based on spatial filters, an analytical study. Paper read at 2009 International 

Conference on Computer Engineering & Systems. 

 


