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Abstract— Map Reduce is a widely used parallel programming model and computing platform. With Map Reduce, it is very easy to 

develop scalable parallel programs to process data-intensive applications on clusters. Spatial Databases such as postgreSQL, Oracle 

have been extensively in use to perform spatial data analysis using SQL Query manipulation. But spatial database on a single 

machine has its limitations with respect to the size of the datasets it can process. Some instances, Spatial Queries need to perform 

Spatial joins between two large data tables may take huge timespans to generate the entire set of results. In this paper, we propose a 

distributed approach to spatial data analysis of large data sets. We evaluated the performance and efficiency of spatial operation in 

Hadoop environment. It demonstrates the applicability of cloud computing technology in computing-intensive spatial applications 

and compared the performance with that of single spatial databases. 
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I. INTRODUCTION 

 
 Hadoop[1][2] provides a distributed file system and a framework for the analysis and transformation of very large data sets 

using the MapReduce programming model. An important characteristic of Hadoop is the partitioning of data and computation 
across potentially thousands of hosts, and executing application computations in parallel close to their data. A Hadoop cluster 
scales computation capacity, storage capacity and IO bandwidth by simply adding commodity servers. Hadoop clusters at 
Yahoo! span 25,000 servers, and store 25 petabytes of application data, with the largest cluster being 3500 servers. One hundred 
other organizations worldwide report using Hadoop. Keeping in mind the above Benefits that Hadoop offers , It is a potential 
platform to perform the computation on the Spatial Data. GIS is now playing an important role in many areas of modern city.  

Space information has become the basic infrastructure of modem digital city and is the integral part of information 
construction. Generally, GIS functions such as spatial analysis is involved in a lot of vector data (points, lines or polygons) and 
raster data (satellite or aerial images). This type of data is periodically generated via special sensors, satellites or GPS devices. 
Due to the large size of the spatial data repositories and the computationally intensive nature of analysis operations, it makes 
such analysis a perfect candidate for parallelization.  

Cloud computing [3] is a new term for a long-held dream of computing as a utility, which has recently emerged as a 
commercial reality. Cloud computing provide service over the Internet to users based on large scalable computing resources 
Cloud computing can improve system performance, computing and storage capability greatly, and reduce software and 
hardware cost effectively.  

In this effort, we import cloud computing technology including Hadoop platform and MapReduce parallel computing model 
into the domain of geospatial data Analysis. We have studied those key technology problems including spatial data storage, 
spatial data index and spatial operation in the application of GIS. Aiming at the characteristics of spatial operators, we have 
designed the process flow of spatial data. We evaluate their performance using real spatial data set based on the actual 
implementations of these spatial algorithms on Hadoop. The experiment results show that MapReduce is applicable for 
computing-intensive spatial applications. 

II. RELATED WORK 

 
The real world can only be depicted in a GIS through the use of models that define phenomena in a manner that computer 

systems can interpret, as well perform meaningful analysis . The data model determines how GIS data are structured, stored and 

processed. Spatial Data Models is primarily classified into two types:  

 

 VECTOR DATA MODEL  

 RASTER DATA MODEL  
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A. VECTOR DATA MODEL:  

 

The Vector Data Model uses points and their x-, y- coordinates to construct a spatial feature such as point, line, area, 

region etc. A point may represent a well, a benchmark or a gravel pit whereas a line may represent a road, a stream or 

an administrative boundary. The basic vector data types comprises of the POINTS, LINES, POLYLINES, 

POLYGONS, and REGIONS. 

 

 

 

 
 

Fig1: Vector Data Representation 

 

 

B. RASTER DATA MODEL:  
 

 The Raster Data model uses a Regular Grid to cover the space and the value in each grid cell to correspond to the 

 characteristics of a spatial phenomenon at the cell location. Conceptually, the variation of the spatial phenomenon is 

 reflected by the changes in the cell value. A wide variety of used in GIS are encoded in raster format. They include 

 digital elevation data, satellite images, scanned maps and graphics files as shown in Fig.2. 

 

  
 

Fig2: Vector and Raster Data Representation 
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2.1 Spatial Operations 
 

       PostgreSQL has the feature to augment SQL Queries with these operations, and thus has a support to manipulate Geo-

Spatial Data in manner that doesn't differ much from the way the SQL Queries are fired on RDBMS. 

 

THEME UNION: Two themes having the same Descriptive attribute as well as spatial attribute types are combined together to 

form a larger theme of larger geometry.  

 

THEME OVERLAY (Intersection): The Descriptive attributes of input themes are unioned whereas Geometry is intersectional.  

 

THEME SELECTION: It is used to select only those tuples of the theme which satisfies the given condition. Here the Condition 

can be applied on Descriptive attribute or spatial attribute of a theme or both. The Query such as Name and population of 

countries of 50 million inhabitants or more are usually addressed by this operation.  

 

THEME MERGER: The merger operation performs the geometric union of the spatial part of n geographic objects that belong 

to the same theme, under a condition supplied by the end user. Observe the difference with the theme union, which takes as 

arguments two themes and gathers them into a single theme. Merger relies on the concept of object aggregation. 

 

THEME WINDOWING: By windowing a theme, one obtains another theme, which includes only those objects of the input 

theme that overlap a given area or window, which is usually rectangular.  

 

THEME CLIPPING: Clipping extracts the portion of a theme located within a given area. As opposed to windowing, the 

geometry of an object in the result corresponds exactly to the intersection of the geometry of the geographic objects and the 

geometry of the area. 

 

2.2. HDFS Architecture 
 

       The Hadoop Distributed File System (HDFS) is a distributed file system designed to run on commodity hardware. HDFS is 

highly fault-tolerant and is designed to be deployed on low-cost hardware. HDFS provides high throughput access to 

application data and is suitable for applications that have large data sets. HDFS relaxes a few POSIX requirements to enable 

streaming access to file system data. HDFS was originally built as infrastructure for the Apache Nutch web search engine 

project. HDFS is now an Apache Hadoop subproject. 

 

HDFS architecture consists of a single NameNode, a master server that manages the file system namespace and regulates access 

to files by clients. In addition, there are a number of DataNodes, usually one per node in the cluster, which manage storage 

attached to the nodes that they run on as shown in Fig.3. HDFS exposes a file system namespace and allows user data to be 

stored in files. Internally, a file is split into one or more blocks and these blocks are stored in a set of DataNodes. The 

NameNode executes file system namespace operations like opening, closing, and renaming files and directories. It also 

determines the mapping of blocks to DataNodes. The DataNodes are responsible for serving read and write requests from the 

file system’s clients. The DataNodes also perform block creation, deletion, and replication upon instruction from the 

NameNode. 

 

 
Fig .3: HDFS Architecture 
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The NameNode and DataNode are pieces of software designed to run on commodity machines. These machines typically run a 

GNU/Linux operating system (OS). HDFS is built using the Java language; any machine that supports Java can run the 

NameNode or the DataNode software. Usage of the highly portable Java language means that HDFS can be deployed on a wide 

range of machines. A typical deployment has a dedicated machine that runs only the NameNode software. Each of the other 

machines in the cluster runs one instance of the DataNode software. The architecture does not preclude running multiple 

DataNodes on the same machine but in a real deployment that is rarely the case. 

 

The existence of a single NameNode in a cluster greatly simplifies the architecture of the system. The NameNode is the 

arbitrator and repository for all HDFS metadata. The system is designed in such a way that user data never flows through the 

NameNode. 

 

III. MAP REDUCE MODEL 

 

      Map-Reduce [5],[6] is a programming model and an associated implementation for processing and generating large data 

sets. Users specify a map function that processes a key/value pair to generate a set of intermediate key/value pairs, and a reduce 

function that merges all intermediate values associated with the same intermediate key. Many real world tasks are expressible in 

this model. Programs written in this functional style are automatically parallelized and executed on a large cluster of commodity 

machines. The run-time system takes care of the details of partitioning the input data, scheduling the pro-gram's execution 

across a set of machines, handling machine failures, and managing the required inter-machine communication. This allows 

programmers with parallel and distributed systems to easily utilize the resources of a large distributed system.  

 

      The computation takes a set of input key/value pairs, and produces a set of output key/value pairs. The user of the 

MapReduce library expresses the computation as two functions: Map and Reduce.  

 

A. MAP Function: 

 

 Map Function, Written by the User, takes an input pair and produces a set of Intermediate Key/Value Pairs. The Map-

Reduce library groups together all intermediate values associated with the same intermediate key ‘I’ and passes them 

to the Reduce function.  

 

B. REDUCE Function:  

 

Reduce function, also written by the user, accepts an intermediate key ‘I’ and a set of values for that key. It merges 

together these values to form a possibly smaller set of values. Typically just zero or one output value is produced per 

Reduce invocation. The intermediate values are supplied to the user's reduce function via an iterator. This allows us to 

handle lists of values that are too large to fit in memory. 

 

3.1 Queries with Spatial Join 
 

     In this Section we execute the Computation-intensive Spatial Query involving the Spatial Join between two heterogeneous 

datasets (heterogeneous in the sense that one data set can have POLYGON geometry representing the cities/states etc , whereas 

other data set could be LINESTRING geometry representing the rivers & roads etc)  

 

      We deliberately have chosen such Spatial Query as it involves the each tuple of one data set S to compute against every 

tuple of other data set, say R.  

 

We shall transform the following Spatial Query into Map-Reduce form:  
 

Temp.csv = roads.csv UNION hydrography.csv  

 

Select p.OID , r.OID , st_astext (st_Intersection (p.the_geom , r.the_geom) ) from poygons.csv as p , Temp.csv as r Where 

st_Intersects(p.the_geom , r.the_geom) ;  

 

Here we perform the UNION of roads.csv and hydrography.csv and lets store the final result in Temp.csv. The Above Query 

groups all roads and hydrography together according to the county it intersects with. 
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3.2. Map-Reduce Algorithm 
 

MAP-PHASE:  

 

The objective of the MAP-PHASE is the Partition of Data tuples into partitions. Partition is the Rectangle in 2D space. All the 

data tuples either in S or R data sets , the geometry of which intersects anywhere in partition p shall be categorized to exist in 

partition p . 

 

 Thus if geometry of a polygon intersects with 2 or more partitions, then it belongs to all partitions it interests with. Input output 

Key Value Pair of Mapper phase. 

 
Input : <Key:Value> = <byte Offset , Geometry of object> 

 

Output : <Key:value_list> = <Partition Number , Geometry.MBR + Geometry of object > 

 

Thus each partition that will be created contains the set of geometry objects, their Minimum Bounding Rectangle and OID 

(Object Identifier) .  

 

Each Partition shall contain the spatial object that lies partially or completely within its boundary. 

 

In this Section we explain the Map-Reduce form of Single Source Shortest Path Algorithm. We shall explain with the help of 

example. Consider the graph shown in the Fig.4.below. 

 
                           

 
 

Fig 4.Input Graph       Fig 5 . Mapout File for the Input Graph 

 

 

International Journal of Scientific Research and Review

Volume 7, Issue 2, 2018

ISSN NO: 2279-543X

http://dynamicpublisher.org/261



CONCLUSION 

 

      In this work, we present a performance evaluation and Map-Reduce implementation details of some complex spatial 

operations on Hadoop platform. The results demonstrate the feasibility and efficiency of the Map Reduce model and show that 

small scale cluster has the potential to be applicable to computationally intensive spatial data computations. We showed that 

executing Map-Reduce version of a spatial Query Involving Spatial join on a small scale cluster clearly outperforms that of 

single spatial databases in terms of time taken to output desired results. Real world Massive graphs, which can’t be manipulated 

by traditional sequential algorithms on a single machine, can be efficiently processed on a small scale cluster because of their 

small world property. The Comparative study of Hadoop and Distributed database systems shows that the two technologies are 

rather complementary with each other and neither of the two is good at what other does. 
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