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ABSTRACT:   
 

Big Data is a collection of a huge and complex data that it becomes extremely dreary to 

capture, store, process, retrieve and analyze it with the help of on hand database management 

tools or traditional data processing techniques. To store and process such a big data hadoop 

technology is used. Hadoop is an open source framework that allows to store and process big 

data in distributed environment across clusters of computers using simple programming 

models. It is intended to scale up from single server to thousands of machines, each offering 

local computations and storage. In this paper, we propose incremental MapReduce, the most 

widely used framework for mining big data. Incremental MapReduce 1) performs key-value 

pair level incremental processing, 2) supports complicated iterative computation, which is 

widely used in data mining applications. That means incremental MapReduce processes big 

data in a less time and stores it in a more optimized form.  
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[1] INTRODUCTION  

Now a day, petabytes of data are produced and 90 percent of the data in the world 

today were produced within the past two years [1]. Big data streams are characterized by 

having high volume and high velocity. Big data is frequently implicit along 3 dimensions, 

called 3 V's: Volume, Variety and Velocity [2], [3]. The key to agreement with such 

composite data is, in our estimation, to combine streaming with distributed computing and 

open source. Huge quantity of digital data is being accumulated in numerous significant 

areas, including e-commerce, social network, finance, health care, education, and 

environment. It has turn out to be more and more admired to mine such big data in order to 

increase insights to help business decisions or to provide better personalized, higher quality 

services [5], [6]. Organizations with large amounts of multi-structured data find it difficult to 

use traditional relational DBMS technology for processing and analyzing such data. 

Therefore to process this big data hadoop technology is used. Hadoop was created by Doug 

Cutting and Mike Cafarellain 2005. It was at first urbanized to sustain allocation for the 

Nutch search engine development. Hadoop is open-source software that enables [1]:  

 Reliable: The software is fault tolerant; it expects and handles hardware and software 

failures. 
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 Scalable: Premeditated for huge size of processors, memory, and neighboring attached 

storage space. 

 Distributed: Handles duplication. Offers particularly parallel programming model, Map 

Reduce.  

  Hadoop have two core components: i) HDFS for storage and ii) MapReduce for large     

computations.  

The processing support in the Hadoop environment is the MapReduce framework. The 

framework allows the requirement of a procedure to be useful to a massive data set, divide 

the problem and data, and run it in parallel. In the MapReduce framework, a distributed file 

system (DFS) firstly partitions data in several machines and data is represented as (key, 

value) pairs. The MapReduce framework executes the main function on a single master 

machine where we may preprocess the input data before map functions are called or post 

process the output of reduce functions. A two of a kind of map and reduce functions may be 

executed just the once or frequent times as it depends on the distinctiveness of an application 

[6].  

Incremental processing is a promising approach to stimulating mining outcome. In this 

paper, we look into the comprehension of this standard in the situation of the MapReduce 

computing framework. A number of earlier studies have followed this standard and intended 

new programming models to sustain incremental processing.  

Incremental MapReduce is an addition to MapReduce that chains fine-grain 

incremental processing for both one-step and iterative computation. Incremental MapReduce 

is the original MapReduce-based solution that competently supports incremental iterative 

computation [1].       

A MapReduce program is composed of a Map function and a Reduce function [1], as 

shown in Fig. 1. Their APIs are as follows: 

map(K1,V1)[<K2,V2>] 

reduce(K2,{V2})[<K3,V3>] 

 

 
Figure: 1. MapReduce computation [1]. 

The Map function takes a kv-pair <K1, V1> as input and computes zero or more 

intermediate kv-pairs <K2, V2>s. Then all <K2, V2>s are grouped by K2. The Reduce 

function takes a K2 and a list of {V2} as input and computes the final output kv-pairs <K3, 

V3>s. 

A MapReduce system reads the input data of the MapReduce computation from and 

writes the final results to a distributed file system, which divides a file into equal-sized (e.g., 

64 MB) blocks and stores the blocks across a cluster of machines. For a MapReduce program, 

the MapReduce system runs a JobTracker process on a master node to supervise the job 
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improvement, and a set of TaskTracker processes on worker nodes to execute the actual Map 

and Reduce tasks. 

The JobTracker starts a Map task per data block, and typically assigns it to the 

TaskTracker on the machine that holds the corresponding data block in order to minimize 

communication overhead. Each Map task calls the Map function for every input <K1, V1> 

and stores the intermediate kv-pairs <K2, V2>s on local disks. Intermediate consequences are 

shuffled to Reduce tasks according to a partition function on K2. After a Reduce task obtains 

and merges intermediate results from all Map Tasks, it invokes the Reduce function on each 

<K2, {V2}> to generate the final output kv-pairs <K3, V3>s. 

 

[2] LITERATURE SURVEY 

2.1 Iterative processing 

A number of distributed frameworks have newly emerged for big data processing. 

HaLoop improves the efficiency of iterative computation by making the task scheduler loop-

aware and by employing caching mechanisms. Twister employs a lightweight iterative 

MapReduce runtime system by sensibly constructing a Reduce-to-Map loop. IMapReduce 

supports iterative processing by directly passing the Reduce outputs to Map and by 

distinguishing variant state data from the static data [1]. 

 

2.2 Incremental processing for one-step application. 

Besides Incoop, several recent studies aim at supporting incremental processing for 

one-step applications. Incoop detects changes to the inputs and enables the automatic update 

of the outputs by employing an efficient, fine-grained result reuse mechanism. This 

incremental nature of data suggests that performing large-scale computations incrementally 

can improve efficiency dramatically. But Incoop supports only task-level incremental 

processing. So, Incoop do not allow for reusing the large existing base of MapReduce 

programs.Incoop supports only one step computation [2]. 

 

2.3 Incremental processing for iterative application.  

Naiad [14] proposes a timely dataflow paradigm that allows stateful computation and 

arbitrary nested iterations. To support incremental iterative computation, programmers have 

to completely rewrite their MapReduce programs for Naiad. In comparison, we extend the 

widely used MapReduce model for incremental iterative computation. Existing Map-Reduce 

programs can be slightly changed to run on i2MapReduce for incremental processing [3]. 

 

   2.3.1 Continuous MapReduce 

 Ad-hoc data processing is a critical paradigm for wide-scale data processing especially 

for unstructured data. Ad-hoc data processing abstraction is a distributed stream processor 

based on MapReduce programming model to support continuous inputs. MapReduce Online 

adopts pipelining technique within a job and between jobs, supports single-job and multi-job 

online aggregation, and also provides database continuous queries over data streams. 

MapReduce programming model with the continuous query model characterized by Cut-

Rewind to process dynamic stream data chunk. CMR, continuous MapReduce, is architecture 
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for continuous and large-scale data analysis. Continuous processing is a special case of 

incremental processing [4].  

 

   2.3.2 Incremental parallel data processing  

It is a generalized architecture for continuous incremental bulk processing. It takes the 

prior state as an explicit input combined with the new input. A set of dataflow primitives is 

also provided to perform web analytics and mine large scale and evolving graphs. Percolator 

is a system for incrementally data processing by using distributed transactions and 

notifications. It is mainly used to create Google Web search index. PIESVM is a special 

parallel incremental extreme SVM classifier. It is designed based on MapReduce model and 

can save training time for SVM algorithm [4]. 

 

2.4 MapReduce 

Implementation of MapReduce runs on a large cluster of commodity machines and is 

highly scalable: a typical MapReduce computation processes many terabytes of data on 

thousands of machines. Programmers and the system easy to use: hundreds of MapReduce 

programs have been implemented and upwards of one thousand MapReduce jobs are 

executed on Google's clusters every day. 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 program's 

execution across a set of machines, handling machine failures, and managing the required 

inter-machine Communication. This allows programmers without any experience with 

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

[5]. 

 

2.5 Dataflow  

            Systems such as CIEL, Spark, Spark Streaming and Optimus extend acyclic batch 

dataflow to allow dynamic modification of the dataflow graph, and thus support iteration and 

incremental computation without adding cycles to the dataflow. By adopting a batch-

computation model, these systems inherit powerful existing techniques including fault 

tolerance with parallel recovery; in exchange each requires centralized modifications to the 

dataflow graph, which introduce substantial overhead that Naiad avoids [6]. 

 

2.6 Asynchronous computation  

Several systems have abandoned synchronous execution in favor of a model that 

asynchronously updates a distributed shared data structure, in order to achieve low-latency 

incremental updates and fine-grained computational dependencies. Percolator structures a 

web indexing computation as triggers that run when new values are written into a distributed 

key-value store [6]. 

 

2.7 HaLoop 

Bu et al. used a new technique called as HaLoop which is modified version of Hadoop  

MapReduce  Framework, as Map Reduce lacks built-in-support for iterative programs 

HaLoop allows iterative applications to be assembled from existing Hadoop programs 

without modification, and significantly improves their efficiency by providing inter- iteration 
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caching mechanisms and a loop-aware scheduler to exploit these caches. HaLoop is built on 

top of Hadoop and extends it with a new programming model and several important 

optimizations that include (1) a loop-aware task scheduler, (2) loop-invariant data caching, 

and (3) caching for efficient fix point verification [7]. 

 

  [3] IMPLEMENTATION DETAILS 

  Processing is done on a datasets which are the iterative with respect to its base file. 

Four iterative algorithms are used for the implementation. In section 3.1, we design PageRank 

algorithm. Section 3.2 includes Kmeans algorithm. Section 3.3 and 3.4 includes the 

explanation of MapReduce and incremental MapReduce respectively. 

 

3.1 PageRank 

PageRank is a link analysis algorithm that assigns a numerical weighting to each 

element of a hyperlinked set of documents, with the function of measuring its qualified 

importance inside the set. Votes cast by pages that are themselves "important" weigh extra 

deeply and assist to make other pages "important". PageRank is a well-known iterative graph 

algorithm for ranking web pages. It computes a ranking score for each vertex in a graph. 

After initializing all ranking scores, the computation performs a MapReduce job per iteration. 

 Given page A, and pages T1 through Tn linking to A, PageRank is defined as shown in 

equation (1): 

 

PR(A)= (1-d) + d (PR(T1)/C(T1)+ ... +PR(Tn)/C(Tn))                    …….(1) 

 

         

Where, C(P) - cardinality of page P 

d - Damping factor 

Calculation is iterative: PRi+1 is based on PRi. 

 Each page distributes its PRi to every pages. It links to Linkees add up their awarded rank 

fragments to find their PRi+1. 

 d is a tunable parameter (usually = 0.85) encapsulating the “random jump factor”. 

  

Table 1.  PageRank algorithm  

1. Generate two tables 'current' and 'next' 

holding the PageRank for every page. 

Seed 'current' with early PR values. 

2. Iterate over all pages in the graph, 

distributing PR from 'current' into 'next' 

of linkees. 

3. current := next; next := fresh_table(); 

4. Go back to iteration step or end if 

converged 
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3.2 K-means 

K-means is a frequent and well-known clustering algorithm. It partitions a set of ‘n’ 

objects into ‘k’ clusters based on a similarity gauge of the objects in the dataset. The clusters 

have a elevated intra-cluster and a low inter-cluster similarity. As the number of objects in the 

cluster varies, the center of gravity of the cluster shifts. This algorithm begins with the 

assortment of the ‘k’ initial casual cluster centers from the ‘n’ objects. Each remaining object 

is assigned to one of the early selected centers based on comparison gauge. When every ‘n’ 

objects are assigned, the fresh mean is designed for all cluster. These two steps of conveying 

objects and scheming new cluster centers are repetitive iteratively awaiting the meeting 

condition are met. Comparing the similarity measure is the most challenging estimate in k-

means clustering. For ‘n’ objects to be assigned into ‘k’ clusters, the algorithm will have to 

execute a total of ‘nk’ distance computations. While the distance computation between any 

object and a cluster center can be performed in parallel, each iteration will have to be 

performed in sequence as the center changes will have to be computed each time. 

 

Table 2. Kmeans algorithm  

1. The necessary number of cluster must be 

selected. We will refer to the number of 

clusters to be ‘K’. 

2. Select distant and distinct centroids for 

all of the selected set of K clusters. 

3. Consider every element of the given set 

and evaluate its distance to all the 

centroids of the K clusters. Based on the 

intended distance the component is added 

to the cluster whose centroid is adjacent 

to the element. 

4. The cluster centroids are recalculated 

following each assignment or a set of 

assignments. 

5. This is an iterative system and 

incessantly restructured. 

 

 

   3.3 MapReduce 

MapReduce is a programming model and an allied execution for processing and 

generating big data sets. Users state a map function that processes a key/value pair to 

construct a set of intermediate key/value pairs, and a reduce function that merges the 

complete intermediate values related with the identical intermediate key. Implementation of 

MapReduce runs on a large cluster of product machines and is extremely scalable: a 

distinctive MapReduce computation processes several terabytes of data on thousands of 

machines. 
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  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. 

 Map function, takes an input pair and produces a set of intermediate key/value pairs. The 

MapReduce records groups collectively every intermediate values connected by the 

similar intermediate key ‘I’ and passes them to the Reduce function. 

 The Reduce function, accepts an intermediate key ‘I’ and a set of values for that key. It 

merges together these values to form a probably smaller set of values. Usually just zero 

or one output value is formed per Reduce incantation. The intermediate values are 

abounding to the user's reduce function during an iterator. This allows us to handle lists 

of values that are excessively large to fit in memory. 

The map function emits every word plus related count of occurrences. The reduce function 

sums mutually all counts emitted for a scrupulous word. MapReduce executes various 

Hadoop commands and gives us the output. 

  

   3.4 Incremental MapReduce 

In order to support incremental and iterative processing, a few MapReduce APIs are 

changed or added. Incremental MapReduce is an improvement in the MapReduce. 

Incremental MapReduce is a task-level coarse-grain incremental processing system. 

Incremental MapReduce exploits inspection to remain re-computation by starting since the 

formerly converged state, and through the stage incremental updates on the varying 

information. Incremental MapReduce improves the run time of re-computation on plain 

MapReduce by an eight fold speedup. Incremental MapReduce takes input file as the output 

of the k-means clustering algorithm. Therefore in incremental MapReduce there is 

optimization of data content. Incremental MapReduce requires computation time less than the 

computation time of MapReduce because of the optimization in the data content. 

 

  [4] IMPLEMENTATION RESULT 

 In this section we present comparison results of MapReduce and the extension of 

MapReduce i.e. incremental MapReduce. In this result, comparison is done on the basis of 

data content optimization. We have given input as a one base file and four iterative files. 

Then each iterative file is compared with the base file and gives the output in the reduced 

format. Output of MapReduce is a file of large size while the output of incremental 

MapReduce is a file of small size than the result of the MapReduce. Comparison results are 

shown in fig. 2. 
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Figure: 2. Comparison graph of data content optimization in incremental MapReduce 

vs. plain MapReduce 

 

As shown in above fig. for the same input data sets there are different outputs for 

MapReduce and incremental MapReduce. Base file is of the same size in both MapReduce 

and incremental MapReduce. After the processing of iterative files with its base file, 

optimization of data content is done.  

  From the above graph, we see that the more optimization of data content is occurred in 

the incremental MapReduce than the plain MapReduce. As more the iterative files taken, 

more optimized data in the incremental MapReduce. For this output, the processing of the 

algorithms is iterative processing. Which means the complete processing of algorithms should 

be iteratively in the order of their execution. Execution of PageRank algorithm, k-means 

clustering algorithm, MapReduce and Incremental MapReduce is done iteratively. For the 

execution of these algorithms there is no. of dependencies.  

  In this method the major merit is the optimization in the data content. We are going to 

evaluate the performance of our projected scheme in terms of the computation overhead 

introduce by each operation. Base file and iterative files are taken as the computing 

parameter. When the number of iterative files increases, then there is more optimization on 

data content of incremental MapReduce.  

 

 [5] CONCLUSION 
We are in an era of Big Data. For the storage and processing of big data Hadoop 

technology is used. HDFS is used for the storage and MapReduce for the computation. 

Incremental MapReduce is a MapReduce based framework designed for incremental iterative 

computations. Incremental MapReduce supports more complex state-to-structure 

relationships. Also it supports big data sets of terabytes and petabytes. 
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