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ABSTRACT 
K-means algorithm is one of the most popular algorithms for clustering. However the efficiency of algorithm depends on the 
chosen initial centers or initial membership value. To solve this problem, k-means++ algorithm is used to choose initial centers to 
achieve an optimal solution and to improve performance. But with the increase in size of data, the algorithm becomes inefficient 
due to its weak scalability. To overcome this problem, the algorithm is implemented with Mapreduce framework for improving 
scalability and efficiency. Mapreduce framework reduces the number of distance computations required by k-means algorithm. 
This algorithm also speeds up the convergence of fuzzy k-means clustering. 
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INTRODUCTION 

 

Clustering is one of the important techniques for the task processing large volume of data. It is largely used 

in areas such as knowledge discovery, pattern recognition, web mining, and data mining. k-means is one of the 

clustering algorithms most used in data mining. However it is highly sensitive to selection of initial centers. k-

means++ algorithm is used for selecting the initial centers for k-means algorithm inorder to achieve more 

optimal solution. To further improve the efficiency of the algorithm k-means algorithm is implemented using 

fuzzy logic. Though it improves efficiency this approach involves more time and computational complexity. 

Inorder to overcome these shortcomings, mapreduce framework is used. 

MapReduce [5] is known to be an efficient tool where the amount of data is prohibitively large.However, 

togenerate k centers, the MapReduce implementation ofk-means++ initialization needs k rounds and 2k 

MapReduce jobs. In addition, a large amount of data needs to be transferred between multiple machines. 

This paper develops a k-means++ initialization algorithm for the situation which a uses large amount of 

data with the help of MapReduce. As mapreduce uses distributed environment, it reduces the number of 

computations. With the parallel processing time required for the algorithm can also be reduced. 

The major contributions of this paper include: 

• To propose an efficient implementation of k-means++ initialization to obtain more optimal solution of 

k-means algorithm. 

• To implement the above algorithm using fuzzy logic to improve the performance of the algorithm. 
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• To reduce the expensive distance computation of the proposed method, with the help of mapreduce 

framework. 

• Experiments on real and datasets are conducted. Experimental results indicate that proposed method 

improves the performance and efficiency of k-means algorithm. 

 

Related work: 

Data clustering has been received considerable attention inmany applications, such as data mining, 

document retrieval, image segmentationand pattern classification. The enlarging volumes of 

informationemerging by the progress of technology, makes clustering of verylarge scale of data a challenging 

task. In order to deal with the problem, many researchers try to design efficient parallel clustering algorithms[2]. 

Weizhong Zhao, Huifang Ma, and Qing He proposed a parallel k-means clustering algorithm based on 

MapReduce, which is a simple yet powerful parallel programming technique. Their proposed algorithm can 

scale well and efficiently process large datasets only on commodityhardware. 

 

K-Means Algorithm: 

K-means algorithm is the most well-known and commonly used clusteringmethod.[1] It takes the input 

parameter, k, and partitions a set of n objects intok clusters so that the resulting intra-cluster similarity is high 

whereas the inter cluster similarity is low. Cluster similarity is measured according to the meanvalue of the 

objects in the cluster, which can be regarded as the cluster’s”centerof gravity”. 

The algorithm proceeds as follows: Firstly, it randomly selects k objects fromthe whole objects which 

represent initial cluster centers. Each remaining objectis assigned to the cluster to which it is the most similar, 

based on the distancebetween the object and the cluster center. The new mean for each cluster is then calculated. 

This process iterates until the criterion function converges. 

In k-means algorithm, the most intensive calculation to occur is the calculationof distances. In each 

iteration, it would require a total of (nk) distance computations where n is the number of objects and k is the 

number of clustersbeing created. It is obviously that the distance computations between one objectwith the 

centers are irrelevant to the distance computations between otherobjects with the corresponding centers. 

Therefore, distance computations betweendifferent objects with centers can be parallel executed. In each 

iteration, the new centers, which are used in the next iteration, should be updated. Hence the iterative procedures 

must be executed serially. 

 

MapReduce: 

MapReduce, was first introduced by Dean and Ghemawat [5], has become one of the most pervasive 

programming paradigmsfor large-scale data analysis. It alleviates users from distributed system's engineering 

work such as data partition,data locality, data replication, as well as task scheduling, data shared among tasks 

and fault tolerance. Programmersor data analysts only need to implement several MR primitives, including 

Mapper, Reducer, Combiner, Record Reader,and Partitioner. These stubs all provide easy-to-use interface and 

can be adapted to a wide range of applications. 

A MapReduce job can split into three consecutive phases:map, shuffle and reduce. The input, output as well 

as intermediate data, is formated in (key; value) pairs. In themap phase the input is processed one tuple at a time. 

All (key; value) pairs emitted by the map phase which have thesame key are then aggregated by the MapReduce 

system during the shuffle phase and sent to the reducer. At thereduce phase, each key, along with all the values 

associatedwith it, are processed together. In order for all the valueswith the same key end up on the same 

reducer, a partitioningor hash function need to be provided for the shuffle phase.The system then makes sure 

that all of the (key; value) pairswith the same key are collected on the same reducer. 

Hadoop [1], the open source implementation of MapReduceframework, has become the de-facto standard. 

It is widelyused in both industry and academia, and strongly supportedby a large open source community. As an 

integral component of Apache Hadoop framework, Hadoop Distributed File system (HDFS) is a distributed 

filesystem designed for commodity hardware. MapReduce computational engine retrieves data from HDFS and 

outputs theresults back to it for the input of next available MR jobs inthe data analytical pipeline. 

 

Methodology: 
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Fig. 1: Proposed System Design 

 

k-means often converges to a local optimum and has no accuracy guarantees. Furthermore, the final 

solution is often far away from the global optimum. The fundamental reason is that k-means is highly sensitive 

to the chosen initial centers. 

An important piece of work in this direction is the k-means++ algorithm which consists of the initialization 

step and k-means step. In the initialization step, except that the first center is chosen randomly, each subsequent 

center is orderly chosen according to its squared distance from the closet center already chosen. More 

importantly, k-means++ has a provable approximation guarantee to the optimal solution. 

In proposed method a k-means++ initialization algorithm is developed in the situation with a very large 

amount of data by virtue of MapReduce. The major research challenges addressed are: (1) how to implement the 

k-means++ initialization algorithm with MapReduce efficiently. The main idea is to use only one MapReduce 

job, instead of 2k MapReduce jobs, to choose k centers.  

Both Mapper phase and Reducer phase in the method execute the k-means++ initialization algorithm. The 

Mapper phase runs the standard k-means++ initialization algorithm and the weighted k-means++ initialization 

algorithm is executed during the Reducer phase. (2) Although k-means++ is O(α) approximation to the optimal 

k-means, we prove that our method is O(α2) approximation to the optimal of k-means. 

 

Mapper phase: 

Map() function understands exactly where it should go to process the data. The source of data may be 

memory, or disk, or another node in the cluster. The program fetches data from a data source and is usually 

executed on the machine where the application is running. The MapReduce framework operates exclusively on 

<key, value> pairs, that is, the framework views the input to the job as a set of <key, value> pairs and produces 

a set of <key, value> pairs as the output of the job.  

Input and Output types of a MapReduce job: 

(input) <k1, v1> -> map -><k2, v2> -> combine -><k2, v2> -> reduce -><k3, v3> (output). 

The input dataset is stored on HDFS as a sequence file of <key, value>pairs, each of which represents a 

record in the dataset. The key is the offset in bytes of this record to the start point of the data file, and the value 

is a string of the content of this record. The dataset is split and globally broadcast to all mappers. Consequently, 

the distance computations are parallel executed. For each map task, algorithm construct a global variant 

centerswhich is an array containing the information about centers of the clusters. Given the information, a 

mapper can compute the closest center point for each sample. The intermediate values are then composed of two 

parts: the index of the closest center point and the sample information. 

In the proposed method mapper phase runs the standard k-means++ initialization algorithm.[3]The k-

means++ initialization method algorithm includes two dependent phases: 1) choosing one point as a center 

based on the probability, and 2) updating the sum of the distances from all the points to their nearest center. 

MapReduce implementation of k-means++ initialization needs two sequential MapReduce jobs to choose one 
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point as a center.However, it is a very expensive parallelized implementation of k-means++ initialization since it 

has to run at least 2k MapReduce jobs for k clusters, incurring high communication cost and I/O cost. Therefore, 

this is a poor solution when processing massive data although it is an O(α) approximation to the optimal of k-

means.So a fast k-means++ initialization algorithm with MapReduce is proposed. It uses only one MapReduce 

job and avoids the high cost of the aforementioned solution.  

Both Mapper phase and Reducer phase of method run a k-means++ initialization algorithm. But their 

difference is that the algorithm in Mapper phase is a standard k-means++ initialization while in Reducer phase is 

a weighted k-means++ initialization. If both Mapper and Reducer phase run a standard k-means++ initialization, 

it incurs a large SSE from the optimal solution. Therefore, in Mapper phase of method, except for choosing k 

centers, another important work is to compute the number of points that a center represents, this value is used to 

weigh the probability used in Reducer phase. 

 

Reducer phase: 

Reduce() function operates on one or more lists of intermediate results by fetching each of them from 

memory, disk, or a network transfer and performing a function on each element of each list. The final result of 

the complete operation is performed by collating and interpreting the results from all processes running reduce() 

operations.In proposed method weighted k-means++ initialization algorithm is executed during the Reducer 

phase.In Reducer phase, weighted probability is used to choose the initial k centers for k-means. The time 

complexity of our method is O(knd) which is the same as the single iteration of k-means.  

There are two technical issues that must be handled during its implementation. First, it requires the global 

information communication between map and reduce task. To ensure that two Hadoop features can be utilized : 

Job Configuration and Distributed Cache.  

Job Configuration is a small piece of information communicated to every map and reduce task during the 

initialization stage. If a large amount of data must be communicated, Distributed Cache is the best choice. 

Second, both in map function and reduce function, data is processed in the form of tuple <k; v> and flows into 

map function and reduce function one by one. 

The input of the reduce function is the data obtained from the combine function of each host. Data includes 

partial sum of the samples in the same cluster and the sample number. In reduce function, we can sum all the 

samples and compute the total number of samples assigned to the same cluster. Therefore, the new centers 

which formed are used for next iteration. 

 

Experimental Results: 

The proposed method is tested on Oxford Buildings dataset.The Oxford Buildings Dataset consists of 5062 

images collected from Flickr by searching for particular Oxford landmarks. The collection has been manually 

annotated to generate a comprehensive ground truth for 11 different landmarks. 

SSE(Sum of squared error) is used as a measure for evaluating the performance. 

SSE =  

 

Where, x is a data point in cluster Ci    and, miis the centroid point for clusterCi 

The approximation of Map- Reduce Random Initialization algorithm and MapReduce k-means++ 

Initialization (MR-KMI) algorithm on real data sets has been compared. The approximation of both MR-RI and 

MR-KMI become better as the number of centers increases. But comparing MR-KMI with MR-RI, the former 

can achieve a much better approximation than the latter. Especially on Oxford data set although the 

approximation of both MR-KMI and MR-RI is at the same magnitude (10e12), the SSE of MR-KMI is about 

10e11 less than that of the MR-RI with the same number of centers. Moreover, due to the random nature of MR-

RI, its approximation shows the obvious fluctuation, while MR-KMI shows a stable approximation trend as the 

number of centers increases. From the table 1 and graph 1 it is clear that MR-KMI has better approximation than 

MR-RI. 

 
Table 1: SSE of MR-RI and MR-KMI on Oxford Buildings Dataset 

k 200 400 600 800 1000 

MR-RI 4.53e12 3.46e12 2.95e12 2.32e12 1.72e12 

MR-KMI 3.25e12 2.56e12 5.32e11 4.51e11 1.58e11 
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Graph. 1: SSE comparison of MR-RI and MR-KMI on Oxford dataset 

 

Though mapreduce k-means++ is scalable, it does not perform well in situations where a point belong to 

more than one cluster. Hence, fuzzy logic is applied to deal with such points. 
 

Table 2: SSE of MR-KM and Fuzzy-KM on Oxford Buildings Dataset 

                                           k          

Algorithm 

200 400 800 1000 

MR-KM 3.25e12 5.76e12 2.95e11 1.58e12 

Fuzzy-KM 1.78e12 2.52e11 1.95e10 1.25e9 

 

 

 
Graph. 2: SSE comparison of MR-KM and Fuzzy-KM on Oxford dataset 

 

Fuzzy discovers any point belonging to more than one cluster with a certain affinity value towards each. 

This affinity is proportional to the distance of point to the centroid of the cluster. From the graph 2 it is evident 

that fuzzy KM performs clustering more accurately than MR-KM. 

 

Conclusion and Future work: 

The proposed method investigates the important problem of clustering and studies k-means++ algorithm in 

a very large data situations. K-means++ initialization with MapReduce is developed efficiently and propose the 

MapReduce k-means++ algorithm. The MapReduce initialization algorithm uses only one MapReduce job to 

choose k centers. The results indicate that the proposed MapReduce k-means++ algorithm is much efficient and 

has a good approximation. And the performance of the proposed method increases with the application of fuzzy 

logic.  

For future work, plan is to implement pruning strategy to reduce the expensive distant computations.In 

addition, the proposed method can be extended to the approximation of other centroid based algorithms. Also 

results can be evaluated on different datasets, characterizing the efficiency and scalability.The evaluation of the 

proposed method based on execution time is left for future work. 
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