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ABSTRACT 
Clustering algorithms try to get groups or clusters of data points 

that belong together. The main aim of this research is to improve 

the K-MEANS’ clustering quality by eliminating empty clustering 

issue using the proposed hybrid partitioning algorithm titled 

Improved Hybrid Evolutionary Clustering with Empty Clustering 

Solution (IH(EC)2S) and to do comparison of advanced 

experimental results among three best performing clustering 

algorithms: K-MEANS, H(EC)2S and IH(EC)2S respectively. 

Though, K-MEANS converges fairly quickly, achieving a decent 

solution is not guaranteed. The clustering quality is very 

dependent on the choice of the initial centroid selection; once the 

number of clusters increases, it starts to suffer from Empty 

Clustering issue. We have improved a hybrid partitioning 

algorithm that was proposed previously to remove empty 

clustering problem. Our proposed algorithm has employed 

Scalable K-MEANS++ algorithm in place of K-MEANS 

algorithm as it is efficient than the former one. Firstly, it clusters 

the whole data set. Secondly, it detects the empty cluster. Finally, 

it removes the empty clustering issue. Our analysis portion 

justifies the usages of Scalable K-MEANS++ as the best 

algorithm among all the clustering algorithms in terms of both 

performance and time complexity. Also, we have shown that 

IH(EC)2S gives the better performance than both K-MEANS and 

H(EC)2S. 
 

Keywords: Hybrid Partitioning Algorithm, Big Data, Data 

Clustering, K-MEANS, Evolutionary Algorithm, Scalable 

K-MEANS++, Cuckoo Search Algorithm, Enhanced 

Firework Algorithm. 

1. INTRODUCTION 

Clustering is an unsupervised classification mechanism 

wherever a set of patterns (data), sometimes 

multidimensional, is classified into groups (clusters) such 

that members of one cluster are consistent with a 

predefined criterion. Clustering of a set forms a partition of 

its elements chosen to reduce some measure of difference 

between members of the same cluster. In numerous fields 

such as data mining, pattern recognition, learning theory 

and so on, clustering algorithms are typically helpful. 

Discovering meaningful clusters in data is one of the 

foremost vital aims of unsupervised learning. This research 

focuses on improving a previously proposed algorithm for 

removing the empty clusters. The new improved version of 

the algorithm is titled Improved Hybrid Evolutionary 

Clustering with Empty Clustering Solution (IH(EC)2S). 

Typically, any specific data set does not have an 

unambiguously correct cluster, and the desired clustering 

might depend upon the actual application. Some samples of 

clustering applications are: to cluster connected genes from 

gene expression data to assist elucidate gene functions, to 

cluster news stories by topic to automatically organize 

online news feeds, and to cluster images of celestial objects 

so as to identify different classes of quasars and dwarfs [1]. 

Moreover, there has been a good deal of previous works on 

different strategies for clustering data, as well as 

hierarchical clustering, spectral clustering, K-MEANS 

clustering, and mixture modeling. Probably, the name of 

the most commonly-used clustering algorithm is K-

MEANS. Between each data and its nearest cluster’s 

center, it is the most effective. The K-MEANS finds a 

locally optimal solution by minimizing a distance measured 

for relatively smaller data sets. Many parallel versions of 

the K-MEANS algorithm use the fundamental K-MEANS 
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at their core. Besides, variety of stochastic clustering 

algorithms are being created using the fundamental K-

MEANS or a number of its variations. Fairly often these 

algorithms are based on simulated annealing or genetic 

algorithm while these methods have been widely used in 

practice, many suffer from some serious limitations. For 

example, many of these methods do not provide a coherent 

way to predict the probability or cluster assignments of new 

data points. Here, we have worked towards improving a 

previously proposed hybrid partitioning algorithm: 

H(EC)2S by implementing our newly proposed algorithm of 

the same category: IH(EC)2S , which overcomes K-

MEANS Empty Clustering problem more efficiently than 

the previous one.  

 

The K-MEANS clustering algorithm faces three major 

drawbacks. The first drawback is to get non-optimal 

solutions. As the algorithmic program is greedy in nature, it 

is expected to converge on a regionally optimal solution 

solely and not on the global optimal solution, in general. 

This drawback is partly resolved by applying the K-

MEANS during a stochastic framework like Simulated 

Annealing (SA), Genetic Algorithm (GA) and so on. The 

second drawback is that of empty cluster generation. This 

drawback is additionally referred to as the singularity 

drawback. Singularity in clustering is obtained when one or 

a lot of clusters become empty. The third drawback is 

inefficient data clustering problem where the number of 

data is much lower than other clusters. All of these issues 

are caused by unhealthy initialization.  

 

Here, we have presented an improved version of hybrid 

partitioning algorithm that eliminates the problem of empty 

clusters (with some exceptions) of K-MEANS algorithm. 

At first, the proposed algorithm does clustering of the 

whole data set. After that, it detects the empty clusters. 

Lastly, it removes the empty clustering issue. The proposed 

algorithm is found to be working very satisfactorily, with 

some conditional exceptions which are extremely rare in 

practice. 

 

Contributions of this research are:  
 

• improving the hybrid partitioning algorithm for removing 

empty clusters by applying Scalable K-MEANS++ 

algorithm [2] in place of K-MEANS algorithm in terms of 

running time. 

• justifying the usages of Scalable K-MEANS++ as the 

clustering algorithm including the best running time with 

proper analysis.  

• Showing the performance analysis among K-MEANS, 

H(EC)2S and our proposed improved version: IH(EC)2S.  

 

The rest of this paper is as follows. After this section I: 

brief Introduction, we have discussed Literature Review in 

section II. After that, we have provided Clustering 

Algorithms and Data Analysis in section III; in section IV, 

our proposed Partitioning Algorithm is described. In 

addition, Experimental Result and Discussion is described 

in section V. Lastly, we have discussed the Conclusion in 

section VI. 

2. LITERATURE REVIEW 

K-MEANS [3] is the most generally used algorithm for 

clustering data because of its pertinence and simplicity. 

There are some studies have enforced on optimizing 

completely different objectives of K-MEANS algorithm 

such as Euclidian k-medians [4] and Geometric k-center 

[5]. Minimization of the sum of distances to the closest 

center is the goal for Euclidean k-medians, and 

minimization of the maximum distance from each point to 

its nearest center is the one for geometric k-center version. 

Another research has done to hunt a better objective 

function of K-MEANS [6]. Although, there are completely 

different versions of K-MEANS that may have benefits, 

parallelization of algorithm in a single machine resulted in 

significant performance improvement [7]. Achieving the 

parallelization over multiple machines results in even 

higher improvements. 

 

The framework Map Reduce [8] provides significant 

enhancements of scalable algorithms. There has been many 

studies for clustering large scale data on distributed systems 

in parallel on Hadoop [9]. One such approach is HaLoop 

[10] that is a modified version of the Hadoop creating the 

task hardware loop-aware and by adding varied caching 

mechanisms. Another approach to cluster data in a 

distributed system was using Apache Mahout Library [11]. 

Moreover, clustering of huge data can be done in cloud 

conjointly. The tests were running on Amazon EC2 

instances and also the comparisons were created to realize 

the gain between the nodes [12]. Esteves et al. created 

comparisons over K-MEANS and Fuzzy C-MEANS for 

clustering of Wikipedia massive scale data set [13]. In 

addition, fireworks algorithm, that was inspired by 

observing reworks explosion, is a recent meta-heuristic that 

has been projected by Tan et al [14]. Authors showed that it 

outperforms standard PSO and clonal PSO in experiments. 

Advanced fireworks algorithm is the improved version of 

the fireworks algorithm [15]. Moreover, another meta-

heuristic named cuckoo search has been projected, which 

was galvanized by obligate brood parasitic behavior of 

some cuckoo species together with the levy flight behavior 

of some birds and fruit flies.  

 

A refinement approach is projected, where there is 

beginning of variety of initial samples of the dataset, 

variety of sets of center vectors [16]. These center vectors 

then go through a refinement stage to get a set of these so 

called good starting vectors. In [17], a genetically guided 

KMEANS has been planned wherever chance of generation 

of empty clusters is expounded within the mutation stage. 

Many k-d-tree based methods are mostly found in [18] and 

[19]. Another approach to initialize cluster centers based on 

values for every attribute of the data set has been planned 
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on [20]. These ways are time consuming and may not be 

applicable by keeping the K-MEANS in inherently 

straightforward structure. There is additionally another no 

drawback with K-MEANS algorithm: when the number of 

cluster formation increases, possibility of getting empty 

clusters (locations that do not have any data points related 

to the clusters) additionally increases at every iteration. 

This becomes an ineluctable issue when k >> 1. This issue 

was not addressed completely in most of the studies. 

3. CLUSTERING ALGORITHMS AND 

DATA ANALYSIS 

Clustering algorithms have emerged as another powerful 

meta-learning tool to accurately analyze the huge volume 

of data generated by trendy applications. Especially, their 

main goal is to categorize data into clusters in such a way 

that, objects are grouped within the same cluster when they 

are similar in line with specific metrics. There is a massive 

body of knowledge within the space of clustering and there 

are attempts to research and categorize them for a bigger 

range of applications. However, one among key problem in 

using clustering algorithms for giant data that causes 

confusion amongst practitioners is that the lack of accord 

within the definition of their properties also as a lack of 

formal categorization.  

 

In the current digital era, in keeping with huge progress and 

development of the online world technologies like big and 

powerful data servers, we have been facing a huge volume 

of knowledge and data day by day from many alternative 

resources and services that were not available for human 

beings simply many decades ago.  Huge quantities of data 

are being created and concerning individuals, things and 

their interactions. Numerous teams argue concerning the 

potential advantages and prices of analyzing information 

from Google, Facebook, Twitter, Wikipedia and each area 

wherever massive teams of individuals leave digital traces 

and deposit data. This data comes from completely 

different available online resources and services that have 

been established to serve their customers. In addition, 

services and resources like cloud storages, sensor networks, 

social networks and so on, turn out to have massive volume 

of data and conjointly have to be compelled to manage and 

recycle that data or so mean analytical aspects of that data. 

Though this huge volume of data can be very helpful for 

individuals and corporations; it can be problematic as 

limitations further. They need big storages and this volume 

makes operations like analytical operations, process 

operations, retrieval operations terribly tough and vastly 

time well. Therefore, a massive volume of big data has its 

own overwhelming. A technique to beat these tough issues 

is to possess massive information clustered in association 

with nursing exceedingly compact format that is still an 

informative version of the whole data. Such clustering 

techniques aim to supply a decent quality of clusters. 

Therefore, they might vastly profit everybody from normal 

users to researchers and people within the corporate world, 

as they could offer an efficient tool to deal with massive 

data like essential systems to find cyber-attacks. There are 

mainly five types of clustering algorithm: 

1. Partitioning-Based 

2. Model-Based 

3. Grid-Based 

4. Density-Based 

5. Hierarchical-Based  

Below an overview of taxonomy clustering algorithms is 

presented in Fig.1.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1.   Taxonomy of Clustering Algorithms. 
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Table I: Compliance Summary of Clustering Algorithms 

 

Clustering     

Algorithms 

  Internal Validity External Validity Efficiency     

Problem 

Stability Scalability 

IH(EC)2S Partially Yes Suffer From Suffer From Low 

H(EC)2S Partially Yes Suffer From Suffer From Low 

Scalable K-MEANS++ Partially Yes Suffer From Suffer From Low 

K-MEANS++ Partially Yes Suffer From Suffer From Low 

K-MEANS Partially Yes Suffer From Suffer From Low 

EM Partially Yes Suffer From Suffer From Low 

OptiGrid Yes No Yes Suffer From High 

DENCLUE Yes No Yes Suffer From High 

BIRCH Suffer From No Yes Suffer From High 

 

We can say that Scalable K-MEANS++, K-MEANS and 

H(EC)2S are partitioning-based clustering algorithms from 

Table I. In addition, based on empirical evaluation metrics and 

compliance summary of clustering algorithms, we can say that 

among all the clustering algorithm, Scalable K-MEANS++ 

perform better than others except IH(EC)2S and H(EC)2S. By 

using Scalable K-MEANS++, it is easy to calculate clustering 

center and improve poor clustering quality of K-MEANS 

algorithm. It creates possible functions in the basis of distance. 

In addition, Scalable K-MEANS++ algorithm works quickly 

than that of K-MEANS algorithm and save time of clustering. 

4. PROPOSED HYBRID PORTIONING 

ALGORITHM 

Here, we have discussed all about our proposed algorithm 

description step by step. Our proposed model titled Improved 

Hybrid Evolutionary Clustering with Empty Clustering 

Solution (IH(EC)2S) consists of three different algorithmic 

parts: A) RC part, B) EFC part and C) CSC part. 

 

A. Representative Construction (RC) Part  

Representative Construction (RC) Part selects the represen- 

tative values for each data sample and eliminates outliers. To 

do this, it first find distinct data points from discrete values of 

each dimension and map them to specific representative value. 

They are less than certain threshold according to outliers [21]. 

 

B. Enhanced Fireworks Algorithm for Clustering (EFC) 

Part 
 

Enhanced Fireworks Algorithm for Clustering (EFC) Part 

selects the good initial points among the selected 

representatives at the previous part. It detects the empty 

clusters by searching the representative without any data 

points [21].  

 

C. Cuckoo Search Algorithm for Clustering (CSC) Part 
 

Cuckoo Search Algorithm for Clustering (CSC) part keeps 

updating the new fireworks to pass that to next generation and 

eliminates the clusters that marked empty by Enhanced 

Fireworks Algorithm for Clustering Part [21]. 

5. EXPERIMENTAL RESULT AND 

DISCUSSION  

A. System Implementation Environment 

Data science, analytics, machine learning, big data are all 

acquainted terms in todays’ tech headlines, however, they can 

appear discouraging, opaque or just simply not possible. We 

can dive into what information science consists of and how we 

can use Python to perform data analysis for us. Data science is 

a massive field covering everything from data assortment, 

cleaning, standardization, analysis, visualization and 

reporting. There are many alternative positions, firms and 

fields that touch data science. 

  

The tools that have been used for the experimental procedure 

are:  

• VM WARE  

• Data Sets ( Irish, Crude Oil and so on) 

• Canopy IDE  

• NoSQL 

• Hadoop 

• Data Science Library  

• Python Library  

Algorithm 1:IH(EC)2(Improved Hybrid Evolutionary 

Clustering Algorithm Empty Clustering Solution) 

1. Run Representative Construction (RC) Part  

2. For t =1 to itermax do 

{ 

1. Run Enhanced Firework Algorithm for   

Clustering (EFC) Part  

2. Run Cuckoo Search Algorithm for 

Clustering (CSC) Part 

 } 

 

3. Run Scalable K-MEANS++ with the best 

firework 
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• Python Framework  

 

The overall system design is presented in Fig. 2. Here, we 

have used VM WARE for creating our Virtual Big Data 

Environment. Python has emerged over the past few years as a 

front-runner in data science programming whereas there are 

still scores of folks using R, SPSS, Julia or many various 

common languages. Python growing quality within the field is 

clear within the growth of its data science libraries. That is 

why, we have used the Python programming with canopy IDE 

for this research to improve hybrid partitioning clustering 

implementation. There have been used different types of 

Python Libraries such as: Math Plot Pyplot and so on. IPython 

has been used as a Python Framework. In addition, distributed 

computing has been used for system implementation. The 

main server has been connected with Big Data storage (Data 

Warehouse), Canopy IDE and Hadoop respectively. NoSQL 

(MongoDB) has been used as a Standard Query Language 

(SQL) in Big Data Storage where different types of data sets 

are available such as: Irish Data, Spherical 4 3, Circular 5 2, 

Elliptical 10 2, Circular 6 2, Color Moments, Crude Oil and 

Breast Cancer and so on. We have used Hadoop for creating 

distributed data management system where Spark is used as 

for Map Reducing Framework. Scikit has been used as a data 

science library. N sub servers for N clusters have been used 

here as well.  

 

 
 

Fig. 2. Design of the system implementation environment 

B. Result Discussion on Used Data Sets  

In our result analysis part, we have compared our result with 

the previous study [21], where the authors of the previous 

study compared the performance of H(EC)2S and K-MEANS 

algorithm specifically. We have added our result with 

IH(EC)2S algorithm with the result analysis done by previous 

study and have shown that in Table II, Fig.3., Fig. 4. and Fig. 

5. respectively.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

It is noticeable that, from the TABLE II which shows the 

iteration numbers and metric values of used data sets. The 

iteration number reduces for the higher metric value by using 

H(EC)2S than K-MEANS on the different types of data sets and 

our proposed method reduces the number of iterations further. 

For example: in Color Moments data sets the iteration number is 

153 by implementing K-MEANS while the number is 97 by 

implementing H(EC)2S , where our method IH(EC)2S required. 

Only 72 iterations are lesser than the both. In both of the cases, 

the Metric Value is higher than other data sets in the given 

TABLE II. Similar situation occurs for Elliptical 10 2 and Crude 

Oil 

datasets. For Elliptical 10 2 dataset H(EC)2S has used 9 iterations 

in comparison to 11 iterations for H(EC)2S and 13 iterations for 

K-MEANS. For Crude Oil dataset IH(EC)2S has  used  9  

iterations  in  comparison  to  11 iterations for H(EC)2S and 15 

iterations for K-MEANS. However, the opposite is right for 

lower metric value in most of the cases such as in Iris data sets, 

the iteration number is 6 by implementing K-MEANS whereas 

the number is higher by 5 by implementing  H(EC)2S . IH(EC)2S 

metric gives better performance than the H(EC)2S even in these 

cases. However, for lower metric value IH(EC)2S method is still 

lagged behind the K-MEANS algorithm. In Iris data set, the 

metric value is lower than other data sets in the given TABLE II. 
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C. Performance Analysis 

 

Fig. 3. Accuracy Rate Analysis among K-MEANS, H(EC)2S and 

IH(EC)2S. 

Fig. 4. Percentages of Accuracy Rate among K-MEANS, H(EC)2S and 

IH(EC)2S. 

 

The accuracy rate of the output result between K-

MEANS, H(EC)2S and IH(EC)2S represent in respect of 

Data size and Accuracy Rate in Fig.3. The percentage of 

accuracy rate of the output result of IH(EC)2S, is much 

higher than that of K-MEANS and H(EC)2S on the big 

data size. For example, when the data size is around 1 

GB, the performance of IH(EC)2S is nearly equal to both 

the H(EC)2S and K-MEANS algorithm. However, the 

accuracy gradually increases as the volume of the data 

size increases and for data size above 20 GB. From both 

Fig. 3. and Fig. 4., We have achieved accuracy about 

83%, 61% and 36% respectively. H(EC)2S and K-

MEANS algorithm. However the accuracy gradually 

increases as the volume of the data size increases and for 

data size above 20 GB we have achieved accuracy about 

83%, 61% and 36% respectively.  

 

D. Time Complexity Analysis 

The comparison of time complexity between IH(EC)2S, 

H(EC)2S and K-MEANS with respect to Data size (GB) 

and Time shows in Fig. 5. 

 
Fig. 5. Time complexity comparison among K-MEANS, H(EC)2S and 

IH(EC)2S. 

 

The original K-MEANS clustering algorithm has much 

higher time complexity than that of IH(EC)2S. In 

addition, IH(EC)2S is also better than H(EC)2S in respect 

to time complexity. On the similar note, as data volume 

increases, the gap among the three algorithm for time also 

increases. For example: when data size is around 2 GB, 

time complexity for the three algorithms are very close 

and they require nearly same amount of time. However, 

when data size is near 20, time complexity between 

IH(EC)2S to K-MEANS is almost twice and between 

IH(EC)2S to H(EC)2S almost one and half times. 

6. CONCLUSION 

Improving the performance of K-MEANS algorithm by 

removing empty clusters could be a significant research 

innovation within the domain of Data Science. Careful 

selection of centroids can remove the empty clustering 

problem. Our research has tried to improve a proposed 

method which attempted to ameliorate clustering by 

removing empty clusters. Moreover, our proposed 

improved hybrid partitioning algorithm has run time 

advantage over the previously proposed method H(EC)2S 

as we have used Scalable K-MEANS++ in place of K-

MEANS for the convergence with best fireworks. 

Moreover, Scalable K-MEANS++ eliminates the poor 

clustering choices of K-MEANS. For this we have shown 

with analysis that partitioning algorithms work better for 

clustering and among them Scalable K-MEANS++ is the 

best on the basis of its performance. We have 

implemented our proposed method and it shows that 

iteration number decreases especially for the large data 

sets than K-MEANS and H(EC)2S. In future, we are 

wishing to develop several trendy and advanced 

clustering frameworks. Moreover, we will investigate the 

question: how can the most suitable parameter settings be 

found for each clustering algorithm? 
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