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DG-Means – A Superior Greedy Algorithm for Clustering Distributed 
Data 

 
 

Ali Assaf 
 

ABSTRACT 
 
     Clustering is the process of dividing a set of objects into several classes in which each class is 
composed of similar objects. Traditional centralized clustering algorithms target those objects that 
are located in the same site, whereas it cannot perform on distributed objects. Distributed clustering 
algorithms, however, can fulfil this gap. They extract a classification model from the distributed 
objects even when they are in different sites and locations. In today’s life, and due to the trend of 
storing data on different locations and sites, the popularity of distributed data is getting 
tremendously booming. It seems to be one of the most prevailing fields in the coming decades, 
especially with the huge amount of data propagating throughout the web. Even though a lot of 
research and work was done on this topic, it is still considered in its infantry because of the 
challenges that is still popping up such as bandwidth limitation, transferring data to single site and 
many others. In this work, we present DG-means, which is a greedy algorithm that performs on 
distributed sets of data. Three datasets - Wholesale dataset, Banknotes dataset, and Iris dataset are 
used to compare multiple distributed clustering algorithms on different matrices: runtime 
execution, stability, and accuracy. DG-means exhibited superior performance when compared to 
the other algorithms. 
 
Keywords: Clustering, K-means, Distributed clustering, G-means, Data mining. 
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Chapter 1 

Introduction 

 
 

The consumption of data and its services have dominated the technology era we live in 

today [1]. Old computing methods have grown increasingly hard to process the quickly 

expanding data sizes due to the massive volume of info and the hardness of repetitive 

computations in operation. As a result, developing a clustering method for platforms with 

distributed nature clusters has turned into a pressing issue [2, 3]. On the other hand, more 

dominating challenges are being imposed on data analysis and knowledge discovery. 

Algorithms are commonly used in data mining to uncover the underlying meaning hidden 

underneath the explicit aspects of large datasets [4]. Most existing big data systems are 

composed of distributed computing and storage components. The big data platform's computer 

resources are employed to facilitate big data analysis; the most typical technique is to 

parallelize the algorithm [5, 6]. As a natural process of classifying vague data, clustering may be 

employed in the preparational stage of data as well as in the process of data mining, whether 

it's classic data mining or analysis of data in environment of huge data. Cluster analysis, on the 

other hand, confronts several obstacles in the big data context. The environment of data 

sometimes triggers some of these issues, while others are caused by the clustering process. The 

capacity to work with varied kinds of data, massive high dimensional records, and row data; the 

efficiency of repetitive runs of clustering methods; the technique extendable ability, and the 
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impact of the clustering model of assessment; and different concerns have arisen as a result of 

these hurdles. The clustering problem may be solved using k-means [7]. Thanks to its easy 

principle, the simple implementation, and the speed of convergence that is considered fast, the 

k-means technique of clustering has been widely utilized.  

Nonetheless, there are several issues with original k-means: the arbitrary picking of the 

initial centers helps in putting the outputs of the clustering into an optimal local solution, 

resulting in unstable outcomes. In addition, for big data analysis of clustering, it is proven that 

the efficiency of implementation is not good. Given these shortcomings, huge research efforts 

have been numerous researchers have been implemented to enhance and develop the 

clustering algorithm of k-means. When it comes to mining techniques, clustering analysis is one 

of the most widely used ones [8]. To cluster data into numerous groups made up of similar 

units, and to implement the process of clustering, k-means utilize an unsupervised learning 

technique. There are some common clustering analysis methods like: clustering based on 

partition such as k-means[9], clustering with a hierarchical approach, for example Birch[10], 

and clustering using density-based such as DBSCAN[11]), and grid-based clustering as Sting[12]. 

The kind and amount of data are expanding as the big data era progresses, and the traditional 

clustering method with centralized approach failed to match customers' demands to bring 

accurate and efficient results when analyzing big data. In the subject of clustering algorithms, 

improving existing clustering algorithms and implementing distributed parallel computing has 

become a research center. 

Talking about big data context, data has massiveness, sparseness, and high 

dimensionality, to name a few features. Furthermore, the distributed system-based big data 
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processing platform provides ample computational and storage resources for enormous data 

processing. In the complicated big data environment, one of the hot topics that has emerged is 

the efficient employment of processing ability for parallelized and distributed computing setups 

to increase the impact of old mining methods and deliver more rapid analysis services of data. 

The amount of data that may be streamed is theoretically infinite, and it is neither 

rational nor practical to keep all of it on a single system. As a result, the algorithm's 

computations for streaming information could as well be done online and in one pass, and they 

might as well need minimal memory for execution. The need for small memory is concentrated 

on portable devices or sensor system hubs [13]. We aim towards the issue of rapid techniques 

of clustering on huge datasets that are out of core in this work, leveraging single or small 

attempts through the complete container of the data, away from compromising the results. The 

approach we followed is based on k-means clustering but with a little twist. 

Macqueen invented the k-means grouping algorithm in 1967, and Hartigan improved it 

subsequently [14]. Bottou and Bengio illustrated how k-means computations and Algorithms 

techniques might coexist [15]. It's been suggested that it's particularly useful for applications 

that are commonly used and a frame of sensible provisions. Although the technique followed 

by k-means method deals with data within memory, it might efficiently be broadened to treat 

datasets with occupants outside the memory. k-means has a main problem in computation that 

it does a single query through the whole dataset on each cycle, and it takes a lot of cycles to get 

a good result. Due to this, it became relatively expensive to adopt, especially with very big 

datasets located on local drives. Various computations or approaches are used to keep track of 

how to reduce the attempts needed by k-means. These approaches, on the other hand, only 
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provide educated guesses to the way of the outcomes. One of the main advantages of k-means 

is that it fits a local minimum, which is not correct for approximated versions [16]. In this way, 

an important question arises: Can we have a calculating approach that requires fewer runs 

through the whole dataset while producing the same convergence outcomes as the core k-

means algorithm? 

 

1.1 Scope 

k-means is a technique for clustering that use the unsupervised approach. It separates 

data with no labels into a predefined set (the "k") of different categories. This means that k-

means can detect objects with similar attributes to cluster them together. A clustering model is 

said to be successful when it identifies clusters with similar observations within each cluster 

than the clusters themselves. There are several instances when automatic data grouping can be 

quite beneficial. The algorithm's intuition is actually rather simple. To begin, we select a value 

for k (the clusters’ number) and then a centroid (central coordinates) for every single cluster at 

random. Then we iterate the following procedure: 

• Assignment step — Assign each node to it’s nearest centroid. 

• Update step — Update the centroids to be the center of their allocated nodes.  

We keep repeating these two steps until the clusters are no longer changing. The algorithm 

has now reached a point of convergence, and we may extract our final clusterings. The centroid 

assignment is one of the common challenges that we face while dealing with k-means. The 

initial assignment of centroid that is done by k-means is done randomly, and this is what may 
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lead to a totally wrong clustering. Let us see the below figure and how should the logical 

clusters look like along with their centroids: 

 

Figure 1 Ideal clustering with centroids 

 

However, after randomly selecting the centroids, the algorithm might assign them as the 

following and end up in an impaired clustering (see figure 2): 
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Figure 2 K-means clustering (k=3) 

 
For that purpose, we rely on the G-means algorithm that contributes to an enhanced k-

means algorithm that itself resorts to a greedy approach. This algorithm uses the same 

functionality as the original k-means but introduces a variation that takes into consideration the 

neighboring vertices. G-means initiates the centroids selection based on a greedy approach. 

The enhancement in this method will not impact the similarity functions used in the original k-

means and will keep using them at a later stage, just like the typical k-means does. The 

complexity of G-means will remain the same as k-means, but the entropy, F-score, and overall 

running time will improve when the datasets become larger. G-means algorithm will be 

discussed in more detail in later sections of this study. 
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1.2 Contribution 

The amount of information that individuals may access has expanded enormously as the 

internet has greatly developed. Among the topics that are currently booming in the theory of 

computer information is how to get knowledge from enormous volumes of data. Clustering has 

steadily gained considerable attention in recent years as an essential aspect of mining the data. 

One advantage of clustering is that it has the benefit of lacking previous knowledge, where 

information may be gathered depending on the normal distribution of data, as opposed to 

other data mining approaches [17]. Partition, density, stratification, grid, and model are all 

forms of clustering techniques. The data set may be divided into many groups using cluster 

analysis [18]. The k-means algorithm is well-suited to deal with vast volumes of data and high 

dimensions that are highly featured, and it has a low data reliance. As a result, k-means became 

a very popular technique of clustering [19]. However, k, which must be previously selected 

before being initiated, is decided solely by the expertise of the developer, which will have an 

impact on clustering efficiency and trustworthiness of the findings [20]. The initial random 

selection of centroids will affect the stability of results in clustering [21, 22]. Recently, and in 

order to perform data mining methods on distributed networks, an enormous amount of 

research on the level of big data was conducted. Another compelling reason was to enhance 

them to meet actual needs. As a result, to counter the selection of initial centroids with the 

functionality of distributed data, our algorithm was developed. In this work, we aim to upgrade 

the G-means algorithm to be applied to distributed datasets. For that, the DG-means algorithm 

will be introduced and extensively discussed throughout this report. The new algorithm will 



  8 

develop an improved version of G-means to be compatible with distributed sets, similar to 

many other techniques that target the trend of today, the big data. 

Our contribution in this report is as follow: 

• Use the modified centroid selection method using greedy approach. 

• Implement this selection method on distributed data. 

• Develop the new method using Spark technique. 

• Prepare for wider scope for performing such methods on live data. 

 

1.3 Organization of the Report 

The report was organized as follows: Chapter 2 presents the background of k-means and 

G-means, where we will go in-depth with their explanation. Chapter 3 (Related work) puts 

further attention to G-means technicalities along with the discussion of another distributed 

algorithm (SOCCER), in addition to highlighting some other methods. The SOCCER algorithm 

was adopted for the huge benefits that it brought for our study especially when it comes to 

distributed datasets. Chapter 4 presents the DG-means algorithm and approach, providing an 

example and illustrating the complexity comparison. In chapter 5, experimental results will be 

demonstrated to better present the work done. At the end, chapter 6 will deal with the 

conclusion and future works. 
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Chapter 2 

Background 

 
2.1 k-means Definition 

In order to gain a well-developed comprehension of the structure of the data, clustering 

comes into the game as a famous tool for data exploration. This means that it is an exercise of 

extracting subgroups in a certain dataset in such a way that data points within the same group 

look like each other with a high dissimilarity with other points in another cluster. To express it 

in a different way, we try to pursue uniform clusters in the given dataset so that elements of 

each subgroup are extremely similar when examined on any metric of similarity, such as 

Euclidean-based distance. However, the application itself affects the decision of the metric of 

similarity to be utilized. The analysis of clustering might be practiced on either features or 

samples. The first is when the engine attempts to find clusters of samples, while the latter is 

when we need to cluster features based on samples. Unlike the supervised approach in 

learning, clustering follows an unsupervised technique. The absence of true values to be used 

for validation forced the algorithm to adopt such an approach. All that we want here is to 

observe the structure of the data by clustering the samples into different homogenous classes.  

The method utilized by the k-means algorithm is the splitting of a dataset into a 

predefined number of clusters that are unique with no overlapping in their elements. The 

method tries to create different clusters with similar featured datapoints, while assuring the 

distinction of clusters to the maximum possible. It assigns elements for each cluster in a manner 
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where the summation of their distances squared to the center is ultimately minimized. Then, in 

a cluster, the similarity of the datapoints reflects the low variance within these datapoints. That 

is, the relation between variance and similarity in each cluster is inversely proportional, the 

lower the variance means the higher the homogeneity. The following expresses how the k-

means algorithm works: 

• Assigns the number of clusters k. 

• Set initial values for centers by iterating the dataset and then selecting random k points 

for the centroids. 

• Keep performing until no change exists for the centroids. 

• Do the calculation of the sum of the distance between all the points and the 

corresponding centroids. 

• Allocate each datapoint to the nearest centroid. 

• Calculate the average of all datapoints that belong to a certain subgroup and recompute 

the centroids. 

Since of the nature of the k-means method which is iterative, and the arbitrary selection 

of centroids at the beginning of the process, different starting arrangements can get different 

clusters because the k-means algorithm may stick to a local minimum instead of converging 

into a global optimization. Accordingly, the best scenario is to have various centroids 

initializations then pick the run that resulted in the least sum of squared distance.  

The k-means algorithm is widely utilized in a broad set of applications, market 

segmentation, clustering of documents, compression, and segmentation of images, etc. If 

clusters are shaped like a sphere, it does an excellent job at representing the structure of the 
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data and can perfectly cluster accordingly. It always seeks the surround the centroid with a 

sphere-like shape of data points. It means that when the structure of data is complex, k-means 

does not do a good job in clustering the data. k-means is on top of the widely used clustering 

techniques, and it's often one of the first choices that people think of when they are practicing 

clustering applications to achieve a sensible structure of the data. The objective of k-means is to 

split data points into separate subgroups that do not overlap. Furthermore, it does not seek any 

advantage in learning the number of clusters from the data, but this should be assigned by the 

developer. 

 

2.2 G-means Definition 

The aim is to briefly introduce the G-means algorithm and spot its differences from the 

traditional k-means. This algorithm has the purpose of facilitating the selection of the initial 

centroids by adopting a greedy technique [23]. As all know, there is the main issue with k-

means that is the selection of the array of centroids at the beginning of the process, and this is 

what G-means will target. Hence, G-means will take the first attempt to do the necessary 

calculation for all existing datapoints having the highest degree in the given dataset. By this, we 

say that we set the primary setup of how the subgroups must appear. With the next run, all the 

single clustered centroids will be dropped, then the cluster centroids that have the highest 

similarity function will be selected and will be considered as true centroids. After what was 

performed, the iteration process on the rest of the points will begin to check if any change will 

occur afterward. This step will adopt the natural technique that k-means usually follow with the 
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distance function as well as with similarity one [24, 25]. The major concerns that G-means asks 

are:  

1. When do we perform the computation of the initial centroids with the greedy approach 

usage?  

2. What kind of attributes will be filled in the array of centroids?  

3. Will these attributes contribute to saving computational time on dataset reading? 

4. Are we going to detect indications of reaching identical results as traditional k-means 

without the need to involve the randomization of k-means? 

These questions along with some further exploration of G-means algorithm will be 

highlighted in the next chapter of this study. It will be conducted with other methods before 

introducing the enhancement that is the outcome of this work.  
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Chapter 3 

Related Work 

 
3.1 G-means 

 
The naming convention behind G-means was adopted due to the usage of a greedy 

approach for the traditional k-means algorithm, taking G from Greedy and the term means 

from k-means. This new algorithm will inherit the same distance and similarity functions from k-

means [23]. The basic input of this problem is a graph G(V, E) with k as a constant, the set of 

vertices is represented by V, and E represents the edges or connections between vertices. In 

addition, we must indicate that this graph is of the undirected type and what the maximized 

clusters must be outputted. There are seven computation phases of this algorithm: 

 

1. This is the greedy part of the algorithm by which it passes through every single element 

and identifies those that have the highest degrees. 

2. These elements will be compared and considered with respect to the number of clusters 

k. 

3. Goes by each element and calculates the similarity and distance to the corresponding 

centroid of the given cluster. 

4. After reading, every node has one option of the below: 
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a. It can be assigned to the same cluster of the centroid, meaning that the 

algorithm will not go through it again. 

b. It will be visited again because the distance function indicates that it might 

belong to a different cluster. 

c. Be assigned as a centroid due to its advantage over the given centroid in terms 

of similarity and distance function. This case is not common, but it could happen 

because we are considering the highest degree elements to be assigned as 

centroids.  

5. Keeps the iteration process but takes into consideration part b of the algorithm, where 

this set of points might eventually be considered as “Boundary points”. They will have 

special terms that we will deal with them in a different approach. 

6. Double-check if the iteration does not do any modifications to the array of centroids, if 

so, then it will not proceed further and will be declared as being converged and prints 

the array of centroids. 

7. In order to print the clusters, we need to iterate once the centroids array to unify the 

color of centroids to the color of the elements allocated to the corresponding cluster. 

 

The algorithm’s procedure and how it works will be demonstrated using the following 

example. This example was extracted for [23] to elaborate on this method: 

Figure 3 illustrates phase 1, that is the original distribution of the graph; the circles in this graph 

represent the elements within the given space.  
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Figure 3 Initial distribution [23] 

 
In the second phase, and regardless of the selected k [23], the algorithm will pick the 

elements with the highest degree. Figure 4 illustrates these selections with red marks on them. 
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Figure 4 Selection of initial centroids [23] 

 
At this stage, a comparison between the selected centroids with the k is assigned to 

return a specific number of elements within the array of centroids. k=3 will be assigned for the 
sake of simplification. 

 
Figure 5 shows the centroids selection when k=3. Taking the distance function into 

account, the selection was conducted in accordance with the highest number of nodes in each 
cluster. 
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Figure 5 Centroid selection, k=3 [23] 

 
For simplicity purposes, let us presume that the centroids will stay static. Thus, the 

elements will be colored with the same color as the centroid of their cluster.  
 
Figure 6 demonstrates the convergence of the algorithm illustrating three clusters, with 

the three centroids having black circles around them.  
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Figure 6 Convergence of the algorithm [23] 

 
3.2 SOCCER 

SOCCER works by performing a loop, by which, at every iterative attempt, the 

coordinator will receive sub-samples of the points from every machine. In return, the machines 

will receive from the coordinator the assigned datapoints along with a certain threshold 

selected. After that, the machines will be responsible for the removal of the points that have a 

smaller distance from the assigned threshold from their data, each on a separate mode. This 

process will keep repeating until each machine satisfies the minimum volume needed before 

fully storing the remaining points back in the coordinator. The sub-samples that the coordinator 

receives from the machines will be used to play to the role of input to the k-means clustering 

technique, which is a black box for the coordinator. Afterwards, an estimation of the truncated 

cost for k-means will be computed for the centroids that were picked from the whole data. The 
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threshold that will be used by the machines for the purpose of points removal from their 

datasets will heavily resort to the previously estimated figure. This whole process of cost 

estimation and threshold calculation is in reference to a method proposed first by Hess et al. 

[26]. This technique approached a new method of clustering in the application of centralized 

clustering. The estimation followed by Hess et al. was utilized when dealing with a set of points, 

to highlight the on the fly centroid selection. In spite of resorting to a whole new objective, 

analysis revealed that such estimation can enhance the performance when working on 

distributed setup. 

While iterating, the SOCCER algorithm urges the machines to initiate two sub-samples 

for each of them and each from its own dataset. Namely P1j and P2j machine j, for example. 

These sub-samples will be shared with the coordinator. They will be drawn in an independent 

manner and randomly from the machine’s current dataset. The sizes of these samples are 

determined in a way that the total number of nodes forwarded to the coordinator by all the 

machines is η(ǫ). After that, these pairs of sub-samples will be merged together by the 

coordinator into sets P1 and P2. Next, the method starts calculating k-means clustering on P1 

by the use of A, denoted C (iter), and with the use of the trimmed cost of C(iter) on P2 it 

computes a threshold: For the sets S and T where S ⊆ X and T ⊆ X in addition to an integer l, the 

cost l(S, T) is the I-truncated cost on S by T, this denotes the overall cost of the cluster after 

dropping the l points in S that were responsible for most of the cost. The addition of C(iter) to 

the output set C(out) is performed by the coordinator, where it also sends v and C(iter) to every 

single machine. Afterward, the machines will take care of their own datasets by removing the 

nodes that have distances that are less than or equal to √v from the C(iter). Thus, to guarantee 
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the ultimate approximate factor, we consider those points that are close enough (at most √v) to 

the certain center in C(iter). Finally, the loop will terminate and sends the remaining points to 

the coordinator as a result of sufficient points removal in each machine.  

The coordinator will then calculate a k-cluster on each of the machines and insert the 

output centroids to C(out). We realize that the major obstacle in the calculation is when the 

machines need to compute the distance of their stored datapoints to the points that were 

announced by the coordinator. Thus, for this challenge to be manageable, the set of 

broadcasted nodes should be as minimum as possible. For huge data sets, the prerequisites for 

calculation for machines in SOCCER are less in terms of magnitude orders than those of Hess et 

al. [26]. Other factors like C(iter) and v are computed in a similar way to the algorithm 

approached by Hess et al. [26], which was mentioned above. The constants’ enhancement has a 

high significance and importance in practice: SOCCER uses these constants. If they would be of 

high volume, as is the method of Hess et al., then the practice of SOCCER will not meet the 

expectations. For example, the removed outliers were a lot when computing the truncated cost 

with Hess et. al. However, with SOCCER, if the same figures were used, it would have 

implemented a reduction in points removed, which will lead to a huge number of iterations. In 

addition, without thorough examination, it is hard to modify these constants because of the 

independent manner they have. In order to make enhance the practicality of the algorithm by 

deploying the appropriate practice for constants, many challenging quantities with a 

sophisticated balance is needed. 
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3.3 PSO (Particle Swarm Optimization) Algorithm 

The author in [27] proposed Particle Swarm Optimization (PSO) technique for extracting 

the ideal performance of k-means clustering, and to enhance the clustering accuracy. For 

improving the execution efficiency, it uses the approach of Hadoop and MapReducce in 

distributing and calculating nodes and distances. However, the method is prone to local 

optimum, and it is required to tackle the issue of the determination of parameters. Also, the k-

means algorithm must be called and generated repeatedly, and every attempt must get to the 

dataset, while memory storage is barely provided by the MapReduce framework, so the 

improvement of the degree of efficiency is limited. 

It was emphasized in [28] that PSO is a technique that relies on a stochastic approach. It 

imitates the social behavior of animals, mainly insects and small other animals. These swarms 

conform to a collaborative technique to look for what to eat, and everyone in this group 

updates the method that they are building while fetching in accordance to what is learned by 

experience and the neighbors as well. Typical illustrational thought of PSO is mainly related to 

few researches: First is the algorithm of revolution, where PSO utilizes a swarm approach that 

makes it to fetch a huge area, at the same time, in the pool of solutions offered by an objective 

function that was optimized. Second is fabricated life, along with the traits of life, it examines 

the synthetic structure. Millonas [29] suggested a list of fundamentals in the construction of the 

unreal swarm setup while examining the attitude of animal’s social behavior in his theory, in 

cooperation with computational assistance: 

1) Proximity: relative allocation and timings must be held by the swarm. 
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2) Quality: in terms of quality change in the environment, the swarm must be sensible in 

response to it. 

3) Diverse response: limiting the way to narrow the scope of getting the is prohibited for 

the swarm. 

4) Stability: the swarm should not change its behavior mode with every environmental 

change. 

5) Adaptability: they must be able to amend the trend when this amendment is necessary 

and has advantages.  

 

Take into account that the last two principles have correlated connection to each other.  

The manufactured system has basic features that are well presented in the five discussed 

attributes. Elements In PSO can update their locations and speed with respect to any update in 

the surrounding, meaning that the proximity and quality are well met here. Additionally, there 

is no limitation to the movement of the swarm in PSO, yet consistently fetching for the ideal 

resolution amongst what is possible. Nodes might maintain a consistence move while in the 

search stage and in order to meet the trend in the swarm. Therefore, the five principles are well 

achieved by the swarm systems. 

 
3.4 DK-Means 

k-means clustering technique is extensively utilized due to many factors: simple when 

being implemented, ease of premise, and fast time in converging. Nonetheless, the normal k-

means faces many challenges: the arbitrary initial centroids picking puts the algorithm in the 



  23 

danger of sticking to a local minimum, which may result in poor clustering; also, dealing with 

big data is not efficient enough due to the poorly implemented methods. Due to these flaws, 

the huge number of studies are stressing to enhance and optimize this method. A different 

technique of k-means initial clustering center selection was suggested by Xie Xiujuan et al. [30] 

that resorts to density. 

The density-based k-means distributed clustering method (shortly named DK-means) is 

a type of method that may be used to cluster data having a uniform density distribution. The 

algorithm's main idea is to compute the distance among the nodes in a data set, determine the 

density of all the nodes using the function of density, choose the node with the highest return 

as its primary centroid, and drop the nodes that are near to it from the dataset, reiterate the 

process to find k centroids. To increase clustering accuracy, the algorithm evaluates the density 

of nodes and selects those with the highest density as the centroids. The parallel technique is 

achieved by merging the MapReduce architecture with the Hadoop platform to boost clustering 

execution efficiency. Using DK-means for clustering datasets with different densities of 

distributions, there is a possibility to choose numerous samples from the high dense cluster as 

initial centroids, but that is clearly not the best choice. At the same time, while hitting the data 

set multiple times in the phase of iterating, the unresolved k-means method consumes a lot of 

I/O, resulting in low clustering efficiency. 

Before initiating the matrices of similarities, the algorithm calculates the mean similarity 

among all objects. The main object is the one with a similarity that exceeds the threshold 

indicated. Select the first core object as the primary centroid, the top unsimilar core object as 

the second, and keep doing this until k centroids are discovered, and by monitoring the 
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centroids with the best quality we increase the accuracy. Such an approach, however, strictly 

enforced constraints to determining similarity criterion. The level of the first cluster center 

selection is directly proportional to the quality of the setting. Simultaneously, another similarity 

threshold is required for every case or exercise meaning that it is not global. 

 

3.5 Density-based Clustering Algorithm for Distributed Datasets using Mutual k-

Nearest Neighbors 

Distributed Databases is a database saved on many machines that are located in one 

physical address or maybe spread over a network of connected machines. To the contrary to 

parallel techniques, where CPUs are well connected to form a single database system, a 

distributed database system comprises slightly connected locations with the absence of any 

physical elements. Talking about the distributed setting, we can say that database D has an 

implicit definition in n databases that are explicitly connected Dis stored in n separate locations. 

Database Di is modeled at the ith location by a relationship that contains many tuples. 

Databases with local storage can be granted calculation, whereas the normalization of data 

does not necessarily perform for this setting. The collection of tuples formed by the joining 

function applied on all Dis is the superclass of the implicit database D, where all the calculations 

will take place. In addition, turning the tuples of D into explicitly can’t be feasible at any 

location because the whole local DBs, Dis, can’t be transferred to a single place. Thus, it is a 

must to specify in an implicit way the tuples of D; this results in an issue that was addressed by 

the preservable mining algorithm that deals with privacy. Undoubtedly, it is required to have an 

algorithm that is effectively developed to deal with the clustering assignment of data points 



  25 

lying in a space that has locations with various densities, in specific those that are located in 

locations that are geographically far. The majority of algorithms were implemented and 

configured to suite the datasets that are located on the same site. It is hard for these 

techniques to counter data that is located in multiple sites, and also the transfer of data 

towards single site is another exhausting task. Due to many considerations like the volume of 

data, the ownership, privacy, and security issue, we say that transferring data is a hard exercise. 

When dealing with training datasets, nodes that belong to a certain group might have a 

different density from nodes that are part of another group. Therefore, in a similar scenario, it 

is complicated to classify the whole dataset to a specific class because of the different densities 

for each group. To perform a proper classification, a smart classifier is needed that is sensitive 

to this identity that we have mentioned. With the current classifying techniques, there are 

problems from this aspect. Before ideal outputs are to be generated, these classifiers have a lot 

of parameters to configure. Looking at Figure 7, the data space has two classes. The class that 

contains R1, which is very dense, and the other class that contains only point Q, which is away 

from that dense class. Performing the original k-nearest neighbor classifier, and having k as 1 to 

classify point P then P is considered a member of the class that has point R1 in it because it is 

closer to P than any other point. However, it is obvious that this point does not belong the that 

class but to the other one that contains point Q. KNN will classify points P and Q in same class. 
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Figure 7 Class1 contains blue points, Class 2 is green point and P is Query 

 

Looking at similar problems requires a design of an algorithm that can deal with the 

clustering from the density aspect. This will definitely impose a new challenge. With the often 

appearance in real life of having multi-dimensional points, it is a fact that the task is harder than 

expected.  

A suggested approach to handle this difficulty is to transfer all the data points to a 

central location and then to execute the same algorithm. With the fact of how applicable and 

feasible this technique is, the issue is in the cost of transferring the data and how exhausting it 

is in terms of computation. In addition, another concern is privacy, where some remote 
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locations might not agree to move their data due to some security concerns. The size of the 

data is also another challenge. Therefore, what is required is a powerful algorithm that deals 

with further computations that occur at each distinct location and then transfers the minimum 

info needed to a centralized machine meaning the reduction of the cost of communication. The 

novel algorithm makes sure to preserve the privacy and security of data at each location 

because of the minimum information needed to be transmitted and being exposed to other 

locations. This algorithm puts an extra load on remote locations than the work that is assigned 

to the central machine. Hence, this is what will be called the decentralized method.  

Density-based clustering has never seen an algorithm that inherits this technique. Some 

algorithms deal with clustering partitioned databases but have limitations on the partitioned 

data, such as [31,32]. Some other present methods for clustering when we have locations that 

comprise distinct features. The work in [32,33] treats k-means from a privacy-preserving aspect 

for distributed databases.  
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3.6 Parallel k-means clustering algorithm 

The author of [34] relied on cuckoo search in ad adaptive approach to propose a parallel 

k-means clustering algorithm. The improvement of the cuckoo search technique helps in the 

adjustment of the search process by fixing the size of each step, in addition to the integration of 

such a search method to the k-means traditional approach. The optimal center of clustering is 

found with the iterative-based k-means, and then the clustering task will be done. The 

algorithm was also enhanced also by the combination of the Map reduction framework and the 

Hadoop platform parallel structure. For this algorithm to function, it requires couple of inputs 

such as: the number of clusters needed, the discovered probability, the max iteration number, 

and the maximum and minimum step size. The value of clustering and its quality are impacted 

directly by the qualities of these inputs, in addition to some human factors that might also 

come into the game. 

The cuckoo search algorithm adopts the behavior of some cuckoo breeds as well as 

some other birds. Cuckoo search has a novel method of intensification, which means that it 

searches for better solutions just around the solution that it has in hand. In addition, it also 

provides a new way of diversification, meaning that it assures the algorithm can investigate the 

search space in an efficient manner [35].  

To simplify the behavior of the cuckoo, the below list of three rules can be formed [36]:  

1) Every bird lays an egg at a given time, then puts the egg in a random nest;  

2) The following generations will be formed from the highest quality eggs that were found 

in the top nests;  
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3) There is a fixed amount of the nests that will host the eggs, and the egg given by any 

random cuckoo will be monitored by the bird that is hosting this egg with a probability 

from [0,1].  

 

Based on what is given, it is the choice of the hosting bird to decide if it wants to let go 

of the laid egg or to leave the nest and start building a fully new nest. Based on those rules, the 

pseudocode of the Cuckoo Search algorithm was proposed, see Figure 8 below. 

 

 

 

 

 

 

  

Objective function f(x); x = (x1, x2,…, xd)T 
Generate initial population of n host nests xi (i=1, 2, …, n) 
while (t < MaxGeneration) or (stop criterion) 
Get a cuckoo randomly by Lévy flights 
Evaluate its Quality/Fitness Fi 
Choose a nest among n (say, j) randomly 
If (Fi > FJ) 
Replace j by the new solution 
end 
A fraction (pa) of worst nests are abandoned and new ones are built 
Keep the best solutions (or nests with quality solutions) 
Rank the solutions and find the current best 
End while 
Post process results and visualization 

Figure 8 Cuckoo search algorithm pseudo-code, captured from [37]. 
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A preliminary study was published in 2011 [38]. In order to produce new solutions, this 

study combines a real representation of solutions (centroids), Euclidian distance, Davies-

Bouldin index as the fitness function, and local improvement of solutions based on SSE across 

iterations, and ultimately, an adaption of Lévy flights (eggs). The data clustering findings are 

encouraging, but they do not include cluster labeling or the maximum processing time available 

to complete the task. They also don't deal with the dead unit problem that Lévy flights are likely 

to cause (in order to improve the algorithm's efficacy). 

A comparison of the Genetic Algorithm, Particle Swarm Optimization, and Cuckoo 

Search (CS) over numerous clustering issues was carried out recently [39]. In terms of average 

classification error % and execution time, CS outperforms. In order to run all algorithms in this 

work, a predefined value of clusters must be employed; hence, this concept is impractical for 

online document clustering. Furthermore, it ignores cluster labels, noise, and other success 

criteria relevant to the study topic. 

 
3.7 EDC-CSK 

Another new algorithm, named Web Document Clustering based on the Cuckoo Search 

Algorithm (WDC-CSK), is an algorithm based on descriptions [40] for web clustering, where it 

was influenced by the Cuckoo Search algorithm, which itself is a meta-heuristic approach [36]. 

This technique tends to combine strategies with global and local means of searching a whole 

space [40]. It resorts to the k-means algorithm to enhance the global solution. To develop 

better diversification in the population and ensure the prevention of quick convergence to a 

local minimum, the levy flights were substituted by the split and merge methods. Finally, for 
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the purpose of automatically finding the number of clusters, Bayesian Information Criterion was 

deployed as a fitness function. Figure 9 illustrates the primary operations for the execution of 

the WDC-CSK algorithm.   
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01 Initialize algorithm parameters 

02 Document preprocessing 

03 Execute in parallel a specific number (I_max) of Islands 

04 Initialize population of nests; create randomly a set of nests (population of nests) from the 

current island 

05 Execute k-means (local optimizer) for each nest in population from the current island 

06 Calculate fitness values (BBIC or BIC) according to (4) or (5) for all nests in population from 

the current island 

07 Repeat 

08 Create a new nest using abandon, split or merge operations (methods) based on a 

randomly selected nest 

(current nest) from the current island 

09 Execute k-means (local optimizer) for the new generated nest 

10 Calculate fitness value (BBIC or BIC) according to (4) or (5) for the new generated nest 

11 Store best solution, if the new generated nest is better than another randomly selected 

nest, this last nest is 

replaced in the population for the new generated nest 

12 Until stopping conditions are satisfied (MNN parameter is reached or MET parameter is 

reached) 

13 Select the best nest in the population of nest from the current island 

14 End on parallel execution 

15 Select the best nest from all islands 

16 Assign labels to clusters in the best nest based on the frequent phrases in each cluster. 

Figure 9 WDC-CSK algorith summary, taken from [37] 
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01: Initialize algorithm parameters. Here it was intended to minimize the Bayesian Information 

Criterion. The algorithm required some inputs to operate such as integer I_max, integer PS, 

enumeration value OF, real value PA, integer TFT, another integer MNCK, and finally, MNN. 

These parameters are well explained and discussed in [37]. 

As also discussed in [41, 42], to enhance the quality of the solution encouraged, parallelism is 

required where it is not only for the resolution time reduction. This is due to the fact that in 

various cases, the deployment of search progress is different especially when approaching a 

parallel meta-heuristic method [43].  

02: Document preprocessing. Here, we will rely on Lucene to handle the stage of preprocessing 

documents. This phase comprises: tokenizing, lower case filtering, stop word removal, Porter’s 

stemming algorithm, and the building of TDM. Also the removal of columns that are zeros.  

The wide usage of the TDM matrix in the structuring of documents where it is inspired by the 

vector space model [6,12] made it necessary in this model. Documents are structured as sets of 

words; a matrix of D terms crossed by n documents represents the documents. To measure the 

degree of similarity among documents or between a document and a centroid, the 

representation through a vector of normalized frequencies is necessary.  

04: Initialize the population of the nest. WDC-CSK algorithm operates in a way where nests are 

utilized for the representation of the solution. The number of clusters in each nest is different 

from one another, centroids list, and a value for the objective function, with respect to BIC. In 

the beginning, every centroid represents a random document that was picked by the TDM 

matrix. The minimum number of documents can be assigned by users in order to run the 

clustering method.  
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05: Execute k-means. The execution of lines 2 and 5 from the figure is done with respect to the 

centroids’ registration on the corresponding nests. Due to the previous selection of the 

centroids, line 1 is not really needed. Lines 02 to 05 are repeated MNCK times. MNCK 

parameter, which handles the repetition of lines 2 and 5, is also responsible for the control of 

the level of exploitation of the algorithm. When this parameter is assigned as 1, there will be 

the only organization of the documents to the suitable centroids rather than any enhancement 

or improvement in the solution set. However, when this value gets higher, the method will 

develop some improvements locally. It should also be considered that lines 2 and 5 might be 

finished a couple of cycles before the convergence of k-means.  

08: Create a new nest. The algorithm executes one of the operations that are abandoned, 

merged, or split. After selecting a random centroid from the TDM matrix, the method then 

tends to create a new nest with a predefined probability. This technique leads to abandonment, 

and it is influenced by the scenario where the host bird discovers the cuckoo egg. In this case, 

and in the concerned island, a whole novel nest will be initiated for the population of nests to 

be completed. It also helps the prevention of the quick convergence as well as the diversity it 

ensures. The merge or the split functions will execute with a certain probability. The 

replacement of the levy flight commands in the main cuckoo search algorithm is guaranteed by 

the mentioned steps. The random initial selection of a nest from the current population is 

followed in both operations. Then a base nest is generated by copying the nest that resulted 

previously. Afterward, from the base nest, we pick the two most similar centroids in order to 

join them. On the other hand, the most far centroids will be selected to be divided using the 

split operation.  
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13: Select the best nest. In this stage, the algorithm proceeds in finding and the selecting the 

ideal solution from the set of nests on the given island. It is considered as the best solution 

when this nest has minimized the BIC value. It then returns the value of the best solution from 

the island we are dealing with.  

16: Assign labels to clusters. To label the clusters, this algorithm applies FPH, which is the 

frequent phrases approach. This stage is similar to what is called ‘‘Frequent Phrase Extraction’’ 

in Lingo [44] but with some adjustments to the original one. However, In WDC-CSK, this 

technique is utilized after the generation of every cluster in the best solution set, thus labeling 

each and every resulting cluster. 

 

3.8 IMR-KCA (improved K-means algorithm) 

The author in [45] proposed an improved k-means algorithm (imr-kca). In the analysis of 

the flaws in the traditional k-mean redundancy, the mean-based technique suggested a model 

of selection that aims toward the simplification of the way we compute when having various 

centroids. Simultaneously, the Manhatten distance method replaced the Euclidean one to 

better suit the clustering when dealing with data related to the medical fields, and it uses the 

MapReduce framework to handle the parallel computations. The suggested algorithm is 

relatively powerful when dealing with medical data, but it is not much promising for universal 

usage. 
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Chapter 4 

Algorithm and Approach 

 
This chapter will shed light on the developed algorithm and the purpose behind this 

work. Our algorithm is an enhanced version of G-means on distribution bases. G-Means is not a 

popular clustering approach; it was developed on the basis of degree with the ability the 

identification of better initial centroids. The distributed version of it is another challenge due to 

a certain order when dealing with data and accesses. Besides, when it comes to the program 

with MPI, data engineers need to manage how nodes can communicate with each other; it is 

actually real defiance. We unveil a novel Distributed G-Means based on the Spark framework. 

We suggest a distributed parallel algorithm that implements G-Means with Spark. The 

algorithm starts by extracting information from the HDFS (Hadoop Distributed File System), 

forming RDDs (Resilient Distributed Datasets), then moves to the transformation phase of these 

RDDs into data points. The procedure will be certainly executed by the Spark engine. Those 

formed RDDs are then sent to multiple executors. After that, and in each of these executors, 

sub-groups will be formed to be forwarded after each statement to Spark. To avoid shuffling 

operations between executors and the high cost that might be imposed, each executor avoids 

communication with others by performing its computation. So, additional points are introduced 

at the level of every sub-cluster. When all these sub-clusters get gathered by the power of the 

accumulator that is variably shared, the clusters will be identified by the algorithm and will be 

merged by the newly introduced points. Thanks to the ability of the variables shared in the 
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Spark drive; the merge will occur in the Spark framework. The experimental results conducted 

at the level of machine, which is memory distributed, reveal that scalable performance could be 

obtained based on the proposed algorithm. 

A running Spark application, at a high level, includes one driver process communicating 

with multiple executing frameworks, assigning some jobs to them then taking care of the 

collection of what they have done. Initially, a Spark application will construct what is called 

Spark Context drive, that instructs Spark on the way to connect to a given cluster. It will then 

extract a file or more from HDFS and then do the processing to them as RDDs, which are 

collections of items that are segmented among elements and then to be processed following a 

parallel approach. The fundamental abstract that Spark technique offers is RDD. We would like 

to stress out that Spark can access data not just through its own APIs, but also through the 

Hadoop API. TaskScheduler uses the Resource manager to assign tasks to executors. Executors 

will communicate back to the driver what they got or print to the external storage the output 

after completing their job. The Spark framework incorporates all of MapReduce's key 

capabilities. It also has the following characteristics. 

• Computations that are performed entirely in memory. RDDs represent the initial 

abstraction in Spark, which lets developers run computations that are based in memory 

on huge clusters. Algorithms with iterating behavior and interacting data mining are two 

sorts of applications that MapReduce struggles to perform efficiently [46]. Several 

attempts with map reduction executors are to be done in order to handle iterative 

algorithms, which is inefficient since the results of the intermediate map must be 

printed first on the local drives and then to the remote ones retrieved to reduction 
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actors, and the input/output commands of the disk are particularly costly with such an 

instance. The ability to execute iterative computations at breakneck rates is one of the 

benefits of keeping everything in memory with Spark. 

 

• Supporting complex analytics, real-time analysis, and data streaming. We were not able 

to use MapReduce to perform real-time analysis in a beneficial way, so this powerful 

feature was put down at the time being. However, it will be part of the future work to 

make the best of Spark with our algorithm. 

 

• The quick recovery from faults. Traditionally in Mapreduce, when no heart beat from a 

task tracker is sent to the job tracker for a certain stint, the job tracker will conclude 

that the agent allocated to the task tracker has stopped. In such a case, the job tracker is 

responsible for setting a new schedule for the tasks that were being in progress along 

with those that were about to start to a new task tracker, since the information that 

belongs to the corrupted task tracker will no longer stay available [47]. Otherwise, and 

with correspondence to linear trend, Spark will construct RDDs again to tackle the 

exercise. If we compare this method to the replica technique, it turns out that 

reconstructing RDDs consumes less time [48]. 

 

Despite the high efficiency of Spark, and the automated parallelization it offers, extra 

attention is required for the avoidance of the shuffling process. Therefore, in this 

implementation, another challenge was to avoid all-to-all communication.  
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Figure 10 illustrates the flow of data within the Spark session. First of all, when the 

interpreter calls a Spark session, Spark will create an operator to manipulate and interpret the 

code to best suit the need. When an Action is called on Spark RDD at higher level, Spark will 

then submit the graph to the DAG Scheduler (Direct Acyclic Graph Scheduler), which will 

fragment the operator into stages of tasks, and each stage contains task(s) based on the data 

input partitioning. The stages then are passed to the Task Scheduler by the TaskSet. These steps 

are all executed within the Spark Context which will then forward to the Spark Driver, also 

known as cluster manager. This manager or driver is the brain of the whole technique and will 

take care and manage the process of distributing tasks on different executors or workers, listen 

back to them to collect their results. After that, this manager will also treat the returned results 

to deliver the best cluster in accordance with all the executors. 
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Figure 10 Data flow overview in Spark 

 
4.1 Pseudocode 

The following represents the pseudocode of the D-G-means algorithm with Spark. 
 
Input (epsi, minpt, D) 
Output (an array of clusters) 
1. reads input file from HDFS, generates RDDs from data 
2. transforms current RDDs to suitable RDD points 
3. distributes these RDDs into execs 
4. for each start 
5. if point p not in hash table  
6. select neighbors of p 
7. insert all suitable neighbors into Queue N 
8. if (size of N less than minpt  
9. define p to become noise 
10. else 
11. create new cluster C then add p to C 
12. while (N not empty) 
13. remove p’ from N 
14. insert p’ index in hash table 
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15. if (p’ is not visited) 
16. note p’ visited 
17. mark N’ as epsi-neighbor to p’ 
18. if (N’greater than or equal minpt) 
19. + suitable pts into N 
20. End if 
21. End if 
22. if (p’ doesn’t belong to cluster) 
23. + p’ to C 
24. End if 
25. End while 
26. End if 
27. End if 
28. if (point = last in closure) 
29. send part-cluster to drive 
30. end if 
31. end for each 
32. search all part-clusters then merge 
 
 
 
4.2 Algorithm Complexity 

From the first part of the algorithm, the driver reads RDDs from HDFS, and the suitable 

data points should be processed by executors and constructed corresponding trees. So we 

assume O(n*logn). As for the other part, the generation of the local sub-clusters takes place in 

the executors. Ideally, the worst case it will be O(n1-1/d+K), as researchers have reported [49]. 

In the final segment of the algorithm, after all sub-clusters are sent back, the Spark engine will 

merge them and produce the universal cluster. The search operation here takes O(n), and the 

merging step takes Km, both resulting in O(n+ Km). 

Therefore, the final complexity would be: 

O(n*logn) + O(n1-1/d+K) + O(n+ Km) à O(n*logn + n1 – 1/d + K + n + Km) 
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Chapter 5 

Experimental Results 

 
5.1 Hardware 

We prepared an environment with Spark 2.4.2 and Hadoop 2.5 cluster. We developed 

all the algorithms in Python. The development IDE that we used is Jupyter Notebook for Python 

and with a lot of libraries of various technologies and methods. A computer with a 2.26GHz 

Core i7 processor with 8GB memory, 500GB solid-state drive, and windows 10 64 bits operating 

system was used for the experimental analysis. 

 
5.2 Datasets 

For the evaluation of k-means, DG-Means, and SOCCER algorithms three separate 

databases were used as follows: 

• Data set 1: CSV is the format of this data. It consists of whole sale clients’ data based on 

three variables. It consists of 10,000 records. 

• Data set 2: The format of this file is also CSV. This dataset is to check the genuine and 

forged banknotes. It also consists of three variables, the standard deviation of the image 

transformed, the image’s entropy, and the class. It consists of about 13,000 records. 

• Data set 3: It is the famous data set of IRIS, and it is a CSV file. We use three attributes, 

sepal length, sepal width, and petal length. 4500 data points are included. 
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These three datasets were selected because of their availability and the features that 

well suit the algorithms that we are working on. First, for whole sale dataset there are a lot of 

work done for clustering it using k-means and other unsupervised algorithms, these works 

motivated the selection of this dataset. The banknotes dataset on the other hand has some 

work as well on clustering which helped us in featuring its characteristics and have an insight to 

what it might converge. Finally, the popular IRIS dataset is one of the most used datasets in the 

field of clustering for the ease and cleanliness it provides. It actually returns a clear image on 

how good or bad the algorithm might perform on small datasets. 

 

5.3 Performance Evaluation Results 

For this assignment, the execution runtime of our developed distributed Greedy 

algorithm DG-Means, k-means, and SOCCER algorithms are observed and discussed by the 

change of data. The experiments rely on to distributed Spark cluster. A discussion of the results 

of these tests based on the convergence, in addition to how stable are these methods is 

illustrated in the following part: 
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For k-means algorithm, we need to find an ideal number of clusters. We cannot 

introduce straight forward answer for choosing k value. We will resort on the Elbow method to 

do this. First, we calculate the SSE to a set of values of k, after that we display values of k 

against the sum of squared error graph.  

 

 

Figure 14 Sum of square error vs K -  IRIS Dataset 

On the other side, for DG-means, ε and MinPts parameters are required, so to evaluate 

the stability of this clustering algorithm, we set up ε with different values for several iterations 

of ε, all this based on IRIS Dataset. 
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Figure 15 Minimum points = 5, Eps = 0.7 

 

 

Figure 16 Minimum points =8, Eps = 0.5 
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Figure 17 Minimum points = 3, Eps = 0.3 

 
 

Another set of experiments was performed with WholeSale, Banknotes and IRIS 

datasets. Ten rounds were conducted on these three datasets to investigate the accuracy. The 

average accuracy and average iterations of these ten experiments were considered and 

illustrated in table 3 below. 
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Table 1 Comparison of accuracy and iterations on three Datasets 

Parameter Dataset 
DG-means 

Clustering  

K-means 

Clustering 
SOCCER 

Accuracy 
WholeSale 

96.10% 89.50% 95.50% 

Number of Iterations 7 8.3 8 

Accuracy 
Banknotes 

70.90% 66.90% 69.80% 

Number of Iterations 6 8.6 9 

Accuracy 
IRIS 

88.70% 83.60% 88% 

Number of Iterations 4 6.9 5 

  

From table 1, we can notice that the accuracy of DG-means is higher than that of both SOCCER 

and traditional k-means. In addition, DG-means has a smaller number of iterations, which 

means that it has a faster convergence speed and higher efficiency. Thus, the proposed DG-

means is superior to k-means and SOCCER algorithms in clustering accuracy and efficiency. Next 

to it comes the SOCCER algorithm, which exceeds k-means in accuracy on all three datasets, 

with lower or similar number of iterations. From this standpoint, we also concluded that the 

order of the three algorithms on the three different datasets we have dealt with is the 

following: First one is DG-means, followed by SOCCER, and finally comes the traditional k-

means algorithm.  
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Chapter 6 

Conclusion and Future Work 

 
Many papers dealt with clustering based on similarity metrics, but not much work was 

done based on the greedy approach before G-means was proposed by [23], where the author 

presented a technique that clustered huge data that was not likely to be performed by 

traditional k-means. From that point on, we took that G-means algorithm processed the 

distributed mode on it relying on Spark methods and came up with the distributed version of it 

that was called, DG-means. This mode allowed spread data or even spread computational 

power through machines placed in different locations to deal with the same data 

simultaneously by clustering and dealing with a given dataset.   

The execution time of DG-means and k-means can be conducted in an easy manner. The 

figures in the previous section can clearly exhibit it. It can be easily seen that the DG-Means 

clustering algorithm is faster than the k-means clustering. One can observe the contradiction 

easily, especially if we are to consider huge datasets.  

In the next phase, it could be a point of concern dealing with the analysis of clusters of 

Spark Apache framework, especially the complex analytics, real-time analysis, and data 

streaming. In addition, we shall introduce bigger data to the fields of study to express the ability 

of this tool in dealing with big data experiments. 

Another area of expanding this research can go towards examining the ability of this 

algorithm to actually perform on different machines at the same time. Although this feature is 
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really embedded within Spark and could have been implemented, we were not able to establish 

such an environment due to various reasons. Therefore, this part can be taken further by 

setting up the appropriate scenario for such an interesting field of practice.  

Finally, another approach can be a dedicated kernelization of the clustering algorithm. 

Although this was proposed as well by [23], it was not feasible at the current stage and can still 

be considered as a potential future work, especially on the level of preprocessing of the data as 

well as the preparation of the algorithm to meet that well-suited data. This can definitely 

enhance the performance, and the results of the clustering techniques followed. 
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