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Abstract: Unsupervised machine learning and knowledge discovery from large-scale datasets have
recently attracted a lot of research interest. The present paper proposes a distributed big data
clustering approach-based on adaptive density estimation. The proposed method is developed-based
on Apache Spark framework and tested on some of the prevalent datasets. In the first step of this
algorithm, the input data is divided into partitions using a Bayesian type of Locality Sensitive
Hashing (LSH). Partitioning makes the processing fully parallel and much simpler by avoiding
unneeded calculations. Each of the proposed algorithm steps is completely independent of the others
and no serial bottleneck exists all over the clustering procedure. Locality preservation also filters
out the outliers and enhances the robustness of the proposed approach. Density is defined on the
basis of Ordered Weighted Averaging (OWA) distance which makes clusters more homogenous.
According to the density of each node, the local density peaks will be detected adaptively. By merging
the local peaks, final cluster centers will be obtained and other data points will be a member of
the cluster with the nearest center. The proposed method has been implemented and compared
with similar recently published researches. Cluster validity indexes achieved from the proposed
method shows its superiorities in precision and noise robustness in comparison with recent researches.
Comparison with similar approaches also shows superiorities of the proposed method in scalability,
high performance, and low computation cost. The proposed method is a general clustering approach
and it has been used in gene expression clustering as a sample of its application.

Keywords: distributed data clustering; big data; density-based clustering; density peak detection;
gene expression; apache spark; Bayesian locality sensitive hashing; ordered weighted averaging;
micro array; scalable clustering

1. Introduction

Clustering is an unsupervised learning procedure that has a substantial usage in machine learning,
data mining, and pattern recognition. Clustering tries to group single and distinct points into clusters
such that the members of the same cluster have the highest similarity with each other whilst they are
remarkably dissimilar from the points in the other clusters. During the recent two decades, a large
amount of literature was created by clustering methods [1,2]. Clustering algorithms in general, are
divided into partition-based, density-based, model-based, and hierarchical algorithms [3]. Big data
is the next generation of computation which has opened a new horizon and obtained a hot trend of
research and development in the recent years [4,5]. The conventional machine learning algorithms,
including data clustering, cannot handle such tremendous volume and complexity of big data with their
simple methodologies [6]. Hence, a new generation of scalable and distributed clustering algorithms
are seriously needed. These algorithms should simply comply with the latest big data processing
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infrastructures and tools. Spark [7] is one of these tools which is designed for fast distributed processing
on big data. Recently, Spark has attracted great attention from big data researchers regarding its
superiorities in comparison with other similar frameworks such as Hadoop MapReduce [8]. Although
Spark is one of the popular open source platforms and some machine learning algorithms are developed
on this framework, such as Machine Learning Library (MLLib) [9], little has been done on the state of
the art clustering algorithms over Spark [10]. A clustering algorithm that benefits from Spark should
adapt completely to the distributed Spark computation framework. It should benefit from the Resilient
Distributed Dataset (RDD), in memory iterative processing, low disk I/O burden, Direct Acyclic
Graph (DAG) execution procedure, advanced local data caching system, faster distributed file system,
and Spark fault-tolerant mechanism within its algorithm [11]. In addition, datasets of big data are
generally too large to fit in a single machine memory. Under the current big data scenarios, dealing
with the distributed nature of big data is one of the challenges for big data clustering approaches,
as most conventional clustering technics require the data to be centralized [1]. In a clustering problem,
typically, there is no prior information about the quantity and characteristics of clusters or possible
outlier patterns within clusters. Hence a good clustering should be implemented independent of
knowing any knowledge about the data distribution or existing clusters. Density-based clustering
approaches in comparison with other types of clustering algorithms have some superiorities, such as
clustering in arbitrary shape regardless of the geometry and distribution of data, robustness to outliers,
independence from the initial start point of the algorithm, and its deterministic and consistent results in
the repeat of the similar algorithm. Also, they do not need to have any prior knowledge that might affect
the clustering results [12]. Density-Based Spatial Clustering of Applications with Noise (DBSCAN) [13]
is an elegant example of density-based approaches that even won the test of time award for its
useful, effective, and influential contributions for more than two decades [14]. Although DBSCAN
has many extensions, recently, an innovative density-based clustering method named Clustering by
fast search and find of Density Peaks (CDP) was originally published in Science magazine due to
its novelty and high efficiency [15]. Since its introduction, it has been applied in many applications
such as molecular biology, data mining, remote sensing, and computer vision [16]. Though of its
mentioned advantages, CDP has a high computation load and it is not designed to work with the
state of the art cloud computing infrastructures. Accordingly, in this paper, a distributed CDP is
proposed that benefits from the advantages of both CDP and Apache Spark. In the rest of the paper,
the proposed method is called DCDPS which stands for Distributed CDP over Spark. DCDPS is
a distributed CDP algorithm that modifies CDP procedures to minimizes the communication cost
between processing nodes and decreases calculations. DCDPS benefits from Bayesian Locality Sensitive
Hashing (BALSH) to independently distribute the input data between processing nodes. BALSH
partitions the data according to their similarities so that the locality of data is preserved and similar
data is not scattered between different processing nodes. They remain together for further processing
which drastically decreases the unnecessary computation. DCDPS does not suffer from poor scalability
or computation burden. Any of the clustering parameters like the number of cluster members, distance
threshold, and density threshold can be either automatically selected by the algorithm or manually
set by the user. The density threshold or cut-off is automatically recognized using an adaptive
approach. Some universal clustering validity indexes are used to evaluate the clustering results of
DCDPS and compare its efficiency in precise clustering and performance with some recently published
articles. It is indicated that DCDPS shows qualified results which are similar to the original CDP
and some recent state-of-the-art clustering approaches while it has achieved great computational and
scalable performance.

In an overview of the present paper, the contributions of DCDPS are fivefold. (1) Complete
Compatibility with the Spark framework and benefiting from all of its features in clustering.
(2) Partitioning the data with locality preservation and processing the partitions in parallel.
(3) Benefiting from an adaptive density threshold and making the clustering procedure independent of
the predefined cut-off values which leads to recognizing clusters in arbitrary shape. (4) Robustness to
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the destructive outlier effects by implicit outlier removing during partitioning. (5) High scalability
with considerable cluster validity index in comparison with similar approaches.

The remainder of this paper is organized as follows: Section 2 reviews the concepts and the
literature of related works and background and theories of the density peak clustering; Afterwards,
Section 3 details the different aspects of the proposed method including BALSH and adaptive distance;
further details will be discussed. Section 4 brings up the datasets and evaluation routines. Ultimately,
the practical implementation results are reported and discussed in Section 5 and concluded in Section 6.

1.1. Preliminaries Literature Review and Related Works

Data clustering, according to the literature, includes a wide variety of methods [2]. Recently
a good review of the clustering techniques and developments has been addressed in a past paper [3].
K-means is one of the pioneer clustering methods which is yet in a pervasive use regarding to its
simplicity [17]. K-means like other similar partition-based algorithms has some shortcomings such
as (1) needing to know the right number of the clusters before starting the algorithm, (2) disability in
clustering nonspherical models, (3) reliability of the final results to the initial seed points that leads to
inconsistent clustering results for the same datasets in different runs, (4) vulnerability to the outlier’s
bias, and (5) poor scalability. Hierarchical clustering approaches, such as BIRCH [18], also have good
potentialities to be implemented on parallel and distributed processing frameworks with acceptable
accuracy, but there are some disputes about their functionalities due to its tree-based graph structure
known as Dendrogram. Hierarchical models are like a one-way road that assign each point to its
first nearest cluster. If any better cluster in the future is found, there is no solution to reassign the
previously assigned points to a better cluster in the rest of the algorithm. Model-based clustering
algorithms [19] are another type of clustering approaches which try to define a cluster as a component
in a mixture model. Although they achieved great results with reasonable performance in the literature,
but they only show good results when the data distribution matches the clustering model. However,
in reality we have various data distributions that do not have any predefined model. In comparison
with other clustering methods, density-based clustering algorithms have achieved great performance
in finding different types of clusters. Density-based clusters are groups of objects with the highest
possible density separated from each other by contiguous regions of lower densities. Their performance
showed that they remain unaffected by the outliers or the shape and distribution of data. The only
main problem of these approaches are their high computation complexities [1]. Benefiting from the
new generations of parallel computing, many parallel density-based algorithms have been proposed by
researchers; which have been reviewed previously [20]. However, three substantial drawbacks remain
in these parallel approaches [21]. (1) They suffer from a universal load balancing approach between
processing nodes especially when the datasets are skewed. (2) The scalability of these algorithms is
disputable due to the limitations in parallelization of subprocedures and their operating platforms.
(3) Lack of portability to comply with emerging parallel processing paradigms. In the recent years
with the rise of big data frameworks, big data clustering algorithms have become a research interest.
Some of these algorithms are reviewed in a past paper [21–23]. The authors of a previous paper [24]
proposed a scalable MapReduce-based DBSCAN algorithm for extremely large datasets. They proposed
a distributed DBSCAN algorithm with fully distributed subprocedures developed with MapReduce.
Although they obtained good results and solved the processing bottlenecks of sequential DBSCAN,
some shortcomings remain unsolved. One of their critical drawbacks is that the data partitioning is
just a random data scattering. Also the peer–peer distance calculation for all objects on the basis of
MapReduce suffers from I/O burden. Later on, DBCURE-MR was introduced [25]. DBCURE-MR is
a density-based clustering that uses MapReduce in whole of the procedure. The distance function
is defined in a way that similarity calculation between all nodes is done using Gaussian Mixture
Model (GMM) with pruning the search space. However, DBCURE-MR is a brilliant method with
commendable clustering results, the shortcomings of MapReduce, which remain in this approach,
include linear data flow batch processing, the burden of intensive disk-usage, and lower efficiency
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and performance in comparison with Spark. Regarding the superiorities of Spark, recently some
clustering approaches have been proposed based on Spark. The authors of a past paper [26] presented
a scalable hierarchical clustering algorithm using Spark. By formulating Single-Linkage hierarchical
clustering as a Minimum Spanning Tree (MST) problem, it was shown that Spark is totally successful
in finding clusters through natural iterative process with nice scalability and high performance.
Even though the parallelization challenge of such an algorithm is remarkable and it exhibits inherent
data dependency during the construction of hierarchical trees (dendrogram). Afterwards, CLUS,
a subspace clustering algorithm on Spark, was introduced, which discovers hidden clusters that
only exist in certain subsets of the full feature space [27]. With a dynamic data partitioning method,
CLUS minimizes communication cost between processing nodes to better take the advantages of
Spark’s in-memory primitives. Although it achieves noticeable execution performance but it seriously
lacks from the benefits of density-based approaches in precision, robustness, and validity index.
DBSCAN is also developed with Spark in a past paper [28]. Although the achieved speedup of the
distributed DBSCAN under Spark is much higher than the conventional and regular DBSCAN method,
this new distributed version achieves similar cluster results with no sensible difference in cluster
validity index. Regarding its positive achievements, it lacks from defining the cutoff distance before
beginning clustering. It also calculates all distance values between the whole possible pairs of data.
However, some of these calculations can be avoided by a simple preprocessing. So, it has an acceptable
scalability and speed-up in comparison with conventional DBSCAN, but the drawbacks of DBSCAN
in comparison with CDP remain unsolved.

At the end of this section some of recently published clustering methods which are selected for
comparison with the proposed method will be described. The results of the comparison are presented
in the Section 5.4. The first group of algorithms includes non-density-based clustering methods.
They include Modeling-based Clustering (MBC) [29], Hessian Regularization-based Symmetric
Clustering (HRSC) [30], Multi Objective Optimization Clustering (MOOC) [31], and Rough-Fuzzy
Clustering (RFC) [32]. MBC is a kind of model-based clustering method. This model achieved excellent
results in clustering gene expression-based on mixture of probability distributions of expression
patterns of genes. However, the reliability of final results depends on knowing the distribution
which model is a drawback of this method. HRSC proposes a hessian regularization instead of
a Laplacian regularization in clustering by non-negative matrix factorization. Hessian regularization
improves the data fitting and extrapolates nicely to unseen data in comparison with simple distribution
matrix factorization. Anyhow, it outperforms previous works; it lacks from reliability to data
distribution effects on accuracy of clustering results. MOOC is an improved extension of fuzzy
C-Means clustering algorithm. Benefiting from the multi objective optimization methods addressed
previously [31], this method outperforms the classic K-Means and Fuzzy C-Means, but, it lacks again
from the shortcomings of partition-based algorithms. RFC is another partition-based approach which
introduces a robust version of Fuzzy C-Means clustering method. RFC benefits from the merits of
combining rough sets and fuzzy sets. Such rough approximations decrease the uncertainty, vagueness,
and incompleteness in the cluster definition and makes the final results more robust to the presence of
possible outliers. RFC is very dependent to the definition of lower and upper bounds of the dataset
which must be defined by the user before the beginning of algorithm. The second group includes
CDP [15], Fast DBSCAN [28], Fast Density Peak (FDP) clustering [33], and HDBCSAN [34]. CDP is
completely described in Section 1.2. Fast DBSCAN is a distributed version of DBSCAN developed
under Spark. FDP is an optimized version of CDP. FDP prunes the search space by some statistical and
probabilistic methods. This leads to a decrease in the number of pairwise distance calculations between
all of the nodes. Finally, HDBSCAN is a hierarchical density-based clustering approach. It begins
with a hierarchical fusion step-based on the data density. After the establishment of fused subclusters,
DBSCAN is applied on subclusters instead of the raw dataset. HDSCAN shows a better speed-up in
comparison with DBSCAN without losing accuracy. However, it suffers from hierarchical burden and
cannot be parallelized simply.
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1.2. Clustering by Fast Search and Find of Density Peaks (CDP)

CDP was first proposed in 2014 by Alex Rodriguez and Alessandro Laio [15]. Without loss
of generality, we assume that X = {x1, . . . ,xn} is the dataset to be clustered. Then accordingly,
xi = (xi1, . . . , xiq)

T ∈ Rd is the ith data point in the dataset with number of d features and xik,
(1 < I < n, 1 < k < q) is the value of kth feature of the ith data point. Generally, density-based algorithms
search the data space to discover regions with high density. Two substantial parameters play a key role
on CDP. (1) The local density (ρ) and (2) the separation parameter (δ). For a data point like xi, the local
density (ρ (xi)) represents the number of points in its neighborhood which are very similar to xi with
a distance less than dc. let A(xi) = {xj

∣∣dist(xi, xj) < dc, xj ∈ X
}

where dist is a distance function and
dc is the radius of neighborhood (cut-off threshold) then ρi = ρ (xi) =|A(xi)|. Hence local density
reflects the number of neighbors. The separation parameter of xi indicates the intensity of isolation of
xi from other points having higher local density (ρ) and can be defined as

δ(xi) = {
Argmindist(xi, xj) ∀xj ∈ X where ρ(xj) > ρ(xi)

Argmaxdist(xi, xj) ∀xj ∈ X where ρ(xj) ≤ ρ(xi)
(1)

higher values of (δ(xi)) means that the point is far from the points with higher local density (ρ),
and its distinction with neighboring clusters is remarkable. Accordingly, CDP presumes two main
characteristics for each cluster, (1) the center of gravity of a cluster has the highest density in comparison
with its surrounding neighbors. (2) Centers of clusters are far enough separated from other points
having a higher local density. The best candidates for a cluster center are the points with both higher
values of local density and separation parameter. If a scatter plot of (ρ) vs. (δ) (Density-Separation) is
drawn, then the points located on the upper-right part of this plot are the best candidates for cluster
centers. After finding the cluster centers, the remaining points will be assigned to the nearest neighbor
having highest density. Points with relative high values of δ but pretty low ρ are actually some scattered
clusters containing single separate points, namely, outliers. The algorithm finishes after this single step
and no extra reassignment is needed. In order to find out the values of ρ and δ, CDP needs to calculate
the pair-wise similarity between all the points. When it comes to large scale datasets, such complexity
is not reasonable. Two improvements can increase the efficiency of CDP. (1) If the distance function
is symmetric then dist (xi,xj) = dist (xj,xi), hence the unnecessary computation can be avoided. (2) If
the points are sorted according to their ρ values, then for the calculation of δi we only need to find the
nearest density ρj with higher density (ρi < ρj) which is limited to search the subset of points sorted
after i, (ρj ⊂ {ρi+1, . . . , ρn}), instead of the whole points. These advantages also can be used in the
proposed distributed clustering approach.

2. Preliminaries of the Proposed Method

2.1. Adaptive Density Estimation

According to what was mentioned above, the selection of a suitable cut-off distance (dc) plays
a substantial role in the success of CDP. Authors of a previous paper [15] suggested choosing dc in
a way that the average number of neighbors is about 1% to 2% of the total dataset count. This kind
of dc estimation is not a standard and practically optimal method and it gets worse when the data
has a large scale. A step function like this has zero derivatives outside of the border. For instance,
if two points are very similar to each other but one is inside the boundary and the other is outside
boundary, they will not become members of the same cluster. Also, this results in clusters with a ragged
shape in the borders and imprecise results. Density estimation has shown better results in comparison
with fixed cut-off values [35]. In order to solve this problem, a nonparametric multivariate kernel is
proposed to estimate density in a data driven mode. The cut-off distance will not be a fixed number
and it variates on the basis of the data distribution. The kernel estimator ( f̂ ) in its general form was
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addressed previously [33] to more practically estimate the density function with unknown distribution
probability. It is defined in Equation (2).

f̂ (x; Y) = n−1|Y|−
1
2

n

∑
j=1

K( Y−
1
2 (x− xj)). (2)

Here K(.) is a distribution function where
∫

K(x) dx = 1 and Y is a definite symmetric and positive
d× d matrix, namely, the bandwidth matrix. One of the pervasively found distribution functions in
most of the datasets is the Gaussian (normal) density distribution function as denoted in Equation (3).

K(x) = (2π)
−d
2 exp (−1

2
xTx). (3)

By replacing Y with a positive definite diagonal matrix and K with the standard gaussian density
distribution function, the kernel estimator for a point like xi can be obtained as shown in Equation (4).

f̂ (xi; Y) = n−1(
d

∏
l=1

yl)

−1 n

∑
j=1

k(
xi1 − xj1

y1
, . . . ,

xid − xjd

yd
). (4)

In the proposed method, we use a fuzzy Ordered Weighted Averaging (OWA) for distance
measurement which was first addressed by authors of the present paper [36]. Therefore, by replacing
simple Euclidean distance with this fuzzy OWA distance function [36], a new equation can be achieved
as shown in Equation (5).

f̂ (xi; Y) = n−1(
d

∏
l=1

yl)

−1 n

∑
j=1

k(
OWA(xi1, xj1)

y1
, . . . ,

OWA(xid, xjd)

yd
). (5)

By replacing the local density (ρ) with the proposed kernel density function ( f̂ ), the kernel
separation parameter (δ̂) can be redefined as indicated in Equation (6).

δ̂(xi) = {
Argmind(xi, xj) ∀xj ∈ X where f̂ (xj) > f̂ (xi)

Argmaxd(xi, xj) ∀xj ∈ X where f̂ (xj) ≤ f̂ (xi)
(6)

The selection of bandwidth (Y) is essentially effective on the efficiency of the kernel density
estimation. There is a rich body of literature on appropriate bandwidth selection for kernel
function [37,38]. According to the literature, the rule-of-thumb for bandwidth selection is a very
simple procedure. According to [37] the optimal bandwidth (Y*) is a diagonal d× d matrix where
(y∗1 , y∗2 , . . . , y∗d) are its diagonal elements. There are many approaches for bandwidth selection. In the
present paper, one of the most robust bandwidth selection is used which is addressed previously [37].
This bandwidth selection method, minimizes the criterion, Asymptotic Mean Integrated Squared Error
(AMISE) [39] of the target density. The lth element (y∗l ) for data with a multivariate Gaussian data
distribution is defined as Equation (7).

y∗l = σ̂l(
4

d + 2
)
−1/(d+4)

n−1/(d+4) 1 ≤ l ≤ d (7)

Here, σ̂l is the standard deviation of the lth feature [37]; it is denoted in Equation (8).

σ̂l =

√
(n− 1)−1 ∑n

i=1 (xil −∑n
i=1

xil
n
)

2
(8)

It is an adaptive approach that practically detects the density centers. Assume P1 and P2 as two
points in the kernal-separation ( f̂ − δ̂) plot where P1 = (min( f̂ ),max(δ̂)) and P2 = (max( f̂ ),min(δ̂)) and



Symmetry 2018, 10, 342 7 of 23

let Q denote the line connecting P1 and P2. Density peaks are the point located in the right side of Q in
the ( f̂ − δ̂) plot. It is simply depicted in Figure 1.Symmetry 2018, 10, x FOR PEER REVIEW  7 of 23 
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2.2. Bayesian Locality Sensitive Hashing (BALSH)

Locality Sensitive Hashing (LSH) and Locality Preserving Hashing (LPH) [40] are some of the
effective methods to reduce the complexity of the search procedure. LSH maps similar objects to the
same bucket where the number of buckets is pretty smaller than the size of original data. Bayesian
LSH (BALSH) [41] is a simpler and efficient extension of LSH. BALSH is a principled Bayesian LSH
algorithm that performs candidate pruning and similarity estimation with pretty fewer false positive
and false negative candidates in comparison with LSH. BALSH also has a noticeable speed-up in
comparison with LSH. Let D be a set of input data, S a similarity function, and τ a similarity threshold.
Also assume β for interval, ξ for false omission rate, γ for the coverage, and ŝ(x, y) for similarity
estimates of object pairs of x and y. Accordingly, BALSH gives the following guarantees that (1)
probability[s(x, y) ≥ τ] < ξ meaning that each pair with a probability of true positive less than ξ

is eliminated from the final output set; (2) probability[|ŝ(x, y)− s(x, y)|≥ β] < γ meaning that the
accuracy of similarity estimate with a β-error is more than 1− γ.

2.3. Ordered Weighted Averaging Distance Function

The distance function evaluates the similarity of objects. The precision of a clustering algorithm is
directly related to the accuracy of similarity assessment. In a recent research, we introduced a Fuzzy
Ordered Weighted Averaging (OWA) distance function [36]. In this paper, we benefit from this distance
function. For simplicity of notation we use OWA instead of distance function in the rest of the paper.
OWA has been used in many approaches and has given practically precise outcomes in comparison
with geometrical distance functions like Euclidian, Mahalanobis, Chebyshev, etc. [42].

2.4. Gene Expression Clustering

Genes store the structural and substantial biological information in every living creature.
In biology, gene expression is a process by which functional gene products and elements are produced
and synthesized. This procedure is performed using the biological information laid within the genes.
In any biological condition, natural groups of genes show similar reaction and expression patterns
which are called coexpression. The main goal of gene expression clustering algorithms is finding these
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natural clusters of genes with coexpression patterns. Gene expression clustering is an area of research
interest for many researchers and is used for a rich understanding of functional genomics, disease
recognition, drug discovery, and toxicological research [43]. Gene expression datasets are called gene
microarrays [44]. Microarrays naturally include intrinsic outliers or missing values; microarrays are
very large in size and complexity [45]. Researchers in this area should propose a clustering method that
can handle such immense size and complexity with reliable accuracy and robustness to the intrinsic
outliers in the microarray.

3. Proposed Method

Spark has two types of processing nodes. A master and many worker nodes. The master node
distributes the jobs between workers and controls all of the steps of processing by taking the advantage
of a driver procedure. Workers in most of the time read the data from the RDD/HDFS/Data Frame.
After reading the needed data, their assigned task is performed on the resident data and finally
the results are given out on the outputs. Each job on a worker node is made up of some phases.
These phases are sequentially executed by the workers. A phase might be either independent from or,
dependent on, the outcome of the previous phase. Inside each of worker nodes, a task executes its
operations on its accessible chunk of data. Spark can be run standalone or on various cluster managers
like Hadoop YARN, Apache Mesos, and Amazon EC2. The proposed method can be run on either of
the cloud computing infrastructures supporting Spark. Also, Spark can operate on many distributed
data storages including Hadoop Distributed File System (HDFS), HBase, Hive, Tachyon, and any
Hadoop data source. In the present paper, we used Spark on Standalone YARN and EC2 for processing
management and HDFS for distributed data storage.

3.1. Distributed Similarity Calculation Using Adaptive Cut-off Threshold

According to the superiorities of the adaptive density estimation explained in the previous section,
a distributed implementation of the adaptive threshold density estimation is proposed on the basis of
Spark. The standard deviation for each feature of the data is calculated in parallel. It was mentioned
that input data has d number of distinct features. So if we have N number of input data and each
single data entry has d features, then the input data is a N × d matrix. The standard deviation of each
of the whole of features will be calculated using the Equation (7). If we have q number of processing
nodes, then each processing node calculates [d/q] of the standard deviation in parallel. It is usable
when the data is considerably large in size or dimension. The same procedure is then applied for yl
calculation (1 < l < d) by using the Equation (6). The achieved values are used in the upcoming steps
to compute f̂ and δ̂. Intuitively, a locality preserving partitioning strategy is favorable for calculation
of local density ( f̂ ) and separation (δ̂) of each point. ( f̂ ) reflects the density intensity of a point
surrounded by neighbors while (δ̂) is the distance to the nearest neighbor with higher ( f̂ ). Therefore,
neighborhood plays the main role and there is no need to perform extra unneeded calculations for
non-neighbor points. Distributed BALSH divides the data into partitions in a way that neighbors
and closer points are more likely to locate in the same partitions. By assuming S as a universal set
containing the total dataset, BALSH partitions this input dataset (S) into M number of disjoint subsets
(SM) such that S = (S1 ∪ S2 ∪ . . . ∪ SM) where Si ∩ Sj = ∅ and 1 < i < M, 1 < j < M, i 6= j.
These subsets are called partitions. The distance calculation of all pairs of points within each partition
can be performed in parallel without any probable dependency between processing nodes. After data
partitioning, xk

i denotes that the point xi is located in the partition k. On this basis, the value of
f̂ (xk

i ) can be calculated for each xk
i within the partition, in parallel without any sequential bottle

neck. Afterwards, δ̂(xk
i ) will be the nearest (OWA) distance between xk

i and a point like xk
j within

the partition k, where ( f̂ (xk
i ) < f̂ (xk

j ), i 6= j), (xk
i ) ∈ Sk, (xk

j ) ∈ Sk. It was mentioned that BALSH is
a bayesian probabilistic model of partitioning. Because of probabilistic characteristics of BALSH, it is
possible that a nearer node with higher density is located in another partition. In order to find the
global value of δ̂(xi), the distance (OWA) of xk

i with all xl
j located in other partitions with higher density
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values ( f̂ (xl
j) > f̂ (xk

i ), k 6= l ) is calculated to ensure the optimum value for δ̂(xi). By aggregating the
results, accurate values of δ̂(xi) will be obtained for further decision.

3.2. Distributed Bayesian Locality Sensitive Hashing (BALSH)

BALSH has a specification that similar objects have a higher possibility of colliding than objects
that are more dissimilar. Hence, xi and xj are grouped into the same partition if they result in the same
outcome from a hash function. A hash function is simply any function that can be used to map data of
arbitrary size to data of a fixed size. Hash has recently attracted many big data researchers interest
in mapping large size data to much smaller size data [46]. Assuming F as a set of hash functions
operating on the data points, two points are similar if a hash function like h(h ∈ F ) exists that matches
the Equation (9).

Probabiltyh∈F
[
h(xi) = h(xj)

]
⇔ similarity(xi, xj) (9)

The literature on hash functions and their applications is very rich [46,47]. Partitioning the points
based on their hash values leads to locality preserving. Although, in most of the time, the points
within a partition are similar with a certain confidence, it is possible that two dissimilar points happen
to be hashed in the same partition which is called false positive. In order to reduce false positive,
instead of using a single hash function, a number of π distinct hash functions are applied where
F = {h1, h2, . . . , hπ}. Hence, points with equal values for the whole of π hash functions will be
considered similar. In other words, xi is similar to xj if {F (xi) = F (xj)

∣∣∀ h ∈ F , i 6= j
}

According
to the Spark environment, all of the points are distributed between worker nodes for calculation
of their hash functions in parallel. Each hash function hl, for input data (xi) gives a hash result
hl(xi). The number of hash results is very restricted and limited to a countable value. The hash results
achieved from all hash functions make a vector of hash results. For instance {h1(xi), h2(xi), . . . , hπ(xi)}
is a unique vector of hash results achieved for xi. Each vector of hash results is considered as a partition
ID. When the vector of hash results for xi and xj are equal, it means that both of them are assigned to
an identical partition. Each unique vector of hash results is considered as the ID of its related partition.
The number of partitions achieved by different possible values for ID is much less than the number
of real data. On the other hand, it is possible that hashing assign two similar points into different
partitions which is called false negative. To decrease the false negative also, instead of a single hash
set, an ω combination of distinct hash sets is used. Accordingly, the group G = {F1,F2, . . . ,Fω}
is defined which is a combination of various hash sets. The point is partitioned into different ω

number of hash set strategies. A partition layout of data (P) is the set of disjoint partitions obtained
by applying a single hash set (F ) on the input dataset P(S) = (S1 ∪ S2 ∪ . . . ∪ SM) where Si ∩ Sj = ∅.
Now, by defining G, we have ω number of distinct hash sets, and subsequently ω number of partition

layouts |P| = ω, where S Fτ→ Pτ , 1 < τ < ω so F τ(S) = Pτ = {Sτ
1 ∪ Sτ

2 ∪ . . . ∪ Sτ
M
}

, Sτ
i ∩ Sτ

j = ∅.
Each partition layout also has its own ID obtained by its related hash set. Spark is a platform for
iterative operations on RDD. Applying all of the hash sets in G, ω number of distinct hash layouts will
be obtained. After the construction of all partition layouts, each xi has been assigned to ω partition
layout IDs. Calculation of the partition does not have any dependency on each other and can be easily
done in parallel. If we have N number of datasets these are grouped into ω partition layouts where
ω � N. Let hτ

l be a hash function where hτ
l ∈ F

τ , 1 < l < π, 1 < τ < ω, presuming that the data
distribution is a standard Gaussian distribution N (0, 1). The hash functions used in this paper are
addressed previously [46] as a sample of used hash functions, (hτ

l ) can be defined as Equation (10).

hτ
l =

[
aτ

l xi + bτ
l

wτ
l

]
. (10)

where wτ
l is the slot granularity parameter of hτ

l , aτ
l , and bτ

l are the coefficients of linear mapping
operation. By assuming dc as a cut-off distance, it was proved previously [47] that if a hash function is
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applied to a point like xi, all of the neighbors of xi {xj|xi ∈ P, xj ∈ P, distance(xi, xj) < dc
}

are hashed
to the same bucket with the probability denoted in Equation (11).

Probabiltyh∈F
[
h(xi) = h(xj)

]
≥ 1− 4dc√

2πw
(11)

By using multiple hash functions, BALSH achieves multiple partition layouts and xi in each
of these partitions will achieve a f̂ (xk

i ). Due to the Bayes theory, it was shown previously [41] that
argmax

k
f̂ (xk

i ) contains the maximum a-posteriori estimate for similarity and neighborhood. So max

( f̂ (xk
i ))(1 < k < ω) is the best possible neighbor density representation of xi.
After finding the f̂ for each data point, it is time to find δ̂. According to the definition, the δ̂ exist

in the partition layout with max value for f̂ . If (xk
j ) is the nearest node to (xk

i ) in the kth partition

that f̂ (xk
i ) < f̂ (xk

j ), then δ̂(xi) is the distance between xi and xj. Furthermore, since a cluster center is

defined as a point with both large f̂ and δ̂, the cluster centers are usually distant from each other and
are rarely probable to be hashed to the same bucket due to the locality-preserving characteristics of
hash functions. Therefore, δ̂(xk

i ) might be the minimum distance value in the kth partition but, it is not
the optimum value. There might be some points in other partitions with higher density and nearer
distance. To solve this problem an aggregation procedure will be followed which aggregates all other
points (xl

j) with higher f̂ , ( f̂ (xk
i ) < f̂ (xl

j), l 6= k) from other partitions. The nearest point will be found

among them and the final value of δ̂(xi) for each xi will be recognized. Afterwards, the points with
both higher values of f̂ and δ̂ are the candidates for a cluster center.

4. Design and Implementation

Apache Spark provides a framework to implement the mentioned steps on a distributed
framework. Master nodes distributes the tasks between workers. Workers perform their intended
tasks in parallel. There are six distinct steps in this algorithm which are done in parallel by the workers
without any dependency to each other. These steps are as follows. (1) Parallel calculation of standard
deviation (σ̂l) and bandwidth (y∗l ) with (1 < l < d) as denoted in Equations (7) and (8) in previous
sections. (2) The second step is the distributed BALSH approach, which is applying the hash functions
on the resident data of each worker node to specify their associated partition IDs. Partition ID of
a point is some bit of data stored just inside the data structure of each the data point. (3) Afterwards,
in the third step, the master node assigns all data points with identical partition ID to a worker node.
Each worker node then calculates the local f̂ inside each partition for each data point. The achieved
value of local f̂ for each partition ID will be stored next to the ID of the data point. (4) In the fourth
step, when all local f̂ are completely found for each distinct partition ID, finding the max values of f̂
for each data point will be performed in parallel by each worker which is the globally optimum value
of f̂ among all partitions. (5) The fifth step is the calculation of the local δ̂ within each partition. (6) In
the last step, when the previous step is finished, aggregation of the results for finding the globally
optimum value of δ̂ will be the final step. In this step, the comparison is only between a point and
other points with higher values of f̂ . When the mentioned six steps are finished, the data points with
the highest values for both f̂ and δ̂ are selected as the cluster centers and other points will be assigned
to their most similar cluster center. These six steps are depicted in Figure 2. The master node is the
main coordinator between these worker nodes. At the beginning of each of the mentioned six steps,
the master node proportionally distributes the required data points between the workers. During each
of the mentioned steps, each worker node performs its intended algorithm on its accessible data points
and finally emits the results to the RDD. Clustering algorithms based on the MapReduce computing
paradigm [8] force a particular linear dataflow structure on the distributed clustering algorithms.
Unlike the limitations of MapReduce-based algorithms, DCDPS does not impose any linear dataflow.
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Figure 2. Parallel steps of the proposed distributed density peak clustering algorithm (DCDPS) inside
each of the Spark worker nodes.

Before the first step, columns of data which represent the features are distributed among the
workers. Calculation of (σ̂l) & (y∗l ) will be done for all of the features. Thereafter, before distributed
BALSH, the points are divided between workers and then similar hash functions are calculated in
parallel for all the data points located in each of the worker nodes. All members of a partition are
recognized by their partition ID values. The resulted partition IDs will be saved for further application
in the next step. In the third step, after partition construction, parallel computation will be done for all
members of a partition. In this step, the points are distributed among worker nodes based on their
partition IDs so that all points with identical ID will be assigned to the same worker node. Step 3 will
be run for all IDs. Load balancing between the workers is simply handled by Spark. Step 4 begins
after finding all local f̂ values within each partition, the data points with all of their f̂ are given to
workers in parallel to find the maximum value of f̂ . When optimum f̂ for all the points are calculated,
the next step will be followed. In the fifth step, local δ̂ value for each partition is calculated. Here the
nearest OWA distance inside each partition can be easily found. The distance is only compared with
points having higher f̂ which drastically cuts the search space. Finally, in the last step, all δ̂ values will
be aggregated in one worker node to find the winner among them. In the last step, only points with
higher f̂ values need to be concerned in aggregation.

5. Experimental Results

In order to evaluate the advantages of the proposed method (DCDPS), it has been completely
implemented and tested on some well-known datasets. DCDPS was run on our standalone Spark 2.2.1
under the Hadoop YARN cluster management benefiting from four commercial computing nodes.
Each of these nodes were similar in configuration. They benefited from a 6th generation Intel Core i7
CPU with model number (Core i7-6800K), 8 gigabyte of DDR4 SD RAM, and 1 terabyte of SSD hard
disk. DCDPS is also tested on Amazon EC2 [48]. Amazon instance types used in this research include
instance service code numbers m4.xlarge, m4.2xlarge, and m4.4xlarge which benefits from Intel Xeon
E5 CPU family and Amazon EBS instance storage technology. A comprehensive information on the
configuration details of Amazon instance types according to the instance service codes is provided
in [49]. Some of the recently published algorithms have been implemented and compared with the
proposed method based on pervasive clustering validation metrics. The results are presented at the
end of this section.

5.1. Datasets

DCDPS is proposed for unsupervised big data clustering. When it comes to large scale data
clustering, a good clustering should work with a dataset with any scale or complexity in a fully
distributed and parallel mode. As it is typically reported in many of the previously published big data



Symmetry 2018, 10, 342 12 of 23

clustering researches [22,50], the proposed algorithm also will be evaluated on clustering both synthetic
and real-world big datasets. In order to evaluate the performance and efficiency of the proposed
method on big data clustering, four well-known big datasets are selected to be clustered using DCDPS.
These datasets have large size and high complexity. Hence, they cannot be clustered with old and
regular existing clustering algorithms. These four well-known datasets are chosen for evaluation of
efficiency, robustness, preciseness, and scalability of the proposed method. The first two big datasets are
well-known datasets used in gene expression clustering. DCDPS is used for gene expression clustering
as a practical application of big data clustering in biology. Gene expression clustering is an area of
research in biology which is described in details in Section 2.4. Gene expression clustering need to
be robust to natural and intrinsic outliers in the input data. Also, it needs to handle the challenges in
clustering of such complex big data. DCDPS is used for gene expression clustering problems in this
research according to its capabilities to handle the obstacles in clustering of gene expression big datasets.
The dataset used for gene expression was obtained by monitoring the expression pattern of various
genes in different biological conditions using the microarray technology [43]. One of the datasets
used for gene expression clustering in this research includes clinically obtained gene expression
datasets from liver tissue assayed on cDNA, Oligonucleotide, and Affymetrix. cDNA, Oligonucleotide,
and Affymetrix are three gene expression monitoring technologies described completely in a past
paper [51]. The achieved datasets (LIV) includes large scale multiple microarrays of GeneChips
(MOE430A and MOE430B), spotted cDNA microarrays, and spotted oligonucleotide, which are
completely addressed previously [52,53]. DCDPS is used to group similar genes into a cluster to
help biologists in knowledge discovery from a huge amount of genes. The LIV dataset includes
nearly 40 million records with 10 attributes for each record. Genes are assumed similar if they show
similar gene expression patterns. Another large scale dataset is Arabidopsis Thaliana (ART) which
contains about 50 million gene expression records of Arabidopsis Thaliana over 20 time points [54].
Arabidopsis thaliana is a small flowering plant. Gene expression patterns during the life span of
this plant consist of a large dataset. The values of monitored gene expression are normalized before
further cluster processing according to the method described previously [55]. In order to show the
capabilities of DCDPS in large-scale clustering, it is applied to a general clustering approach using the
large scale well-known big dataset called Heterogeneity Activity Recognition (HAR). HAR is the third
dataset used in this research which is a human activity recognition dataset used for clustering [56].
In this research, HAR is used as a standard clustering dataset devised to benchmark human activity
recognition algorithms in real-world contexts; specifically, the HAR dataset is gathered with a variety
of different device models and use-scenarios in order to reflect sensing heterogeneities to be expected
in real deployments. It has more than 43 million records of data with 16 attributes. It was publicly
provided by the UC Irvine (UCI) machine learning repository for interested researchers on big data
clustering [57]. HAR has been used as a standard dataset for big data clustering approaches by many
researchers since its introduction by UCI machine learning repository [58,59]. Hence, authors also
preferred to benefit from this well-known dataset to evaluate their proposed method in efficient and
precise big data clustering. Also, authors of this paper used a synthetic large scale dataset (SYN) with
added noise in order to test and evaluate the robustness and scalability of the proposed approach.
On this basis, the fourth dataset used in this research is the SYN dataset, which is a synthetic dataset
produced by extending a real dataset. SYN is derived from individual household electric power
consumption dataset. This dataset includes measurements of electric power consumption in one
household for different electrical quantities and some submetering values. The original dataset is
also publicly provided by UC Irvine (UCI) machine learning repository for interested researchers [60].
The original dataset has nine attributes and more than 2 million records. SYN has four types. SYN4 is
the biggest one containing near 20 million data records. Respectively, SYN3 is half the size of SYN4,
SYN2 in half the size of SYN3, and SYN1 is the original dataset without any extensions. In order to
extend the dataset from SYN1 to SYN4 the well-known model extension approach is used which is
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addressed previously [61]. The scalability of the proposed method was monitored after each increment
step in the size of SYN dataset.

5.2. Cluster Validity Index

Clustering is an unsupervised approach and there is no predefined ground truth for the clustering
evaluation. Instead, Cluster Validity Indexes (CVI) are the universal measurement for the evaluation of
the clustering quality and precision. Many of these metrics are addressed in the literature and widely
used for comparison of clustering algorithms [1]. In the proposed paper WB index [62], Dunn’s index
(DUN) [63], Charnes, Cooper & Rhodes index (CCR) [64], and Symmetry index (SYM) [65] are used
for cluster validity indexes. Higher values of CVI shows that cluster members have higher similarity
with each other. Also, higher CVI indicates better separation between the clusters.

5.3. Parameter Tuning

The proposed method (DCDPS) does not suffer from any sequential bottlenecks during the
density peak detection phase. The only parameter needed to be determined is number of hash function.
The number of hash functions controls the number of partitions. The number of hash functions
is controlled by ω and π. There is a tradeoff between the precision of results and the processing
complexity and cost. Higher values of ω and π imposes the burden of computation but the precision
of partitions increase. However, it is not always the case, since very high values of ω and π leads
to plenty of tiny partitions which are atomic and useless. Therefore, the optimum values for these
two parameters should be chosen to keep both computational cost and accuracy reasonable. For this
reason, the mentioned datasets are sampled for problem relaxation and different values of ω and π are
tested. The test was performed on all datasets, and computation cost and accuracy values are averaged.
The results are depicted in Figure 3. On average (5 < ω < 7) and (3 < π < 5) was the optimum value
for BALSH. As depicted in Figure 3, more hash functions only increases the computation complexity
proportionally and ω and π with higher than optimum values does not help to improve the accuracy.
When the number of hash functions increases more than the threshold, nodes are so refined that
accuracy again decreases. Hence this optimum number is very practical for both ω and π. The cut-off
parameter is adaptive and there is no other parameter(s) for tuning the algorithm.
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5.4. Results

In order to evaluate the proposed method, DCDPS was implemented and tested on the
mentioned datasets. Since the clustering result of such immense multidimensional dataset cannot
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be simply visualized. The performance of DCDPS in precise clustering is evaluated by taking
the advantages of CVIs. In order to better compare the cluster validity index of DCDPS with
similar recent researches, the same dataset has been tested and evaluated on some well-known
recently published works. Authors preferred two groups of clustering approaches for comparison.
The first group includes the non-density-based clustering approaches and the second group are
all density-based clustering algorithms. According to superiorities of density-based algorithms
these two distinct group of clustering methods were chosen for comparison. Authors tried to
select various types of non-density-based clustering approaches for the first group to evaluate the
cluster validity indexes intuitively and practically. Accordingly, the non-density group of algorithms
includes Modeling-based Clustering (MBC) [29], Hessian Regularization-based Symmetric Clustering
(HRSC) [30], Multi Objective Optimization Clustering (MOOC) [31] and Rough-Fuzzy Clustering
(RFC) [32]. All of these algorithms are described in literature review Section 1.1.

All of the mentioned algorithms have been implemented and the validity index of their final
cluster results have been calculated and depicted in the tables. The validity indexes of similar clustering
algorithms are presented respectively for the LIV dataset in Table 1, HAR dataset in Table 2 and ART
in Table 3.

Table 1. Validity index of various clustering method obtained from the LIV dataset.

Method WB DUN CCR SYM

MBC 0.51 0.57 0.61 0.70
HRSC 0.59 0.63 0.69 0.75

MOOC 0.53 0.61 0.64 0.73
RFC 0.64 0.67 0.72 0.79

DCDPS 0.69 0.72 0.73 0.82

Table 2. Validity index of various clustering method obtained from the HAR dataset.

Method WB DUN CCR SYM

MBC 04 0.53 0.53 0.72
HRSC 0.81 0.57 0.61 0.79

MOOC 0.77 0.55 0.56 0.75
RFC 0.82 0.58 0.65 0.78

DCDPS 0.82 07 0.71 0.82

The reported results in the Tables 1–3 show that the proposed approach (DCDPS) has
obtained more homogenous clusters with better CVI values in comparison with recently published
non-density-based clustering approaches. Higher CVI values shows that members of a cluster are
much similar to each other and dissimilar to other cluster members. Also it shows that there is a good
separation between members of distinct clusters. It is because of its density-based characteristics and
partitioning strategy of BALSH that preserves the locality and implicitly removes outliers. Ultimately,
the members of the resulted clusters are much similar to each other while the separation between
the clusters are better than some of the famous recently published approaches. DCDPS is also
compared with some density-based clustering approaches to better compare its performance with
other density-based clustering algorithms. The superiorities of density-based method in precise and
flexible clustering in comparison with other clustering method is addressed in the literature [1–3].
Also it was described in the Section 1.1 and the introduction section. According to this fact that
the proposed method is a type of distributed density-based clustering methods, authors decided to
compare their proposed method with various types of density-based methods. This comparison can
practically evaluate the accuracy of the proposed method in comparison with similar types of clustering
methods. All of the methods used for comparison are recently published. These algorithms are
included in the second group of comparable algorithms which are all density-based clustering methods.
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The second group includes CDP [15], Fast DBSCAN [28], Fast Density Peak (FDP) clustering [33]
and HDBCSAN [34] which are discussed and described in details in previous sections. Various types
of well-known CVIs are used as a standard metric for preciseness and cluster validity evaluation.
The test was executed on HAR dataset and the results are reported in Table 4. As it is expected,
there is no drastic difference between different density-based methods and accuracy of them can be
assumed approximately similar if we ignore small differences. Table 4 shows that DCDPS keeps the
precision and correctness of density-based algorithms and none of the locality information has been lost
during the BALSH step. However, by reducing the unneeded distance calculation, DCDPS needs less
distance calculation in comparison with similar approaches which leads to lower computation costs for
distance calculation. The performance and speedup of DCDPS in comparison with other mentioned
approaches shows its high superiorities. Other approaches are not parallel or fully distributed,
hence their computation performance is much weaker than DCDPS and because of their substantial
differences their speedup comparison does not have any contribution. Also MapReduce-based
clustering algorithms have much higher computation complexities and cannot be compared by high
speed Spark-based clustering approaches [66,67]. Hence, in this paper speed up and scalability of
DCDPS is just compared with other Spark-based clustering approaches.

Table 3. Validity index of various clustering method obtained from the ART dataset.

Method WB DUN CCR SYM

MBC 0.57 0.48 0.55 0.75
HRSC 0.64 0.54 0.63 0.82

MOOC 0.59 0.50 0.59 0.76
RFC 0.61 0.54 0.64 0.85

DCDPS 0.69 0.60 0.67 0.87

Table 4. Validity index of various clustering method obtained from the HAR dataset.

Method WB DUN CCR SYM

HDBSCAN 0.74 0.64 0.66 0.76
DBSCAN 0.78 0.65 0.68 0.78

FDP 0.81 0.67 0.70 0.82
CDP 0.82 0.66 0.69 0.83

DCDPS 0.82 0.67 0.71 0.82

In order to check out the robustness of the reported clustering algorithms to the outlier presence in
the input data, no preprocessing or cleaning steps has been conducted to the input data. Tables 1–3 also
show robustness of the proposed method (DCDPS) to the presence of intrinsic outliers in comparison
with similar recent researches. The SYN dataset is a synthetic dataset used for the scalability evaluation
and speedup assessment of the proposed algorithm. SYN has four types. SYN4 is the biggest one
containing 20 million data records. Respectively, SYN3 is half the size of SYN4, SYN2 is half the size
of SYN3, and SYN1 has near 2 million records. The validity indexes of DCDPS results on different
SYN datasets is indicated in Figure 4a. For a better comparison, the CVI of Spark standard MLLIB
K-Means clustering algorithm [9] is also calculated for the same datasets which is depicted in Figure 4b.
Accordingly, Figure 4 indicates that by increasing the size and complexity of the data, the validity
indexes of the final results obtained by Spark MLLIB K-Means shows a drastic descent in comparison
with DCDPS. More than that, BALSH behaves like a simple preprocessing phase that filters out many
of the outliers.
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K-Means is a partition-based algorithm and suffers from the reliability to know the number of
clusters before clustering. Also, it is sensitive to the outlier data and it cannot recognize nonspherical
clusters efficiently. We performed various K-Means algorithms with different values of K, as its initial
number of predefined clusters. The best results were obtained for (K = 3) which is shown in Figure 4b
whilst other results of K-Means were much poorer. Also, recurrent K-Means execution on the same
dataset did not converge to a constant and steady cluster results.

It was mentioned that because of substantial difference between other parallel or distributed
algorithms with Spark-based clustering approaches and superiorities of Spark over similar frameworks,
in this paper, speed up and scalability of DCDPS is just compared with other Spark-based clustering
approaches. Though of the critical shortcomings in K-Means, its simplicity leads to a considerably
low computation complexity. So we compare DCDPS with K-Means to evaluate both the computation
cost and scalability of the proposed method. Spark is a platform well-suited for scalable processing
of big data [10]. By proposing an approach that fully adapts with Spark, DCDPS also benefits from
the scalability potentialities of Spark. In order to better evaluate its speed-up and scalability, two
recently published distributed density-based algorithms based on Spark are also tested on the SYN
dataset. These algorithms are DBSCAN over Spark [28] and CLUS [27] which were reviewed in the
related works. These two approaches are chosen for comparison with DCDPS because they are both
distributed clustering methods developed under the Spark processing framework. Both of these
approaches were also published recently which makes them good candidates for comparison with
DCDPS for computation and scalability evaluation. The final achieved results are depicted in Figure 5.
In Figure 5a, the processing overhead increases when the size of the data increases. The processing
overhead is actually the logarithmic value of excessive time needed to finish the clustering task for each
of the SYN dataset. It was mentioned that SYN dataset has different sizes. SYN1 has the lowest and
SYN4 has the highest size among these versions of SYN dataset. As indicated in Figure 5a, the relative
runtime rises up with the increase in the size of SYN datasets. DCDPS shows less computation
complexities in comparison with CLUS and DBSCAN for the various sizes of SYN dataset. As the size
of SYN dataset increases, the difference between DCDPS and these approaches becomes even more
drastic. This is because of the serial processing bottlenecks in DBSCAN over Spark [28] and CLUS [27]
which makes them more time consuming in comparison with DCDPS. On the other hand, processing
complexities of DCDPS do not show a sensible difference with K-Means and this little difference can
be ignored. It is worth mentioning that, MLLIB K-Means is a standard scalable Spark open-source
clustering library officially provided by Apache Spark. Accordingly, it can be used as a standard
algorithm for scalability comparison. Hence, higher similarity of the behavior of DCDPS with K-Means
in comparison with other approaches shows high scalability of DCDPS when the data size increases.
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However, the final result of DCDPS is much more precise, reliable, and robust in comparison with
K-Means. The speed-up is calculated with a simple ratio of consumed time for completely performing
the task. It can be derived as shown in Equation (12).

Speedup =
TP
TC

(12)

Where Tp is the whole of time consumed for completely performing the task in previous step and
Tc is the whole of time consumed for completely performing the task in current step. By increasing the
number of processing nodes, the next step will be followed by previous one. The relationship between
speed-up and the number of processing nodes is depicted in Figure 5b. These results are achieved
from a single local Spark with only one processing node and multi-processing node Spark provided by
EC2. Similarity of the behavior of DCDPS and MLLIB K-Means for various SYN datasets shows that
DCDPS has a similar scalability as standard MLLIB K-Means.
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As predicted, when the processing node increases n times, the speed-up is not exactly n times risen.
This is because of the overheads of Spark infrastructure and limitations in the hardware architecture.
DCDPS has much similarity with K-Means in computation cost and their little differences can be
ignored. However, DCDPS has better efficiency in comparison with DBSCAN and CLUS. In order
to evaluate the optimum values for f̂ two parameters can be defined. This shows how BALSH has
find the appropriate partitions. The first parameter is precision average (θ1) which is the fraction of
correctly approximated f̂ . θ1 is defined in Equation (13).

θ1 =

∣∣∣{ f̂ (xi)
∣∣∣∀xi ∈ P, f̂ (xi) = f (xi)

}∣∣∣
N

(13)

Larger values of θ1 shows that the f̂ of more points are estimated correctly. When θ1 = 1, it is
the perfect and best precision whilst θ1 = 0 is the worst case of precision. The second parameter
is normalized absolute error of estimation which we call reverse error (θ2) and it is defined as
Equation (14).

θ2 = 1−
∑i

∣∣∣ f̂ (xi)− f (xi)
∣∣∣

∑i f̂ (xi)
(14)

Larger values of θ2 show lower absolute error. If absolute error approaches close to zero then θ2

will approach 1. For simplicity, the LIV dataset has been sampled and various values of ω and π are
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tested. Optimum values of ω and π leads to highest accuracy (A). Figure 6 depicts the relationship
between θ1, θ2 and (A). In Figure 6 the expected accuracy is varied on the horizontal axis. For each
expected accuracy value, values of ω and π are set and the algorithm is executed. The resulting values
of θ1 and θ2 are reported in Figure 6. Figure 6a,b indicate that both θ1 and θ2 increase when the expected
accuracy (A) elevates. θ1 and θ2 both reach near 1 when (A) approaches close to 1. The average of
accuracy (θ1) has a diagonal locating behavior around the expected accuracy.
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Figure 6. (a) Expected Accuracy (A) Versus Precision Average (θ1). (b) Expected Accuracy (A) Versus
Reverse Error (θ2).

It is a nice evidence that BALSH has achieved the goals of expected accuracy (A) in each step.
It was mentioned that no preprocessing steps were conducted on the datasets before executing each
of the algorithms to evaluate their robustness to outliers. In order to evaluate the robustness of the
DCDPS, some additive outliers were randomly added to the original LIV dataset and the mentioned
algorithms were again executed. As expected, all algorithms decline in precision and accuracy of their
final results; the slope and intensity of decline is different between them. DCDPS shows the least
acceleration in comparison with other algorithms. The decline rates for various CVIs are indicated
in Figure 7. For various CVIs, DCDPS shows much stronger to the destructive effects of outliers in
final cluster results. This is another evidence that DCDPS benefits from density, locality preserving,
and separation characteristics to find more homogenous clusters. It was mentioned that worker
nodes need to execute six distinct steps in parallel. These six steps need various computation time
for their execution. In order to better compare the computation, cost of each step, DCDPS have been
executed on a simplified sample of SYN1. DCDPS have been tested with different number of execution
nodes. The execution time of each step for the whole of the data is reported by distinction on the
number of computation nodes in Figure 8. It has been run on the mentioned EC2 platform. According
to Figure 8, the second step consumes much more time than the other steps. After the second step,
the fifth and third steps have the highest computation burden. This situation is steady for different
execution scenarios.

The total processing time decreases when the number of processing nodes increase, but the time
share of each step remains approximately the same.
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in the LIV dataset.
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Figure 8. The time complexity of execution for the six steps of DCDPS with different number of
execution nodes.

6. Discussion

It was indicated that DCDPS outperforms other similar clustering approaches. There is a great
difference between the complexity of the hash function calculation and distance calculation between
all possible pairs of data in the dataset. The hash function has a much lower computation burden in
comparison with distance function and does not need to have any access to other values, however,
for the distance calculation the whole of the data should be cached in the main memory and the
distance must be calculated for all possible pairs of data which imposes a lot of overhead. More than
that, many of the calculations are useless for the points which are not either similar or neighbors in the
universe space. The proposed method (DCDPS) not only takes the advantages of the Spark computation
framework but also introduces a novel distributed adaptive density peak clustering approach. DCDPS
does not suffer from any serial bottleneck during the whole of its procedures. The data in each of the
six steps are partitioned so that there is no dependency between them at all. Each worker node in
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Spark performs its assigned tasks completely independent of other worker nodes. The master node
comprehensively controls the procedure. By benefiting from BALSH, data are partitioned with highest
locality preservation and least false positive or false negatives. The adaptive density estimation makes
the density and neighborhood evaluation a versatile procedure. Adaptive density makes the algorithm
data driven and avoids the drawbacks in conventional fixed cut-off distance. All of the superiorities
of density-based clustering are preserved while the competitive computation cost and scalability has
been given to the DCDPS. Furthermore, DCDPS filters out much of the noise and outliers during its
partitioning procedure called BALSH. Its adaptive density estimation and implicit locality preservation
makes it robust against the destructive effects of outliers. DCDPS does not need any prior knowledge
about the dataset.

7. Conclusions

In this paper, a distributed density peak clustering approach is introduced. The proposed approach
(DCDPS) benefits from the density-based clustering advantages and does not need to have any prior
knowledge about the clusters; its clustering results are the most time steady and constant. It can
cluster any kind of dataset with an arbitrary geometric shape. It has considerable robustness to outliers.
The proposed algorithm has six main steps which are executed by worker nodes on Apache Spark
and its RDD as one the most efficient processing frameworks for big data processing. The presented
approach has an acceptable scalability and least data dependency between its processing nodes.
Furthermore, it benefits from a flexible and efficient similarity measure called ordered weighted
averaging distance. The density is adaptively estimated and no prior fixed number is needed for density
calculation. DCDPS benefits from Bayesian Locality Sensitive Hashing (BALSH) which partitions the
similar data according to their hash codes. This prevents unneeded distance calculation between all
possible pairs of data in dataset. The proposed method has been implemented and validated with
some prevalent datasets in the literature. The results of the proposed algorithm have been compared
with results from similar clustering approaches which have been recently published including MBC,
HRSC, MOOC, and RFC. Achieved results show better precision and higher cluster validity indexes of
DCDPS. It also has a relative robustness to the noise presence in comparison with the addressed papers.
The scalability of the proposed algorithm is evaluated by comparing its results with some distributed
clustering algorithms-based on Spark such as MLLIB, DBSCAN, and CLUS. The computation cost
does not show a considerable difference between DCDPS and MLLIB K-Means; however, it has
outperformed the computation speed of CLUS and DBSCAN over Spark. On the precision aspect,
DCDPS shows a considerable superiority in the cluster validity index of the results and a relative
robustness to noise presence in comparison with MLLIB K-Means. DCDPS can simply operate under
any of the latest distributed and cloud computing technologies. Furthermore, it does not have the
drawbacks of serial calculation and operates in a fully distributed environment. The final results do
not have any dependency on the starting situation of the algorithm as the data dependency between
parallel working nodes is at its least. Thus, the final results are much practical and reliable, especially
in the gene expression applications.

Future Works

The proposed method is recommended to be applied for various applications where the user wants
to benefit from the advantages of density-based algorithms with the least computation complexity and
high scalability. Using novel partitioning methods and especially hash functions are recommended.
Also the combination of the hash function and density estimation can be very beneficial. The fuzzy
weighted approximation also can be useful in density approximation or data partitioning phase.
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