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Density based clustering is clustering technique which has the ability to find the arbitrary shaped clusters.
One of the most important reason for the success of density-based clustering is its ability to obtain the
clusters of arbitrary shapes. DBSCAN is pioneer and one of the most studied algorithms in this category
of clustering. The success of DBSCAN attracted the attention of researchers. Due to its ability of forming
the arbitrary shape clusters and noise detection, DBSCAN is used as a benchmark algorithm in density-
based clustering technique. DBSCAN also have few limitations, one of the major limitations it suffers is
the manual input parameters. DBSCAN used two manual values as an input namely Epsilon and MinPts.
Epsilon define the searching area and hence plays a very important and decisive role in cluster formation.
With very small value of epsilon, one may obtain too many clusters. It will be difficult to detect the noise
with small value of epsilon. When the value of epsilon is larger, the size of cluster will be larger. The
large size of cluster will affect the ability of algorithm to detect noise. As the epsilon plays a very important
role in quality of clusters. The proposed approach addressed this issue by automatic determination of
epsilon. The proposed algorithm provides an optimal value of epsilon.

Povzetek: Clanek obravnava izboljsavo algoritma DBSCAN z avtomatsko dolocitvijo parametra epsilon,

kar omogoca kakovostnejse grucenje in zanesljivejSe zaznavanje suma.

1 Introduction

Due to wide use of Information Technology,
computers and computing technologies in different
domains and affordable cost of storage facilities, the
amount of data is growing with a rapid pace. Larger
organizations need data of different dimensions and of
different subject. Our data repositories are becoming
larger and more complex. Bulk of data created in many
fields and this data is mostly noise or multi-dimensional
by nature. Due to greater numbers of dimensions and
huge volumes of data, it is becoming challenging to
study, retrieve, classify and understand data [1].
Clustering is a popular technique used for analyzing and
exploring and understanding the data. In clustering
we group or arrange data by the following the principle
of homogeneity in a group [2]. Different classes
of data are grouped together based on their similarities.
Such groups are known as clusters. We try to maximize

the inter cluster similarities and minimize the intra-
cluster similarities so that objects are as analogous as
possible within cluster and as different as possible
between different clusters. Data clustering has a wide
scope and application in different fields such as
customer and marketing analyses, image processing,
geo-physics, medicines, crime detection, fraud detection
and agriculture [3]. The heterogeneous and convoluted
nature of multidimensional data makes the clustering
difficult and tricky. To enhance the precision of
clustering, a scheme. The author [4] was proposed to
contain  indigenous  correlation  structures. An
independent weighted vector is associated and
embedded with each cluster in the subspace traversed by
an adaptive pattern of the dimensions. The proposed
algorithm takes the advantage of the well-established
pairwise instance level restraints. Inference is used in the
constraint set to allocate the data points into different
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groups. Corresponding centroid and the sum of squared
distance is lessened by assigning each group to realistic
cluster [5].

1.2 Data clustering type

Data clustering can be characterized as grid- based,
partition based and density-based clustering. Partition
based clustering algorithm as k-means. The paper [6] has
shortcoming of finding the clusters in sphere only. K-
means also needs exact count of clusters as an input of
algorithm. The specific problem is resolved in Kernel k-
means [7]. Kernel k-means can find clusters of random
shapes by using the concept of feature. Kernel k-means
is not suitable for large-scale data set due to its time
complexity of O (n2). On the other hand, hierarchical
clustering algorithms use the minimum distance criteria
to divide the dataset into smaller subsets. These subsets
are represented by dendrogram [8]. Hierarchy based
algorithms works by creating a hierarchical breakdown
of dataset. Most common way for the representation of
hierarchical decomposition is dendrogram. Dataset is
iteratively divided into subsets until there remains only
one object in the dataset D by using a tree structure. In
such formation, each cluster of datasets is represented as
a node. Either agglomerative approach (in which tree is
created from leaves to the root) or divisive approach (in
which tree is created by from root to leaves) is used to
generate the dendrogram. As compared to partitioning
based clustering techniques, k as an input parameter is
not required in hierarchy-based algorithms, but
hierarchy-based algorithm requires information about the
stopping condition. Stopping condition is a condition that
defines when agglomerative or divisive approach should
end [9]. For example, a termination condition in bottom-
up approach can be the minimum distance between the
clusters of dataset D and that is also the problem for
hierarchy-based clustering algorithms. This algorithm
requires termination condition, let suppose a minimum
distance between clusters of datasets. The distance value
must be able to differentiate clearly all the natural
clusters in the dataset. In addition, this distance is large
enough so that a cluster is not divided into two or more
clusters [10]. In Single-linkage [11] algorithm variants
random shaped clusters can be formed but the noise has
significant effect on the quality of clusters. It is also
prone to chaining effect [12].

1.3 DBSCAN

Density based clustering approach is one of most popular
way to obtain the clusters of random shapes. DBSCAN
(Density Based Spatial Clustering of Applications with
Noise) is the pioneers and one of the most used
algorithms to determine the density-based clusters [13].
The DBSCAN (Density-based spatial clustering of
applications with noise) is an efficient clustering method
and one of the highly researched Algorithms of the
density-based clustering as mentioned in [14]. The most
inspiring factor of the popularity of DBSCAN is its
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ability to find the clusters of arbitrary shapes and its
ability to address the noise factor efficiently. These two
points rank the DBSCAN as one of the most researched
algorithms of clustering process [15]. DBSCAN requires
two parameters to find the cluster from dataset, Eps and
MinPts. Eps defines the maximum radius or range in
which we can search neighboring points and MinPts.
Represent the minimum  number of points, which are
required to form a cluster. Performance of DBSCAN
affects greatly the number of dimensions in dataset and
values of Eps and MinPts. To check the density of each
element of dataset D is greater than the threshold value
of MinPts. DBSCAN scans traverse the entire dataset. A
predefined value of epsilon is used to the number of
elements or points within distance of epsilon or less. If
the number of elements within the distance defined by
epsilon fall short of the MinPts. Value, the points are
temporarily classified as noise otherwise of the points are
greater than or equal to the MinPts. They are considered
as dense pattern. Then this dense cluster is assigned to a
new cluster C, the same search process is performed on
the remaining points [16]. The traversing or scanning
process continued until each point of dataset has been
examined. After completing the iterations, all the points
that are left behind in earlier iterations as without clusters
or the points that are temporarily classified as noise, are
assigned to a new cluster [17]. Figure 1 present
Clustering Algorithm and type.

1.4 K-Means algorithm
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Figure 1: Clustering algorithm

Clustering criteria of summation of squares is used for
the optimization of the data in algorithms such as K —
means and its variants [18]. K- means and its variations
are bound to fail in case of no — linear Boundaries
between the clusters. Let X = {xi}, i=1; n be the set of
n-dimensional points to be clustered into a set of K
clusters, C = {ck, k=1 ...K}. Figure 1 present type of
clustering type and application. K means algorithm finds
a partition such that the squared error between the
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empirical mean of a cluster and the points in the cluster
is minimized. Let pk be the mean of cluster ck [19].

2 Literature review

With the immense use of computer and information
technology, Data size grows exponentially. In recent
years, 10T devices like RFID, sensors. Remote Sensing
satellites etc generated 2.5 quintillion bytes of data [20].
Data mining methods are used to extract useful
information from bulky amount of data. Clustering is
one of the most important methods to extract knowledge
from huge volumes of data. It also assists us to
investigate the huge volumes of data [21].

Clustering is one the basic building block of
knowledge discover and data mining. It plays an
important role for the analysis of data. Many tools are
developed for clustering algorithms. Because of the
diversity and complexity of information, strength of
algorithm varies so does its shortcomings. It is one of the
basic and most commonly wused technique of
unsupervised learning. In this technique, | group data into
object and classes. The basic idea is to achieve the
maximum homogeneity in a cluster [22]. Figure 2 present
Clustering process types.
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Figure 2: Clustering process

In [23] Jains defines the cluster, as points in the

same cluster must be as similar as possible. Points énl 1
ol

different clusters must be dissimilar, as much
possible. Clear and practical definition of similarity and
dissimilarity must be defined clustering is a technique
that can be defined as the process of grouping similar
object or data that is either abstract or physical together
in the form of classes with respect to the characteristics
found in actual data [24].

2.2 Hierarchical clustering algorithms

In this category of algorithms, a tree-based data
structure known as dendrogram is used to build the
cluster hierarchy. In dendrogram, root is a cluster where
all elements are together. Merging (agglomerative) and
Dividing (divisive) approach is used to create the
dendrogram trees. Clusters are merged as we move
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upward in Agglomerative or bottom up approach. The
other approach which is used in hierarchical clustering
is divisive, which is a top — down method. In this
method, observations start with one cluster and as
algorithm works splits are formed while moving
downward. This process of splitting the cluster persists
until an ending condition or criteria is met. Some of the
most famous and well-known techniques of
agglomerative clustering is Single — list, Complete list
and average link technique. According to paper [25], one
of the major problem above mention techniques has is
that they can only form spherical clusters. Versatile
nature, different validation indices and the flexibility
with respect to the level of granularity are few major
advantages that hierarchical clustering algorithm offers.
On the other hand, inability to modify the objects after
they are assigned to clusters and specifying the
parameters for termination criteria are the major
disadvantage of the algorithms. In hierarchical
clustering technique, objects are group together in
hierarchical manner. Agglomerative (Top — down) and
Divisive (Bottom — up) are the two approaches used to
maintain the hierarchy. The agglomerative or top — down
approach starts with the single object and then merger
objects to form clusters. Whereas the Divisive or bottom
— up approach is opposite. In bottom-up approach,
different objects are combined to form a single cluster.
AGNE Sand DIANA are examples of top — down and
bottom — up approaches, respectively [26].

2.3 Model based clustering method

Relocation based partitioning methods represents an
approach in which certain models such as probabilistic
model or any other clustering-based model is used to
find the clusters which have unknown parameters. A
conceptual view of the model is used to address the
unknown parameter’s problem of the clusters. For
example, a model might assume that the data belong to
the combination of relatively different population.
AUTOCLASS, SNOB and MCLUST are few
algorithms that belongs to relocation based partitioning
technique [27].

2.4 Grid-based

Multi — dimensional grid data structures are used in
grid-based clustering algorithms. Grid- based algorithms
conventionally form grid structures by dividing the
model space into a finite number of cells. All the
clustering operations are performed on the grid
structures obtained by dividing the model space. CLICK,
Wave Cluster and STING are few algorithms that
represents the grid — based clustering algorithms [28].

2.5 Density based algorithm

Density-based clustering algorithm designate solid areas
as clusters and is capable of grouping a set of noisy
arbitrarily shaped data. OPTICS [29], DENCLUE,
CLIQUE and DBSCAN are examples of density-based
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clustering algorithms [30]. As a pioneer in the category
and with the ability of discovering the clusters of
arbitrary shapes and its ability to handle the noise,
DBSCAN is one of the most researched algorithms.
DBSCAN require two input parameters and a dataset.
The input parameters are epsilon and MinPts. Epsilon
represents the radius, or you can say the area for search.
Epsilon is a range or limit for the search from a point.
Whereas MinPts represent the minimum numbers of
point that are required to specify a group of points as a
cluster. In [31] start the process of forming clusters by
selecting a random point. Let us say X, represented by
solid black dot. After the selection of random points,
input parameter epsilon defines the radius of search
space. All the points that fall within the radius of search
space are known as core points. Core points are
represented by shallow dots. To specify the group of
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points as a cluster, the second parameter of MinPts comes
into play. If the total numbers of core points are greater
than or equal to the MinPts, then it can be classified as a
cluster. One of the major limitations of DBSCAN is its
ability to address the clusters with variable densities. This
specific bottleneck is addressed in the VDBSCAN [32].
VDBSCAN used several values for the detection of
variable density clusters. It selects the multiple values of
knee by using k-distance graph. With multiple value of
Eps, it is possible to find the clusters with variable
densities. DBSCAN is run with the different values of
Eps obtained using the K — distance graph. In this way,
multiple clusters of different densities can be achieved.
The time complexity of both algorithms [33]. DBSCAN
and VDBSCAN is the same. Table 1 present the
summary of related work.

Table 1: Literature review

Ref Title Technique Limitation Year
[34] DBSCAN+: A Modified DBSCAN+ Sensitive to the choice of parameters (epsilon 2023
Density-Based and minPts); high computational cost in high-

Clustering Algorithm for dimensional spaces
High-Dimensional Data

[35] Efficient Density-Based Efficient Limited by the curse of dimensionality; needs 2024
Clustering on Large- DBSCAN improvement in handling noise and outliers
Scale Data

[36] Hybrid Density Hybrid Clustering  Performance drops in heterogeneous datasets 2022
Clustering Approach (K-Means + with mixed densities
Using K-Means and DBSCAN)
DBSCAN

[37] Scalable DBSCAN for Scalable Struggles to maintain efficiency with large 2023
Big Data: A Review and Enhancement DBSCAN datasets containing high-dimensional features

[38] DBSCAN on Large- Parallel DBSCAN  Computational challenges with parallelization 2023
Scale Data with Parallel Computing for very large datasets

[39] A Robust Density-Based Robust DBSCAN  Requires fine-tuning of parameters for different 2024
Clustering Algorithm for datasets; struggles with noise in data
Noisy Data

[40] Adaptive Density-Based Adaptive The real-time clustering performance suffers 2024
Clustering Algorithm for DBSCAN when dealing with fast-changing or dynamic
Real-Time Data Streams data

[41] Improving Density-Based Clustering DBSCAN  with Limited scalability; relies on preprocessing for 2023
with Grid optimal performance
Grid-Optimization Optimization

[42] Density-Based Image DBSCAN Sensitive to parameter settings in real-world 2025
Clustering for Complex Image noisy image datasets
Datasets

[43] Hybrid Density Hybrid DBSCAN  Requires careful feature selection to perform 2024
Clustering for effectively in bioinformatics datasets
Multidimensional Data in
Bioinformatics

[44] DHS-DBSCAN: A DHS-DBSCAN High dimensionality still presents a challenge 2023

Hybrid Density-Based
Clustering for Handling
High-Dimensional
Sparse Data

for accurate clustering; complex parameter
tuning




A Novel Method for Automatic Parameter Tuning in Density-Based...

3 Methodology

Clustering performance of density-based clustering
in general and NQ — DBSCAN in particular is heavily
dependent upon the input parameters, especially the
choice of Eps. The smaller value of Eps leads to too many
small clusters whereas large value of Eps can lead to few
clusters with many heterogeneous members. Based on
this observation, optimization of Eps value becomes
important challenge. It became more challenging in
multi-dimensional data. Keeping in view the importance
of Eps in Density based clustering. The proposed
optimize the value of density-based clustering. Proposed
model will be as which is mention in figure 3.

/—N f in;;l;t fl’rglr-;r;n;_t'e,rst
(MinPts)

7 6ptimal value of ] \/‘/
/ Epsilon

Clusters

Dataset

measuring quality =
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Figure 3: Present the proposed model

K-dist is the distance of a point from its kth nearest
neighbor. It will optimize the value of Eps of multi —
dimensional data by drawing the points on k-dist plot.
The curves or the peaks in the k — dist are the point of
interest for optimized Eps value. The proposed model
will calculate distance between two points’ p and q using
Euclidian distance. For two points p and q, if p = (p1,
p2..., pn) and g = (g1, g2..., gn), the Euclidian distance
can be calculated using.

a2

dp . @ = J(ql-m) +(a=p2) ++ (2 =)

4.0 5" (a,~p,)

The quality of cluster greatly depends on the value
of Eps. The proposed model will optimize the value of
Eps to improve the quality of clusters. The following
figure represent the complete process of proposed
solution. The proposed an algorithm that utilizes the
concept of global epsilon. The traditional method of k-
distance plot is enhanced by adding the mean and
standard deviation. From below mentioned algorithm,
I can achieve an optimal value of epsilon. The steps of
algorithms are as follow.
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1. For each point x in dataset compute distance of kth

nearest neighbor as k-dist.

. Save and arrange k-dist values in ascending order.

. Plot the sorted distance.

. Compute the slope of each point of the plot.

. Computer standard deviation and mean of non-zero

slopes.

6. Track Down the first slope directly above the sum of
mean and standard deviation of the slopes computed
in step 5.Corresponding value in the list is the
optimized value of Eps.

Proposed algorithm will use the Kth — nearest — neighbor

methods to determine the nearest neighbors. For the

calculation of the distance between two points, the
proposed model use Euclidean Distance. To calculate the

Euclidean distance between two points p and g. The

formula as mentioned below.

a b~ N

dp.q) = J(ql —p) + (@2 =p2) ++(a,—p)
=,/Z?=l(qn =Ba)

Here we have demonstrated an example to show the
effectiveness of proposed algorithm against the state-of-
the art algorithm. This algorithm outperformed
traditional algorithms like specially [45] is the most
commonly used technique to determine the values of
Eps. Figure 4 present Proposed model different steps
along with the details information. The dataset | used to
compare the effectiveness of proposed algorithm is iris.
The value of epsilon | used for comparison is the most
suitable value [46] suggest the metric | used to prove the
effectiveness of proposed algorithm is Silhouette
Analysis. The value of epsilon selected by proposed
algorithm is 0.55 and [47] suggest the value of epsilon
as 0.42. Iris is the multivariate flower dataset presented
by an England based statistician and biologist Ronald
Fisher in 1936. Iris contains of 50 samples from three
flower species each. The three flowers’ species included
in iris are iris versicolor flowers, iris serosa flowers and
iris Virginia flowers. Four different characteristics are
measured from each sample. Width and length of petals
and sepals is measured in centimeters. Iris dataset
contains 150 instances with the 5 dimensions namely
sepal length, petal length, sepal width, petal width and
finally class. Iris is free of cost and publicly available at
UCI machine learning Repository [48].
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Figure 4: Proposed model with different steps

4 Experiments and results

Experiments were conducted on Intel core 17
2.80GHz vPro processor with 16GB RAM. Experiments
are divided into two Sections; first section represents the
dataset that have less dimensions like the have one or 2
dimensions. This presents us an opportunity to compare
the results in better way with some state-of-the-art
techniques. The latter half represents the effect of eps on
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higher dimension. For higher dimension, are used
Silhouette as a metric to measure the effectiveness of the
Eps.

4.1 Data set

We used different datasets to measure the effect of
our method. We used three synthetic datasets of two
dimension. First dataset we used is known as
Compound. The compound dataset contains six clusters
of different densities. The dataset has 399 different
points. The densities vary greatly in compound dataset.
That makes it difficult to cluster accurately. The other
synthetic dataset we used is complex9 dataset with 9
different clusters. Complex9 dataset has 3031 points.
The last synthetic dataset R15 has fifteen different
clusters. It consists of 600 points.

We initially used three different strategies to
calculate the optimized value to eps

» Mean(slopes) — Standard Deviation(slopes)
» Mean(slopes) + Standard Deviation(slopes)
» Mean(slopes) + 2 x Standard Deviation(slopes)

The datasets used in the experiments are in
following order datasetl (Compound), dataset2
(Complex9), dataset3 (R15). The minimum point (k) is
set to be 3 for datasetl and dataset 2 and K is set as 4 for
R15 dataset. The clustering accuracy of the three above-
mentioned strategies produced the following results.
Table 2 present the dataset distribution with details.

Table 2: Dataset distribution

Dataset Type No. records/cardinality Dimensions
T 4.8k Synthetic dataset 8000 2
Aggregation Real application dataset 78 2

5 Results and discussions

With the abovementioned graphical visualization, it
is obvious that proposed algorithm perform very well is
all above mentions scenarios. Hence it provides and
efficient way of calculating the Epsilon. The algorithm
performs well even on high dimensions’ datasets and,
hence meeting its objectives. Algorithm provides an
efficient way of selecting an optimal value. In some
cases, it might not provide the best value. However,
frankly the best value is not always possible. This
Algorithm provides an optimal value for startup. The
complexity and tricky nature of Eps is always a
headache. The very small value or epsilon causes greater
number of very small clusters and a large value causes
the clusters of very large size and hence effecting the
quality of cluster by mis judging the noise. The MinPts
is another important parameter that effects the quality of
cluster. Proposed algorithm addresses this issue by

selecting the value of kth nearest neighbors as a MinPts.
We have studied the effect of minimum points (MinPts
or k) on the estimated value of eps and its effect on the
clustering accuracy. The clustering accuracy drops at
low and high values of k. the higher value of k the lower
will be the accuracy of. This algorithm performs equally
well on the higher dimensions. Still there are some
limitations of the proposed algorithm. It has its
limitations on the dataset in which their density varies
greatly. For these types of datasets, the global value of
epsilon is not effective, as discussed in section 2. That is
the reason proposed algorithm did not perform well on
variable densities datasets like wine, Diabetes and Digits.
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Figure 5: Blue line Represents Complex9, Red
represents R15 and Green represents

Due to higher variability in the densities. For these types
of dataset, value of epsilon must be calculated locally.
i.e., different values of epsilon can be used for different
densities. This can be represented by a graph as
shown in figure 5 and figure 6. K-dist plot is tricky.
Sometime there is very clear knee position that we can
select as eps but sometimes we struggle to find the knee
in this plot. We can have sat knee is not clear sometimes.
To get the automated value of knee we derived a
technique. i.e we first calculated the sum and Standard
Deviation of slopes. When we calculated the slope, it
looks like as shown in the figure 6. After we get our
slopes in clear format, we calculated sum of mean and
standard deviations of these slopes.

Figure 6: Represent the clusters of r15

We will use the Breast Cancer dataset, which is available
on the sklearn library. Breast Cancer dataset is a copy of
UCI ML Breast Cancer Wisconsin (Diagnostic) dataset.
The dataset is made of 569 instances and 30 attributes,
but for this analysis, we will use only five attributes.
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The corresponding value of the 59.93119 in the dataset
that contains the k neighbors is the value of eps. In this
example, he that correspond 59.93119 is 0.260000. We
used this value to find the cluster of our dataset i.e r15
.which show in figure 7 and figure 8. After loading the
dataset in Jupiter. We are going to calculate the kth
nearest neighbors. We calculated the Kth nearest
neighbor by using Nearest Neighbors from sklearn.
Neighbors. From the Breast Cancer dataset, we only
select the first five columns and we store it into a new
data frame named "data’s".
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Figure 7: Selecting the value greater than the threshold
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Figure 8: kth neighbor

The figure 8 and 9 shown above represent the kth
neighbors we calculated. After finding the kth neighbor
we moved to next step, i.e. we sorted the k- dist values.
After sorting the value, we plotted the K-dist plot.
Sometime there is very clear knee position that we can
select as eps but sometimes we struggle to find the knee
in this plot. We can have sat knee is not clear sometimes.
To get the automated value of knee we derived a
technique. i.e we first calculated the sum and Standard
Deviation of slopes. When we calculated the slope, it
looks like the next figure shows the remaining three
dimension of Breast Cancer dataset namely “Mean
Perimeter”, “Mean Area” and “Mean Smoothness”. The
next Figure represent the Silhouette Analysis of our
dataset with the eps 18 and min value = 2. Figure 10 show
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the details information two dimension of Breast Cancer
dataset.

Clusters: Mean Radius vs Mean Texture

40

30

2

Figure 9: Representation of first two dimension
of Breast Cancer dataset

6 Conclusion and future work

Earlier section of paper is defined two major
research objectives. First, one is the determining the
optimal value of epsilon, as far as determining the value
of epsilon is concerned; | have fully achieved my
objective. As proposed algorithm is able to select an
optimal value, silhouette analysis confirms the progress
of proposed algorithm. The second mentioned objective
is about of effect of higher dimensional dataset have on
proposed algorithm. Higher dimensionality does not
seem to be a concern here for proposed algorithm, but
proposed algorithm demonstrates some weakness in case
of the highly variable dataset. That is why | can say that
this objective is partially achieved. For the further
discussion, | have discussed the objectives | have
achieved in my research work. | have rationally
compared the performance of proposed algorithm in
Results and discussion. Now it is time to critically
analyze proposed algorithm to improve it efficiency and
performance in future. As far as results are concerned, |
have achieved defined target of optimal values of epsilon
in most of the dataset. | used silhouette analysis as
performance measure and to prove my point. Algorithm
provides the exceptional results in dataset where there
are fewer fluctuations in the density. Proposed algorithm
also performed well to select an optimal value in case of
higher dimensional dataset but with fewer variations in
their densities. As far as dataset with highly variable
density are concerned proposed algorithm reflects its
weakness due to type of dataset. Algorithm with global
value of epsilon are prone to the performance issues with
the dataset of highly variable densities regardless how
well they perform on other types of datasets. This same
limitation is visible in proposed algorithm also. When |
used proposed algorithm with Digits dataset available in
sklearn  library.  The  silhouette  score s
0.0036504002997415513 and when | further dig in the

200
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problem, | have found there are some overlapping

k-dist plot

0 100 200 300 400 500

Figure 10: k - dist plot for Breast cancer dataset at k = 4

Clusters, so it is quite unnatural for an algorithm,
which provides global estimated value of epsilon to
perform well on datasets of highly variable densities.
Hence, these algorithms are bound to underperform.
Keeping in view of this shortness, | will address the issue
of highly variable densities in a dataset. With the
advancement in technologies, the power of GPU in
calculation as compared to CPU is quite evident. GPU
perform well with calculations. Therefore, in next
update, I will utilize the power of GPUs to increase the
performance of proposed algorithm and | am sure this
will have a better impact on the performance of the
algorithm especially with the higher dimensional
datasets.
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