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Abstract:

Clustering Algorithms are important tools in data mining and an effective approach towards the
formation of clusters from a huge dataset. One such algorithm is the DBSCAN algorithm which follows the
density based notion of clusters to determine clusters as well as noise points in the dataset. However, this
algorithm has certain disadvantages. In our previous work we addressed one such major disadvantage -
the absence of a valid formulation for the input parameters on which DBSCAN mainly relies. We
introduced a simple algorithm to analyse the values of these parameters, following the basic ideas of
simple frequency distributions, mean deviations and first nearest distances. DBSCAN also suffers from a
problem of non-determinism, which arises, when adjacent clusters share a common border point.
Although, it’s a rare situation and doesn’t create an impact, it may disrupt the cluster quality, allowing the
chances of noise points to be present near to the clusters. Here, we present a simple algorithm that
addresses this demerit. We follow a simple idea of observing the behaviour of the adjacent clusters under
consideration in absence of the common border point and determine which cluster has the greatest
affinity towards it.
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1. INTRODUCTION FCM [9,10,11,12,13,14]. The application of YFCM

algorithm of Das and Baruah is reflected in
Data Mining techniques are being extensively

used for extracting out wunusual, implicit,
potentially useful insights about the data, not
discovered previously [1,2,3,4]. Clustering is one

finding patterns of crime against women
[15].DBSCAN (Density Based Spatial Clustering
For Application of Noise) is a clustering
algorithm that follows a density based notion of
clusters [16]. It is designed to discover
arbitrary-shaped clusters in any Database, and

such technique. Hard clustering is based on
crisp sets where a data strictly belongs to a

particular cluster. With the advent of the
concept of fuzzy sets [5] a new approach of
clustering has been unlocked known as fuzzy
clustering. In this approach data partially
belonging to multiple clusters are dealt with.
Fuzzy C-Means (FCM) clustering algorithm is
one of the most popular algorithms following
this approach[6]. The performance of FCM with
three different distance functions had been
tested and compared in Pattern Recognition [7].
An application of FCM had been shown in
vehicular pollution [8]. Das and Baruah had put
forward different algorithms to deal with the
problem of random initialization of centroids in

at the same time can distinguish noise points.
The main reason why DBSCAN recognizes the
clusters is that within each cluster there is a
typical density of points which is considerably
higher than outside of the cluster. Furthermore,
the density within the areas of noise is lower
than the density in any of the clusters [16].
Numerous researches have been done in the
field of DBSCAN [17,18,19,20,21]. One such is
the ST-DBSCAN, that deals with spatial-temporal
data[17]. The other research has been done on
determining the epsilon value on peatland on
DBSCAN Algorithm to clustering data on
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peatland hotspots in Sumatera [18]. Another
research has been done on obtaining best
results for varied densities in DBSCAN
[19].While DBSCAN is known for its efficient
retrieval of clusters, it does have some major
disadvantages. In our previous work we
addressed one such major disadvantage - the
absence of a valid formulation for the input
parameters on which DBSCAN mainly relies. We
introduced a simple algorithm to analyse the
values of these parameters, following the basic
ideas of simple frequency distributions, mean
deviations and first nearest distances [22].
Another disadvantage which may be rare in case
but can affect the clustering scenario is the non-
deterministic nature of DBSCAN. This situation
may arise if two or more than two adjacent
clusters share a common border point. The
original paper [16] follows the order of
processing, i.e., the cluster to visit the point at
first includes it. Although, this may seem to solve
the problem but there is a possibility of
disrupting the cluster quality, if the point is not
assigned to the correct cluster. Through our
proposed algorithm, we have attempted to solve
this disadvantage. We follow a simple idea of
observing the behavior of the adjacent clusters
under consideration in absence of the common
border point and determine which cluster has
the greatest affinity towards it. The rest of the
paper is organized as follows. Section-2 includes
the basic concepts of DBSCAN algorithm.
Section-3 discusses the problems existing with
DBSCAN, focusing on the non-deterministic
nature of DBSCAN. Section-4 discusses the
general idea, our proposed algorithm and
inferences. Section-5 includes Results and
Analysis of our proposed algorithm. Finally, the
conclusions are presented in Section-6.

2.The Dbscan Algorithm
2.1 Basic Concepts

Given a dataset of n objects/points(01,0,...,0n)
we at first discuss the following concepts as
proposed in [16] .

Definition 1: Eps(€ ) neighbourhood: For any
arbitrary object Oj € D, the €- neighbourhood is
the set of all the objects within its € radius. Here
the distance measure used may be Manhattan
Distance , Euclidean Distance Measure etc..

Vol 44 No. 7
July 2023

Mathematically, it's defined
as:- N¢ (0j)={0 € D| distance( 0j, 0 ) <= &}

Definition 2: Core Object: An Object Oj € D is
said to be a core object if its € neighbourhood
contains points equal to or more than the
number of points specified in the MinPts
parameter. i.e. |[N¢ (0j)|>=MinPts

/

Noise Object

Border Object

Core Object

Fig 1: Core object, Border Object and Noise
Object.

Definition 3: Directly Density Reachable: An
object p is directly density reachable from an
object q if the two conditions are satisfied:-

. peNe(q);p,qeD

° INe (q)|>=MinPts, i.e, q is a core object

Fig 2: Directly Density Reachability

Definition 4: Density Reachable: An object p is
density reachable from an object q if there exists
a chain of objects 01, 02, 03, ....... ,0n, =01 and
p=On such that Oi+1 is directly density
reachable from Oi.

Fig 3: Density Reachability.
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Definition 6: Density Connected: An object p is
density connected to an object q if both p and q
are density reachable from an object say o.

Fig 4: Density Connectivity.

Definition 7: Border Object: An object p is a
border object if it is not a core object but
density-reachable from another core object(see
Fig 1).

Following the above concepts we shall establish
the notion of clusters and noise objects.

Definition 8: Cluster: For the dataset D, a
cluster C, wrt. € and MinPts, is a non-empty
subset of D which, follows the following
conditions:-

a. For all objects p,q: if p € C and q is
density reachable from p, then, q € C.
(Maximality).

b. For all p,q € C: p is density connected
to qwrt. € and MinPts. (Connectivity).

Definition 9: Noise: Let C1, C2, C3...Ck be the
clusters of D wrt. € and MinPts. Then noise={0 €
D| 0 ¢ Ci(i=1,2,.k)}(see Fig 1).

2.2, The Algorithm:

The Algorithm starts with a point p and
retrieves all neighbours of point p within Eps(€ )
value. If the total number of these neighbours is
greater than MinPts then, p is a core object thus,
a new cluster is created. The point p and its
neighbours are assigned into this new cluster.
Then, it iteratively collects the neighbours
within Eps(€ ) distance from the core points.
The process is repeated until all of the points
have been processed.
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Set D = Data set
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bord
No
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isited, for example, D = ¢?

Fig 5:Flowchart of the DBSCAN Algorithm.

3. Problems Existing with DBSCAN
3.1 No valid formulation for input
parameters
oz
A N -
: threshold
. point

/“H"“—*\_\\

noise clusters

» points

Fig 6: k-distance plot.

In the KDD proceedings, for determination of
the input parameters, a heuristic approach has
been provided [16].The approach requires the
determination of the k-distance plot for a given
value of k and the first point in the first valley of
the graph, referred to as the threshold point(see
Fig 6), corresponds to the value of € (Eps) and
the value of MinPts is set to the value of k.
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Although this approach is an effective one, but
there are a few problems associated with it.

First of all, there is no predefined formulation
for the value of k. According to KDD, k=4 is
proposed as the value for k>4 doesn’t change
the k-dist plot graph significantly. Therefore, the
parameter MinPts is set to 4 for all databases
(for 2-dimensional data). But, it totally depends
on the data distribution or the density of the
data. Moreover, this approach might not be true
in case of high-dimensional data(for dimensions
greater than 2-dimension).Furthermore,
determination of the first valley in the k-dist plot
graph might be difficult to be computed.

To capture the degree of density of a cluster, the
density factor can be computed [17]. Based on
this, density factor we can determine if the
cluster is “loose” or a “tight” one.

3.2 Problem of identifying noise objects

Noise is a set of objects that doesn’t belong to
any of the clusters formed. Due to no valid
formulation of the input parameters € (Eps) and
MinPts and varying densities in the dataset, one
of the major disadvantages of the DBSCAN
algorithm is the problem of identifying noise
objects [17].

C

Fig 7: Example dataset which contain
clusters of varying densities

Consider the above figure Fig 7, C1 and C2 are
two clusters with varying densities. The
problem here lies that what value should be
used for the input parameters .C2 forms a
denser cluster than C1. If the Eps value is less
than the distance between 02 and C2, some
objects in C1 are assigned as noise object. If the
Eps value is greater than the distance between
02 and C2, the object 02 is not assigned as noise
object.
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3.3 Non-deterministic
nature of DBSCAN

Although, it’s a rare situation, it can disrupt the
cluster quality, allowing the chances of noise
points to be present near the clusters. We
describe the problem using an illustration.

Common
Border Point Border

\\Ab‘l Point

2 o

cl/ c2 ®
—g o
—
cb o
Core Points

Fig 8: Adjacent clusters sharing a common
border point

Consider the above figure. We have 2 clusters
sharing a common border point cb, c1 and c2
being the core points from which cb is directly
density reachable. Again, bl is a border point
which is directly density reachable from c1.
Now, according to the original DBSCAN [16], the
order of processing is considered i.e. , the first
cluster to visit the common border point will
include it. Suppose that, the cluster to which c2
belongs visits cb at first and includes it. We
observe the clustering in that case.

Common
Noise Point Border
b1 Point
_ cl c2 ®
— .

[ &/ o

Border Paint

Core Point

Fig 9: Common border point assigned to a
cluster

Here, we can observe that c1 has converted to a
border point along with b1 converting to a noise
point. So, we have obtained a clustering scenario
where due to a faulty processing of the common
border point, we observe a noise point way too
close to the cluster.
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Through our proposed algorithm we have
attempted to solve this issue(see section-4).

4. Our Present Work:
4.1 General Idea
The general idea is as such:

° We consider such core points of
adjacent clusters from which the common
border point is directly density reachable.

° We observe the behaviour of such
points in absence of the common border point
from their eps neighbourhoods.

° If a core point remains a core point after
the removal, it implies that the absence of the
common border point will not impact its cluster

quality.

° If a core point converts to a border
point after the removal, we find such core points
and determine if there is any presence of noise
points around its eps neighbourhood.

. The cluster with maximum no of noise
points around it has the greatest affinity
towards the common border point.

We consider the figure(Fig 8). We observe the
clustering in absence of cb.

Noise Point b1

701 c2 ..

Border Point

Core Point

Fig 10: Clustering in absence of common
border point

Here, we observe that the cluster to which c2
belongs doesn’t have any impact. Whereas, the
cluster to which c1 belongs has an impact in the
absence of cb with c1 converting to a border
point and b1 converting to a noise point. As we
get a noise point nearer to the cluster to which
c1 belongs, it has a greater affinity towards cb
and hence must be included in it.
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Fig 11: Common border point assigned to
cluster with greater affinity

Thus, we observe that compared to the previous
clustering result (Fig 9), we have obtained a
better clustering result in the above figure(Fig
11).

4.2 Proposed Algorithm

We consider the clustering scenario where the
common border point belongs to the adjacent
clusters. Given this, we describe our proposed
algorithm as such:

Input: K Adjacent Clusters with a common
border point cb

Algorithm:
° Start.
° Determine K Adjacent Clusters with a

common border point cb

° Given the common border point cb,
determine its E-neighbourhood .

° do for each core point x in E&-
neighbourhood of cb:
o Observe the E&-neighbourhood in

absence of cb

o if x remains a core point:

. No action is taken

o else:

. do for each point d in E-neighbourhood
ofx:

° if d converts to a noise point:

o count such d points as count_noise.
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° else:

o No action is taken

° if all x points remain as core points:

o Assign cb to any of the cluster

° else:

o Consider x for which count_noise is

maximum. Assign cb to it.
° Stop.
4.3 Inferences

4.3.1.1 Inferences on &E-neighbourhood of the
border point

° The E-neighbourhood of the border
point contains only those core points from
which it is directly density reachable.

° The eps neighbourhood of the border
point does not satisfy the MinPts condition.
Hence, a relation can be obtained as such:
MinPts>=( E-neighbourhood of border point)+1

4.3.1.2 Inferences on assignment of the
common border point

Let the common border point be cb.

° If the core points remain as core points
even after the removal of cb, the border point is
assigned to any one of the cluster.

° If the core points convert to border
points, after the removal, then, we assign cb to
that cluster for which we get the maximum no of
noise points in its absence.

° If for two or more clusters the no. of
noise points obtained in the absence of cb is
maximum and equal then we assign the border
point to any one of the clusters.

° The worst case that can be possible is
that for a cluster, if the core point from which,
the common border point is directly density
reachable, is the only core point in the cluster
and it fails to satisfy the core point condition in
the absence of the border point in its eps
neighbourhood then, we get all of its points as
noise points, if the border point is not assigned.

Vol 44 No. 7
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5 Result and Analysis

We run our proposed algorithm using a simple
2D dataset in Python.

5.1.1.1 The Dataset

[6 111
Fig 12: 2D Dataset Sample

Given above in the figure(Fig 12) is the sample
dataset that we have considered.

5.1.1.2 The Adjacent clusters with the common
border point

We have considered the following adjacent
clusters with the common border point for the
input parameters (€=1, MinPts=4).

[[2 o]

[2 1] [[4 1]
[2 2] [5 @]
[3 1] [5 1]
[3 2] [5 2]
[4 1]] [6 1]]

Fig 13: Two Adjacent Clusters

Given the adjacent clusters, we have determined
the common border point.

The common value is [4 1]

Fig 14: The common border point
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5.1.1.3 The Distance Matrix From the above figure(Fig 18),
we observe that[ [5,1] remains a core point.
[[e. 1. 2. 1.41421356 2.23606798 2.23606798
3. 3.16227766 3.60555128 4.12310563] Hence no action iS taken.
[1. a. 1. 1. 1.41421356 2. 4
3.16227766 3. 3.16227766 4.
2. 1. 0. 1.41421356 1. 2.23606798 . .
[3,69555128 3 16227766 3. 4. 12310563] From the above observations we determine that
1.4142135%6 1. 1.41421356 9. 1. 1. .
 Sreosins 3. 2.23606798 3. ] the cluster to which [3,1] belongs has a greater
[2;23686798 1.41421356 1. 1. 0. 1.41421356 . s
2.82842712 2.23606798 2. 3.16227766] afﬁnlty towards [4,1] and hence must be
[2.23606798 2. 2.23606798 1. 1.41421356 0. . . .
1.41421356 1. 1.41421356 2. ] included in it.
[3 3.16227766 3.60555128 2.23606798 2.82842712 1.41421356
9. 1. 2. 1.41421356]
[3;16227766 3. 3.16227766 2. 2.23606798 1. 5.1'1.4 Observatlons
1. 8. 1. 1.
[3.60555128 3.16227766 3. 2.23606798 2. 1.41421356
2. 1. 0. 1.41421356] . .
[4.12310563 4. 4.12318563 3. 3.16227766 2. (] Clustermg in absence of common
1.41421356 1. 1.41421356 @. ]]

border point [4,1]

Fig 15: The Euclidean Distance Matrix

We have considered the Euclidean Distance
Measure and obtained the Distance Matrix.

4.E-neighbourhood

[[3 1]
[4 1]
[5 1]]

Fig 16: €-neighbourhood of the common

border point

Here we observe that the common border point
[4,1] has 2 core points [3,1] and [5,1]. We then
observe the €-neighbourhood of [3,1] and[5,1]
in absence of [4,1].

Fig 19: Clustering in absence of common
border point [4,1]

Eps neighbourhood of [3,1] in absence of [4,1] is [[2,1],[3,1],[ We observe that [3,2] converts to a noise point

[3,1] converts to a border point as MinPts=4
[2,1] is a core point: Mo action is taken [5,1] remains a core point in absence of [4,1].
[3,2] converts to a noise point

and [3,1] converts to a border point whereas,

° Final Clusters Obtained
Fig 17:[3,1] in absence of [4,1] in its eps-
neighbourhood

From the above figure(Fig 17), we observe that
[3,1] converts to a border point along with [3,2]
in its €-neighbourhood converting to a noise
point.

Eps neighbourhood of [5,1] in absence of [4,1] is [[5,0],[5,1],[5,2],[
[5,1] remains a core point:No action is taken

critical core point [3.1]

Fig 18:[5,1] in absence of [4,1] in its €-
neighbourhood

Fig 20: Clusters obtained in presence of
common border point [4,1]
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The common border point [4,1] is assigned to
the cluster to which the core point[3,1] as it has
a greater affinity towards the point [4,1]. We
have annotated the core point[3,1] as ‘critical
core point [3,1]' in the above figure(Fig 20)
citing that it converts to a border point in
absence of the common border point [4,1](Fig
19). We have also annotated the border
point[3,2] as ‘critical border point’ in the above
figure(Fig 20) citing that it converts to a noise
point in absence of the common border point
[4,1](Fig 19).

Thus, we have successfully run our algorithm
and obtained the observations to verify our
inferences made(see Section 4c).

6 Conclusions:

DBSCAN is an efficient algorithm when it comes
to retrieval of clusters and noise points but, it
does have some disadvantages. DBSCAN is not
efficient in terms of identifying noise objects
when the data distribution is not uniform.
Secondly, since, it doesn’t have any predefined
formulation to get the input parameters, it some
times becomes cumbersome and we end up
getting varying results for the same dataset.
Another disadvantage is the non-determinism of
DBSCAN in case of a border point belonging to
two or more adjacent clusters. The original
DBSCAN [16] prefers the order of processing i.e.
the cluster to visit the point at first includes it.
But from our illustrations (Fig 9), we have
observed that following this method might
disrupt the clustering resulting in a noise point
near the cluster. Our present work
demonstrates a simple algorithm to attempt to
solve the problem of non-determinism of
DBSCAN on determining the cluster to which the
common border point must belong to. Through
our work, we have presented a simple solution,
following the simple idea of observing the
behavior of the adjacent clusters under
consideration in absence of the common border
point and determine which cluster has the
greatest affinity towards it. Using the general
idea(see Section-4.a), we present our algorithm
(see Section-4.b) to analyse such clustering
scenarios. In order to demonstrate the
applicability of our algorithm, we have created a
simple program using Python. After observing

Vol 44 No. 7
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the results obtained and the

analyses made(see Section-5), it can be
concluded that our proposed algorithm appears
to be promising in terms of attempting to solve
the limitation of DBSCAN regarding its non-
determinism in case of a border point belonging
to more than one adjacent clusters and has
successfully verified all the inferences made (see
Section-4.c).
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