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Abstract
DBSCAN is one of the most popular algorithms for cluster analysis. It can discover clusters with arbitrary shape and
separate noises. But this algorithm cannot choose its parameter according to distributing of dataset. It simply uses the
global uses minimum number of points (MinPts) parameter, so that the clustering result of multi-density database is
inaccurate. In addition, when it is used to cluster large databases, it will cost too much time. For these problems, we
propose MDBSCAN-UR algorithm which is based on spatial index and grid technique witch make the clustering using
representatives points that capture the shape and extent of the cell that they chosen in and that in order to enhance the
time complexity. In this paper, we apply an unsupervised machine learning approach based on DBSCAN algorithm.
We use local MinPts for every cell in the grid to overcome the problem of undetermined the clusters in multi-density
data set with DBSCAN correctly, as we show that the experimental evaluation of our algorithm MDBSCAN-UR is
effective and efficient.
Keywords: Clustering, DBSCAN, Multi-density, representative.

clusters. The process terminates when no new
point can be added to any cluster[12]. The
conventional DBSCAN and its improved
algorithm presented in paper [2, 9-11] can only
process the numerical data. They are incapable
of processing data with categorical attributes.
Usually, the densities of dataset used in cluster
analyses are different. However, until now there
is no a very effective algorithm to get the
accurate density of the dataset with multidensity. DBSCAN [2], density-based clustering
not only availably avoids noises but also
effectually clusters various datasets. Whereas,
for the multi-density dataset, DBSCAN is not a
good algorithm for the runtime complexity is
higher[8]. In order to lower the time complexity,
the academia has presented a grid-based cluster
technique[3], which divides the data space into
disjunctive grid. The data in the same grid can be
treated as a unitary object, and all the operations
of clustering are on the grid [3]. This paper
introduces MDBSCAN-UR, based on grid multi-

1. Introduction:
Clustering, which divides the data to disparate
clusters, is a crucial part of data mining. The
objects within a cluster are “similar,” whereas the
objects of different clusters are “dissimilar” [1].
Clustering is one of the most useful tasks in data
mining process. There are many algorithms that
deal with the problem of clustering large number
of objects. The
different algorithms can be classified regarding
different aspects. These methods can be
categorized into partitioning methods [19,20,21],
hierarchical methods [19,22,23], density based
methods [24,25,26], grid based [27,28,29]
methods, and model based methods [30,31].
DBSCAN checks the Eps-neighborhood of each
point in database. If Eps- neighborhood of a
point p contains more than MinPts, a new cluster
with p as a core object is created. It then
iteratively collects directly density-reachable
objects from these core objects, which may
involve the merge of a few density-reachable
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density
cluster
algorithm
and
Using
Representatives. Firstly, MDBSCAN-UR uses
the space dividing technique. This technique
defines a single grid as a part, and gets the localMinPts parameter of every part based on griddensity, then chooses some representative points
from each grid then using DBSCAN[8]. The
experiment results shows the accuracy and
efficiency of MDBSCAN-UR . The key idea of
density-based clustering is that for each object of
a cluster the neighborhood of a given radius Eps
has to contain at least a minimum number of
objects (MinPts), i.e. the cardinality of the
neighborhood has to exceed a threshold. To
know formal definitions for this notion of a
clustering see [2, 8].

2. Preliminaries
2.1. Introduction of DBSCAN
The key idea of density-based clustering is that
for each object of a cluster the neighborhood of a
given radius (Eps) has to contain at least a
minimum number of objects (MinPts), i.e. the
cardinality of the neighborhood has to exceed a
threshold.
DBSCAN
checks
the
Epsneighborhood of each point in the database. If
the number of points in some cell p (NEps(p)),
has points more than MinPts, a new cluster C
containing the points in NEps(p) is created.
Then, the Eps-neighborhood of all points q in C
which has not yet been processed is checked. If
NEps(q) contains points more than MinPts, the
neighborhood of q which is not contained in C
are added to the cluster and their Epsneighborhood is checked in the next step[6].

Semi-supervised clustering with constraints
Semi-supervised clustering, which uses class
labels or pairwise constraints on some examples
to aid unsupervised clustering, has been the
focus of several recent projects [13]. Existing
methods for semi-supervised clustering fall into
two general approaches: constraint-based and
distance based methods. At present, many
scholars incorporated pairwise constraints into
state-of-art clustering algorithms. Kiri Wagstaff
et al. [14] incorporated pairwise constraints into
k-means algorithm so as to satisfy these
constraints in the process of clustering; Sugato
Basu et al. [13] proposed the PCK-Means
algorithm which modifies the objective function
of clustering so that these constraints can be
satisfied in some degree, however it must rely on
parameters and a large number of constraints;
Nizar Grira et al. [15] proposed the PCCA
algorithm which was used to image database
categorization; Davidson et al. [16] enhanced the
hierarchical clustering with pairwise constraints,
and presented intractability results for some
constraint
combinations [17]; Wei Tang et al. [18]
proposed a feature projection method with
pairwise constraints ,which can handle the highdimension sparse data effectively. The following
of this paper is organized as follows: chapter 2
covers the idea of DBSCAN and its
disadvantage; chapter 3 proposes MDBSCANUR and describes the key points of MDBSCANUR; chapter 4 analyzes the result of
experimentation, chapter 5 gets the conclusions.

2.2 The problems of DBSCAN
DBSCAN algorithm has some problems:
1. An important property of many datasets is that
their intrinsic cluster structure cannot be
characterized by global MinPts. For example, in
the dataset depicted in Figure 1, it is impossible
to simultaneously detect clusters A, B, C1, C2,
and C3 using one global-MinPts. A
decomposition based on global MinPts would
only consist of cluster A, B, and C, or C1, C2,
and C3. In the second case, the objects between
A and B are noises.

Figure 1. Multi-Density Database

2. User can specify difficulty the values of
parameters Eps and MinPts .
3. The runtime complexity and implementation
of DBSCAN are not linearly.
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3. Multi-Density
MDBSCAN-UR

DBSCAN

all cells and vary the parameter (MinPts) from
cell to cell. Parameters chose are depend on the
local density of the cells in the grid. An example
is shown in the Table 1, MDBSCAN-UR
algorithm adopts a middle ground between the
centroid-based and the all-point extremes[5]. A
constant number c of well scattered points in
each cell in the grid are first chosen. These
scattered points capture the shape and extent of
the cluster. The chosen scattered points are next
shrunk towards the centroid of the cell by a
fraction alpha . These scattered points after
shrinking are used as representatives of its cell.
The cells with the closest pair of representative
points are the cells that are merged at each step
of the algorithm. The scattered points approach
employed by our algorithm alleviates the
shortcomings of both the all-points as well as the
centroid-based
approaches[5].

Cluster

3.1 Algorithm description
In order to reduce the time complexity, we
propose a grid-based cluster technique, [3] which
divides the data space into cells. We treat all data
in the same cell as an object, and all the
operations of clustering are on the grid. The main
contribution in this paper is that it deal with two
approaches when make clustering in data set
with multi-densities, so that the two chooses out
the same result with a flexible options. The first
option is to deal with a specific cell with its local
density so that vary the parameter (Eps) from
cell to cell in the grid and make the parameter
(MinPts) to be constant, and the second option is
to make the parameter (Eps) to be constant over

Table 1 : Example of applying equation 1 and equation 2 in some data sets.

Cells

No of points

Local density

Eps (const r.p = 10)

r.p (const Eps = 5 cm2)

Cell 1

2500

250 pts/cm2

Cell 2

1500

150 pts/cm2

Cell 3

1000

100 pts/cm2

Cell 4

500

50 pts/cm2

Radius = 25
;//25* 10 = 250
Radius = 15
// 15 * 10 = 150
Radius = 10
// 10 * 10 = 100
Radius = 5
// 5 * 10 = 50

Representave points = 50
// 50 * 5 = 250
Representave points = 30
// 30 * 5 = 150
Representave points = 20
// 20 * 5 = 100
Representave points = 10
// 10 * 5 = 50

3.2 The General process of clustering
algorithm
1. Datasets input and Data standardization. 2.
Dividing the data space into cells to become a
grid. 3. Determine the local representative points
in each cell. 4. Local-clustering using DBSCAN
algorithm. 5. Noises and Border processing.

Figure 2. Multi-density Dataset

3.3. The process strategy of key steps
3.3.1. dividing dataset into cells
Partitioning is dividing the data space into cells.
so the number of points in a cell and in the
neighborhood are not similar as shown in Figure
2 and Figure 3.

Figure 3. Stage 1 divide the dataset to cells
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3.3.2. Chosen representative points
a constant number c of well scattered points in
each cell are chosen. The scattered points in
some specific cell will capture the shape and
extent of that cell as shown in Figure 4.
Figure 5: using same MinPts with varying Eps

Apply Equation 2: Using same Eps with
varying MinPts:
We apply the first MDBSCAN-UR equations on
three cells as shown below in Figure 6; using
same Eps in all cells to merge but in different
number of MinPts from cell to cell;. i.e. at the
most left cell the MinPts is 5; at the middle cell
the MinPts is 3, at the right cell MinPts is 2.

Figure 4. Stage 2 take a well scattered representative
points in each cell.

3.3.3. Selecting Parameters of MinPts and
Eps.

Figure 6: using same Eps with varying MinPts

In each cell one approach is used in selecting the
MinPts and Eps. Either select the MinPts for
each cell individually and let the Eps to be
constant for all cells or select the Eps for each
cell individually and let the MinPts to be
constant for all cells.
Example apply the two Equations:
Local density(some cell) = r.p * Eps ; r.p const
and Eps variable Equation (1)
Local density(some cell) = r.p*Eps ; Eps const
and r.p variable Equation (2)
Apply Equation 1: Using same Eps with varying
MinPts:
We apply the second MDBSCAN-UR equations
on three cells as shown below in Figure 5;
using same MinPts in all cells to merge but in
different Eps from cell to cell; i.e. the MinPts is
5 at all cells but, at the most left cell the Eps is
most smaller because this cell is the most dense;
at the middle cell the Eps is wider because this
cell is less dense, at the right cell the Eps is the
most wider because it is the lowest density.

3.3.4. Clustering.
MDBSCAN-UR mainly gets the idea of locally
clustering, identifying a local-MinPts for each
cell in the grid. For each cell, processing
clustering with their local-MinPts to form a
number of distributed local clusters. For the data
density within the same cluster should be similar,
if two cells have same density and can be merged
with the Eps chosen , can be merged to a single
cluster.
The stages of MDBSCAN-UR
given below:

algorithm is

Divide the dataset into cells to form grid. Then
scan each cell to compute the local density, after
that Choose a representatives points in each cell
in the grid. After that we apply DBSCAN
method on each cell in the grid at once at a
specific parameters as computed in the previous
stage. Then make merge method if necessary
between cells[5]. Finally Handel outliers and
output Clusters , outlier.
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3.4.5. Noise Elimination

Number of Points to be in Cluster3:
357

Noises distribution is not very sparse, but its
amount is too small to form a cluster. So, we set
a parameter according to the size of dataset, and
that size is differ from cell to cell in the grid.
When the amount of data in a cluster is less than
the threshold size of representatives points ;
cores , the entire cluster will be treat as noise. In
DBSCAN, if the border object is in the scope of
Eps neighborhood of different core objects, it is
classified into the cluster to sort firstly. In
MDBSCAN-UR algorithm, we set such object to
the cluster whose representative core object is
most nearest from this object.

Data Set 2: name is S1.txt with 5000 points to
clustered and its output using DBSCAN shown
in figure 1001 there is 15clusters.

Figure 8: Data set 2 output using DBSCAN

If we apply our algorithm and divide the space to
four cells we get 15 clusters with points as the
following:

4. Experimental Evaluation and Analysis
In this section, we evaluate the performance of
MDBSCAN-UR, and compare it with DBSCA
using two different types of data set artificial and
real as following:

4.1 Artificial data set
Data Set 1: name is clusterxyz.dat with 600
points to clustered and its output using DBSCAN
shown in figure 1000 there is 3clusters, but not
as needed.

Number of Points
with 4 cluster

in

cell

1:

1075

Number of Points
with 4 cluster

in

cell

2:

1292

Number of Points
with 3 cluster

in

cell

3:

1318

Number of Points
with 4 cluster

in

cell

4:

1315

Data Set 3: name is 2d-4c-no0.data with 1572
points to clustered in different shapes and its
output using DBSCAN shown in figure 1002
there is 4 clusters.

Figure 7: Data set 1 output using DBSCAN

If we apply our algorithm and divide the space to
three cells we get three clusters with points as the
following:

Figure 9: Data set #3 output using DBSCAN

Number of Points to be in Cluster1:
89

If we apply our algorithm and divide the space to
four cells we get four clusters with points as the
following:

Number of Points to be in Cluster2:
154

Number
of
Points
Cluster1: 1119
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to

be

in

Number
of
Points
Cluster2: 257

to

be

in

Number
of
Points
Cluster3: 67

to

be

in

Number
of
Points
Cluster4: 129

to

be

in

2. In the Glass1 data set has 10 attributes with
214 number of instances. In Table2 we assign
the result of applying the source code of
DBSCAN algorithm and MDBSCAN-UR
algorithm on the same data sets Iris and Glass.
Table 2 shows the number of clusters in both
algorithms for the same data set and the points
range in every cluster as example when test the
Iris data set using DBSCAN we get three clusters
C1, C2 and C3. the Iris has 150 points, the first
50 points appear in cluster C1, and the next 50
points appear in C2 and the last 50 points appear
in C3.
.

4.2 Real data sets
1. The Iris1 data set is a data set with 150
random samples of flowers.

Table 2. The results of applying MDBSCAN-UR to the Iris and Glass data sets.

Data set
Iris

Clusters
number
3

Glass

6

DBSCAN
C1:50, C2:
50; C3: 50
C1:70, C2:
76; C3: 17;
C4: 13; C5:
9; C6: 29

Error
percentage
30%

Clusters
number
3

33%

5

MDBSCAN-UR
C1:50, C2: 50; C3: 50
C1:90, C2: 84; C3: 20; C4:
10; C5: 10

Error
percentage
27%
30%
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5. Conclusions
In this paper, we illustrated a new multi-density
cluster algorithm based on grid and
representative points with analyzing DBSCAN
algorithm and overcome the problems of it .
However unlike the standard methods, our
method takes into account, not just the number
of local MinPts per cell in the grid, but also the
radius from time to time in different cells. We
perform an experimental evaluation to the
performance of MDBSCAN-UR .The results of
our experiments show that MDBSCAN-UR is
effective and efficient.
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