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Abstract. DBSCAN (Density-Based Spatial Clustering of Applications with Noise)
algorithm is density-based clustering method. It discovers clusters with varied shapes, sizes
and handles noise. But it fails to discover clusters of varied density. This problem arises due to
its dependency on global parameters especially Eps (represents neighborhood radius for each
point in dataset). This paper introduces very simple idea to deal with this problem. The idea
is steamed from density-based methods especially DENCLUE (DENsity-based CLUstEring),
DBSCAN algorithm and k-nearest neighbors. The proposed method estimates local density
-for each point in dataset- as the sum of distances to the k-nearest neighbor, arranges points
in ascending order based on local density. The algorithm starts the clustering process from
the highest density point by adding un-clustered points that have similar density as first point
in cluster. Similar means there is small variance in density between the current point and
the first point in cluster. Also, the point is assigned to current cluster if the sum of distances
to its Minpts-nearest neighbors is less than or equal to the density of first point (core point
condition in DBSCAN). Experimental results show the efficiency of the proposed method in
discovering varied density clusters from data.

Key-words: Clustering methods; Data analysis; Data mining; Knowledge discovery;
Un-supervised learning.

1. Introduction
Clustering algorithms are very attractive for the task of class identification in datasets. Clus-

tering is the process of grouping the objects in a dataset into meaningful subclasses based on
some criteria. Many clustering algorithms have been proposed. These algorithms may be classi-
fied into partitioning, hierarchical, density-based, and grid-based methods.

In partitioning methods like k-means [1], PAM (Partitioning Around Medoids) [2], CLARA
(Clustering LARge Applications) [2]; each cluster is represented by single data point called mean
as in k-means or median (the most centrally located object). These methods require number of
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clusters to be known in advance, and only handle convex shaped clusters of similar size. K-
means is very efficient handling large datasets due to its linear time complexity, but it can’t
handle clusters of varied shapes or sizes. It is efficient handling convex shaped cluster of similar
sizes. PAM algorithm is robust to noise and outliers and suitable for small datasets because of its
time complexity.

CLARA algorithm takes multiple samples from the input data and applies PAM on each
sample and returns the best result of samples. So CLARA algorithm can handle larger dataset
than that of PAM, but it restricts the result to fixed sample. Its efficiency depends on the sample
size. To improve the efficiency of CLARA another algorithm called CLARANS (Clustering
Large Applications based on RANdomized Search) [3] is introduced. CLARANS is based on
graph, where each node in graph has a set of k medoids, and two nodes are neighbors if their
sets are differing by one medoid, so each node is a clustering result. It does not check all the
neighbors of a node to find best clusters; it does not restrict the search to fixed sample of data
point as CLARA do. The sample of neighbors is changed in each step of search.

In hierarchical methods like single link [4], average link [5], complete link [6] built a dendro-
gram; like tree structure. This dendrogram may be built from top down (called divisive algorithm)
or from bottom up (agglomerative algorithm). These methods don’t require number of clusters
in advance but suffer from the chain effect and take o(n2) complexity. There are popular hier-
archical clustering algorithms such as CHAMELEON [7], BIRCH (Balanced iterative reducing
and clustering using hierarchies) [8] and CURE (Clustering using representatives) [9]. These
methods handle varied shaped clusters well but are not appropriate to varied density clusters.

In density-based methods like DBSCAN (Density-based spatial clustering of applications
with noise) [10], and OPTICS (Ordering Points To Identify the Clustering Structure) [11] don’t
require number of clusters in advance, and introduced the idea of density; this idea is based on
counting points in a neighborhood radius of a central point, each point is classified into core point
if it has more than or equal to Minpts in its Eps neighborhood radius, or border point if it resides
in Eps neighborhood radius of core point, and it doesn’t have Minpts in its Eps neighborhood
radius. Otherwise the point is classified as noise.

DBSCAN algorithm starts from any point, and retrieves its neighbors in fixed Eps radius,
if the count of neighbors is larger than or equal to Minpts it starts forming a cluster by adding
the neighbors to a seed list and examines all points in the seed list to expand the cluster. This
process is continued until no point can be added to the current cluster, then it moves to next
unclassified point to form the next cluster, this process is continued until all points are classified
into clusters or noise. This algorithm discovers clusters with varied shapes, sizes and handles
noise well. But it has a trouble handling varied density clusters since it uses global variable called
neighborhood radius (Eps). The proposed paper solves this problem. OPTICS [11] algorithm is
an extension for DBSCAN and doesn’t produce clusters explicitly. It estimates an ordering of
points in dataset based on the core distance and reachability distance. DENCLUE [12] is a
density-based method that is based on influence functions (may be parabolic functions, square
wave function, or the Gaussian function). It applies the influence function on each point in
dataset and identifies the density attractors that are local maxima of the overall density function.
This algorithm fails to discover clusters of varied densities since it uses two input parameters δ
and ξ which are like Eps and Minpts in DBSCAN respectively. Recently an improved version of
DENCLUE has been proposed [13]. DENCLUE-SA uses simulated annealing algorithm instead
of hill climbing algorithm in finding density attractors. This version improves the execution
time of DENCLUE. Another version is called DENCLUE-GA; uses genetic algorithm instead
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of hill climbing algorithm in finding the density attractors. This version improves the clusters
compactness. These two versions cannot handle clusters with varied density. DBSCAN fails
to identify clusters with multi-level of density. To solve this problem, many varied papers have
been proposed, these papers may be classified into two categories; the first allows varied values
for Eps or Minpts and the second uses alternative density definition without Eps.

Many algorithms have been proposed about the idea of allowing Eps to be varied according to
the local density of each region. Reader may be referred to [14], where the author sorts the data
points in dataset in ascending order based on the distance to the k-nearest neighbors. Initially
the smallest distance will be assigned to the Eps, and DBSCAN is applied on the data using the
current Eps, the algorithm discovers the most dense clusters, then it moves to next level of density
by using another value for Eps that will be greater than the previous value, and the DBSCAN will
be applied again on the data but using the new value for Eps, the process will be continue until
all data are clustered. Our proposed method is different where it uses knn to find local density of
point as the sum of distances between a point and its knn (density function based on distance).

GMDBSCAN [15] uses grid technique and is based on spatial index (sp-tree), for each grid
cell it computes local Minpts according to the density of grid cell, and Eps value is fixed for
all cells and applies DBSCAN on data in each grid cell. This method uses many parameters
that affect the resulting clusters. Using different local Minpts doesn’t guarantee discovering
varied density clustering since Eps is fixed for all cells. The other Problem of GMDBSCAN is
a time consuming to perform well on large datasets, and sometimes it gives the output after a
long time [16]. GMDBSCAN-UR [16] is adaptation for GMDBSCAN, it is a grid technique.
It selects number of well scattered points that capture the shape and extent of the dataset as
representative points from each grid cell. This algorithm solves the problem of time consuming
of GMDBSCAN. This method allows one of the two parameters of DBSCAN (Minpts or Eps) to
be varied from cell to cell and the other is fixed so its performance is better than the performance
of GMDBSCAN. But it doesn’t produce accurate results with varied density clusters.

VDBSCAN [17] partitions the k-dist plot based on seeing sharp changes at the value of k-dist,
and for each partition it selects a suitable value for Eps and applies DBSCAN on each partition.
This method output accurate results only when dataset contains clusters of different uniform
density. But when gradient in density exist the result of this method is not accurate. It may
split dense cluster or merge sparser clusters unless they are well separated. DBSCAN-DLP [18]
Partitions input dataset into different density level sets based on some statistical characteristic
of density variation, then Estimates Eps value for each density level set and adopts DBSCAN
clustering on each density level set with corresponding Eps. This method is suitable for clusters
of uniform density; the variance in density of points in the same cluster should be very small and
less than threshold.

In [19] the authors introduced a mathematical idea to select several values for Eps form the
k-dist plot and apply the DBSCAN algorithm on the data for each value with ignoring the previ-
ously clustered point. They use spline cubic interpolation to find inflection points on the curve
where the curve changes its concavity. This method leads to split some clusters. DSets-DBSCAN
[20] runs DSets clustering first, where the input parameters of DBSCAN are determined from the
original cluster extracted by DSets. All the previous algorithms estimate the value of Eps based
on some local density criteria and apply the DBSCAN to discover clusters from dataset with
multi-levels of density.

The second types of algorithms that redefine the density are like k-DBSCAN [21] and Multi
Density DBSCAN [22]. k-DBSCAN [21] estimates the l-density for each data point, and ar-
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ranges l-density values in ascending order, then uses k-means algorithm to divide the data set
into k subsets; each subset represent a level of density. Finally, it applies a modified version
of DBSCAN (uses difference between density levels of points beside distance between points
while clustering) on each subset to get clusters of different density. K-DBSCAN needs more
input parameters (l and k used in k-means algorithm) than the DBSCAN algorithm and tuning
parameters is not a simple problem. Multi Density DBSCAN [22] does not use Eps at all but use
k-nearest neighbor to estimate DSTp as the average distance to its kth neighbor and AVGDST
as the average distance to kth neighbor for points in the cluster. So, this method allows small
variance in density within the cluster. This method uses sensitive threshold parameter to control
the variance in density allowed within the cluster that affects the result.

KDDBSCAN [23] uses mutual k-nearest neighborhood to define k-deviation density of point
and uses threshold called density factor (instead of Eps) to find direct density reachable neighbors
for core points to expand cluster. CBLDP (Clustering Based on Local Density of Points) [24]
algorithm discovers clusters with varied density, it is based on k-nearest neighbors and density
rank for each point, it classifies points into attractors, attracted and noise, a cluster consists of
attractors and attracted (border) points. This algorithm requires four input parameters, and this
large number. Tuning these parameters is not always easy task.

This paper introduces a very simple idea taken from the DBSCAN algorithm to discover
clusters with varied densities without the use of Eps but use Minpts as in DBSCAN. This idea
determines the highest and lowest level of density allowed within each cluster. The proposed
method arranges data points in dataset based on k-density and starts forming clusters from the
highest dense point (called cluster initiator point Ci) toward the lowest density allowed within the
cluster. The results of the proposed method prove the ability of it to discover clusters of varied
shapes, sizes and densities even so contiguous clusters. This paper is organized as follows;
Section 2 introduces the main definitions used in the proposed method that are like DBSCAN’s
definitions. Section 3 presents the proposed method. The experimental results are explained in
section 4. Finally, section 5 concludes the research.

2. Multi-Density Based Notion of Clusters
K-nearest neighbor represents the density of region very well. In dense region the distance

to the kth neighbor of a central data point tends to be small, while in sparse region this distance
tends to be large. From here, we present the dataset as a directed graph, where each data point
represents a vertex, and there is an edge from vertex pi to vertex pj if pj belongs to the k-nearest
neighbors of pi; i is not equal to j, j is ranging from 1 to k, and i is ranging from 1 to N ;
where N is the size of dataset. For each data point p, we estimate its density to all its k-nearest
neighbors separately. i.e the algorithm keeps density(p, q1), density(p, q2), . . . , density(p, qk).
Where density(p, qk) = kden(p). This idea can be represented mathematically as follows:

density(pi, q1) = dist(pi, q1) (1)

density(pi, qj) = density(pi, qj−1) + dist(pi, qj) (2)

kden(pi) =

k∑
i=1

dist(pi, qj) (3)
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dist(pi, qj) =

√√√√ d∑
m=1

(pi,m − qj,m)2 (4)

qj ∈ knn(pi), i = 1, .., N and j = 1, .., k (5)

As in Eq. (3), since kden(pi) is the sum of distances among pi and all its k neighbors, so as
the value of kden(pi) decrease the local density of pi increase. There is a reverse proportional
between kden(pi) and local density of pi. For example, see the following Fig. 1 the local density
of p1 is larger than that of p2, while value of kden(p1) is smaller than value of kden(p2). In
DBSCAN there is no difference in local density between p1 and p2 since it only counts the
points in Eps neighborhood. Note that in DBSCAN, Eps is fixed for all data point as in Fig. 1.

Fig. 1. Density based on total of k distances from a central point.

The proposed method is based on the following definitions:-
Definition 1: k-nearest neighbors of a point p are a set of size k that contains the k-nearest points
from p; knn(p) = {qi ∈ dataset | dist(p, qi)≤ dist(p, qk)}
Definition 2: kdensity of point p is represented as the sum of distances between the point p and
its k-nearest neighbors as in Eq. (3).
Definition 3: Cluster initiator (Ci) is the first point from which the cluster is grown and has the
highest local density. It has the smallest value for kden(Ci) among all other point that will be
assigned to the cluster.
Definition 4: Directly density-reachable, a point p is directly density-reachable from a point q
wrt. kden(Ci), MinPts if:-

1. p ∈ {aj | density(q, aj)≤kden(Ci), 1< j < k}

2. density(q, aMinpts)≤kden(Ci) (Core point condition).

Directly density-reachable is symmetric relation for pairs of points that are cores. However, it is
asymmetric relation if one point is core and the other is not a core (border point).
Definition 5: Density-reachable; a point p is density reachable from a point q wrt. kden(Ci)
and MinPts if there is a chain of points p1, ..., pn, p1 = q, pn = p such that pi+1 is directly
density-reachable from pi.

Density-reachability is an extension of direct density-reachability, and it is a transitive rela-
tion, but it is asymmetric relation. See Fig. 2. Two border points in the same cluster may not
be density reachable from each other because the core point condition may not be hold for both.
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However, there must be a core point in the cluster from which both border points are density-
reachable.
Definition 6: Density-connected, a point p is density connected to a point q wrt. kden(Ci) and
MinPts if there is a point o such that both, p and q are density-reachable from o wrt. kden(Ci)
and MinPts. See Fig. 2.

Fig. 2. Density-reachability and density-connectivity.

Density-connectivity is a symmetric and reflexive relation. Now, we can define a cluster.
Intuitively, a cluster is defined to be a set of density-connected points which is maximal wrt.
density-reachability. Noise will be defined relative to a given set of clusters. Noise is simply the
set of points in dataset that form very small clusters.
Definition 7: Cluster, a cluster C wrt. kden(Ci) and MinPts is a non-empty subset of the input
dataset satisfying the following conditions:

1. ∀p, q: if p ∈ C and q is density-reachable from p wrt. kden(Ci) and MinPts, then q ∈ C.
(Maximality)

2. ∀p, q ∈ C: p is density-connected to q wrt. kden(Ci) and MinPts. (Connectivity)

Definition 8: Noise, a very small clusters are treated as noise.

3. CMDD: Clustering Multi-Density Dataset
This section presents the proposed algorithm CMDD (Clustering Multi-Density Dataset).

This algorithm solves the problem of DBSCAN; it handles varied density clusters well. This
algorithm doesn’t use the Eps parameter of DBSCAN. But it use an alternative parameter called
kden(Ci) that is computed easily from the k-nearest neighbor graph. It uses the Minpts parameter
of DBSCAN in the same way as used in DBSCAN. The difference between DBSCAN and the
proposed algorithm is that the proposed algorithm introduces alternative definition for density,
it doesn’t count the point in Eps neighborhood, instead; it computes the density to k-nearest
neighbor for each point as in (3). And the kden(Ci) represents the highest density allowed within
the cluster and also control the lowest density allowed within the cluster as in definition 4; core
point condition.

The CMDD retrieves the k-nearest neighbors for each point p using R* tree, and computes
the density(pi, qj) as in Eq. (2), then it arranges the points in dataset in ascending order based
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on kden(pi); so the first point in ordered dataset will be the most dense and the last will be
the lowest dense. The first point in ordered dataset will be the initiator of the first cluster that
will be expanded according to definitions 5 and 6. When there is no more points can be added
to the current cluster the algorithm moves toward the next unclassified point in ordered dataset
that is less dense than the initiator of the previous cluster. This process is continued until all
points are classified. The following algorithm 1 depicts the basic steps in the proposed algorithm

Data: Dataset, Minpts, k
Result: set of clusters
for i = 1 to Dataset.size do

Find the k-nearest neighbors for pi;
for j = 1 to k do

Compute density(pi, qj) as in Eq. (2);
end
Arrange Dataset points in ascending order based on kden(pi);

end
ClusterId=NextId(Noise);
for i= 1 to OrderedDataset.size do

Point = OrderedDataset.get(i);
if Point.ClusId = UNCLASSIFIED then

if ExpandCluster(OrderedDataset, Point, ClusterId, kden(Point), MinPts) then
ClusterId = nextId(ClusterId);

end
end

end
Algorithm 1: CMDD(Dataset, Minpts, k)

Dataset is the input dataset to be clustered. Minpts and k are global input parameters used to
control the density allowed within the cluster. Experimentally Minpts is equal to 3 or 4. The func-
tion OrderedDataset.get(i) returns the ith data point from the ordered dataset. The basic function
used by CMDD is ExpandCluster which is described as in algorithm 2. The cluster is expanded
from cluster initiator (Ci), which is the most dense core point. So all its k nearest neighbors are
form the seed list. Any point p in seed list satisfies the relation density(p, qMinpts) ≤ kden(Ci)
is core point, and the algorithm assigns its neighbors satisfying the relation density(p, qj) ≤
kden(Ci) to the current cluster, where j = 1, 2, . . . , k. The core points from these neighbors are
appended to the seed list. A call of OrderedDataset.regionQuery(Point, k) returns the k-nearest
neighborhood of Point in OrderedDataset as a list of points and they have been founded before.
Region queries can be supported efficiently by spatial access methods such as R*-trees. The
border points are not added to the seed list.
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Data: OrderedDataset, Point, ClusterId, kden(Point), Minpts
Result: Boolean
Ci=Point;
seeds:= OrderedDataset.regionQuery(Point,k);
if density(Point, seedsMinpts) > kden(Ci) then

// no core point
OrderedDataset.changeClusId(Point,NOISE);
RETURN False;

else
//all points in seeds are density-reachable from Point
OrderedDataset.changeClusIds(seeds,ClusId);
seeds.delete(Point);
while seeds <> Empty do

currentP := seeds.first();
result = OrderedDataset.regionQuery(currentP, k);
if density(currentP,resultMinpts)≤ kden(Ci) then

for i = 1 TO result.size do
if density(currentP, resulti)> kden(Ci) then

Exit for
end
resultP := result.get(i);
if resultP.ClusId IN {UNCLASSIFIED, NOISE} then

if resultP.ClusId = UNCLASSIFIED then
seeds.append(resultP);

end
OrderedDataset.changeClusId(resultP,ClusId);

end
end

end
seeds.delete(currentP);

end
RETURN True;

end
Algorithm 2: ExpandCluster(OrderedDataset, Point, ClusterId, kden(Point), Minpts) :
Boolean;

4. Experimental results
This section validates the effectiveness of the proposed CMDD algorithm with data clustering

experiments. We have used different datasets containing clusters of varied densities, shapes, and
sizes. The proposed method succeeded in discovering clusters even though the high closeness of
each other.

Fig. 3.a shows the first dataset, that contains varied density clusters and 6 noise points.
DBSCAN can’t find the correct clusters from the data as shown in Fig. 3.b. it assigns two noise
points to the nearest cluster, discards only four points as noise and merges four clusters in one.
When we decreased Eps to 7, it discards the sparse cluster as a noise as shown in Fig. 3.c. As
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Eps decreased it removes more points as outlier. When we set Eps =3 it discovers 9 clusters and
discards 89 points as noise and outliers as shown in Fig. 3.d. there is no suitable global value for
Eps to be used to discover the actual clusters in this dataset. That is the problem the proposed
algorithm solves.

a. Original dataset1 b. DBSCAN: Minpts=3, Eps=10

c. DBSCAN: Minpts=3, Eps=5 to 7 d. DBSCAN: Minpts=3, Eps=3
Fig. 3. DBSCAN results from dataset1.

a. CMDD: k = 10, Minpts = 3 b.CMDD: K = 9, Minpts = 4
Fig. 4. CMDD results from dataset1.
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The proposed algorithm discovers the actual clusters from the data since it controls the vari-
ance in density allowed within each cluster. Fig 4. shows the results from CMDD using different
values for its input parameters k and Minpts, as variance in density allowed within the cluster in-
crease it tends to produce bigger clusters (number of points in each cluster increase) as shown in
Fig. 4.a. when the variance in density allowed within the cluster decrease it splits some clusters
that contain points with different density as shown in Fig. 4.b. Table 1 shows the kden(Ci) value
that represent the maximum density allowed within each cluster in dataset1. Note that when the
variance in density allowed decreased the algorithm split cluster2 to produce 9 clusters as in Fig.
4.b. The second dataset used in experiments is shown in Fig. 5.a. when we allow large variance

Table 1. The maximum density allowed within each cluster.
K = 10, Minpts = 3 K = 9, Minpts = 4

Cluster1 6.419 5.522
Cluster2 6.900 5.631
Cluster3 15.269 6.885
Cluster4 15.458 12.899
Cluster5 20.246 13.391
Cluster6 26.904 17.010
Cluster7 34.633 22.597
Cluster8 131.811 29.630
Cluster9 115.000

in density the CMDD discovers 6 clusters as in Fig. 5.b, it merges the two upper left clusters.
When we decreased the allowed variance in density it split the upper left cluster into two clusters
and removed 8 points as outliers; since they are below the density allowed within the nearest
cluster as shown in Fig 5.c. When we applied DBSCAN on the dataset2 it failed to discover
the actual clusters in data. Fig. 5.d shows that it merges the four left clusters into one and the
two right clusters into one to discover two clusters only. When we decreased the Eps it removed
38 points from the sparse cluster in right side (removed almost the cluster) as shown in Fig. 5.e.
when we decreased the Eps to 1 it discovered only one correct cluster on right side of Fig. 5.f and
removed the surrounded cluster as outliers, also it discovered portion of two upper left clusters,
but the two lower left clusters are still merged. Again, there is no global suitable value for Eps
can be used in the current dataset2.

The proposed method succeeded in the matter. Table 2 shows the kden(Ci) value for each
discovered cluster in dataset2 that shown in Fig. 5.b and Fig. 5.c

Table 2. The kden(Ci) in each cluster.
K = 10, Minpts = 3 K = 9, Minpts = 4

Cluster1 5.940 5.039
Cluster2 6.459 5.508
Cluster3 6.490 5.546
Cluster4 6.858 5.695
Cluster5 18.628 5.867
Cluster6 16.373

The third dataset is shown in Fig. 6.a that contains only two clusters. Applying DBSCAN on
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a. Dataset2 b. CMDD: k = 10 , Minpts = 4

c. CMDD: k = 9 , Minpts = 4 d. DBSCAN: Minpts = 4, Eps = 3

e. DBSCAN: Minpts = 4, Eps = 2 f. DBSCAN: Minpts = 4, Eps = 1
Fig. 5. CMDD and DBSCAN results from dataset2.

it with Eps=2.75 produce result as shown in Fig. 6.b that merging portion of sparse cluster with
the dense one and remove single point as noise. When we decreased the Eps to 2.5 we get the
result as shown in Fig. 6.c where it discovered the dense cluster correctly but split the sparse one
into two and removed 5 points as outliers from the two sparse clusters. DBSCAN can’t discover
the sparse cluster. The proposed algorithm discovered the clusters in the data correctly as shown
in Fig. 6.d. when we set k= 13 the calculated kden(Ci) was 9.114 for the dense cluster and 16.366
for the sparse one.

Fig. 7 shows the fourth dataset used to test the proposed method. DBSCAN gets 7 clusters
from the data and allows large variance in density within the five clusters on right of Fig. 7.b,
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a. Dataset3 b. DBSCAN: Minpts = 4, Eps = 2.75

c. DBSCAN: Minpts = 4, Eps = 2.5 d. CMDD: k = 13 to 20 , Minpts = 4
Fig. 6. DBSCAN and CMDD results from dataset3.

while the proposed method discovers 9 clusters as shown in Fig. 7.c where it gets a very dense
cluster inside the upper left cluster, and a sparse cluster among the left clusters and the lower
right clusters. These two clusters are impossible to be getting from DBSCAN. In addition to
the quality of right side clusters is better than that result from DBSCAN. When we increased
the value of k to 30 to allow larger variance in density within the clusters we get the result as
shown in Fig. 7.d. where it merges the two upper left clusters into one, and the sparse cluster
becomes bigger. The final number of clusters becomes 8. Fig. 8 depicts the fifth dataset in our
experiments that contains four clusters of varied density. The proposed methods discovered the
four clusters efficiently as shown in Fig. 8.b. While DBSCAN failed to discover them, when we
set Eps = 0.5 it removed the sparse cluster on the right as outliers, see Fig 8.c, and merged the
left three clusters into one. When we set Eps = 0.4 it removed the middle clusters on left and
returned the other two clusters correctly as shown in Fig. 8.d. when we set Eps = 0.25 it only
discovered the dense cluster on the top left side of Fig. 8.a and removed the other clusters as
outliers. The kden(Ci) value evaluated for each cluster in fifth dataset is kden(C1) = 1, kden(C2)
= 1.449, kden(C3) = 2.539, kden(C4) = 6.105.



256 Ahmed Fahim

a. Dataset4 b. DBSCAN: Minpts = 4, Eps = 0.6

c. CMDD: k = 16 , Minpts = 4 d. CMDD: k = 30 , Minpts = 4
Fig. 7. DBSCAN and CMDD results from dataset4.

Fig. 8. CMDD and DBSCAN results from dataset5.
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5. Conclusion
In this paper we have proposed a clustering method that is able to handle varied density

clusters well. The method performed simple modification on the DBSCAN method. The idea
is to compute the maximum density allowed within each cluster and use Minpts to control the
minimum density allowed within each cluster. The method based on the k-nearest neighbor to
compute the maximum density in each cluster and uses the density to the ith neighbor to decide
whether the point can be assigned to the current cluster or not, and ith neighbor must be greater
than or equal to Minpts.

The experimental results presented here is evidence that the proposed algorithm is more ef-
ficient than the DBSCAN algorithm in handling datasets with varied density clusters. The pro-
posed algorithm has the same time complexity as that of DBSCAN algorithm which is o(n logn).
Acknowledgements. This project was supported by the Deanship of Scientific Research at
Prince Sattam Bin Abdulaziz University under the research project no. 2017/01/7120.
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