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Abstract. DenStream is a data stream clustering algorithm which has been
widely studied due to its ability to find clusters with arbitrary shapes and dealing
with noisy objects. In this paper, we propose a different approach for pruning
micro-clusters in DenStream. Our proposal unlike other previously reported
pruning, introduces a different way for computing the micro-cluster radii and
provides new options for the pruning stage of DenStream. From our experiments
over public standard datasets we conclude that our approach improves the
results obtained by DenStream.
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1 Introduction

Nowadays many applications produce large volumes of information in short time
intervals (data streams). A data stream is a potentially infinite sequence of objects
x1; x2; . . .; xk; . . . with timestamps T1; T2; . . .; Tk; . . ., where each object xi from the data
stream is a vector of features containing m dimensions, denoted as xi ¼ x1i ; x

2
i ; . . .; x

m
i

� �
.

Processing data streams has become a current research topic in many fields of computer
science, with different applications such as: intrusion detection in networks [1],
observation of environments [2], medical systems [3, 4], stock exchange analysis [5],
social network analysis [6], object tracking in video [7], among others.

A technique widely used for processing data streams is clustering. Due to the nature
of a data stream, there are some constraints that a clustering algorithm has to consider
in order to process a data stream. These constraints are: (1) the amount of data in the
stream must be considered as infinite, (2) the time for processing a single object is
limited, (3) memory is limited, (4) there are objects that may be noisy and (5) the data
distribution may evolve. In addition, there are other problems, inherent to the clustering
problem, that must be addressed: the number of clusters in the dataset is unknown,
clusters can take arbitrary shapes and noise may affect the clustering process, among
others.
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STREAM [8], CluStream [9], Clus-Tree [10] and DenStream [1] are among the
most relevant and cited clustering algorithms reported in the literature for processing
data streams. Due to its ability to find clusters with arbitrary shapes and dealing with
noisy objects, DenStream has been widely studied and some variants [2, 11–15] have
been proposed. Despite the results achieved by these DenStream variants, they have
some problems mainly in the pruning phase, because sometimes this phase takes long
time to remove very old information and this affects the results for data streams which
evolve rapidly and steadily. In addition, sometimes the pruning phase also removes
information that could be useful in future cases, since there could be periods of
inactivity in some kind of data.

Based on the above mentioned problems and considering the advantages of Den-
Stream over other clustering algorithms, the aim of this paper is to propose solutions for
some of the problems of DenStream, in order to improve the quality of its results. This
paper is organized as follows: Sect. 2 describes the DenStream algorithm. Section 3
describes our proposal. Section 4 reports an experimental comparison of our proposal
against DenStream. Finally, in Sect. 5 some conclusions and future research directions
are presented.

2 DenStream

DenStream is a density based algorithm for clustering data streams [1], which considers
a fading (Damped) window model. In this model, the weight of each object decreases
exponentially through a fading function in dependence of the elapsed time t since it
appears in the data stream. The exponential fading function is widely used in temporal
applications where it is desirable to gradually discount the history of past behavior. The
function used in DenStream is f tð Þ ¼ 2�kt; k[ 0. The higher value for λ the lower
importance of the data compared to more recent data.

DenStream uses three important concepts as the basis for its operation: core-micro-
cluster (c-micro-cluster), potential core-micro-cluster (p-micro-cluster) and outlier
micro-cluster (o-micro-cluster).

A c-micro-cluster at the time t for a set of nearby objects xi1; xi2; . . .; xin with
timestamps Ti1; Ti2; . . .; Tin, is defined as a triplet CMC w; c; rð Þ, where

w ¼Pn
j¼1 f t � Tij

� �
, is its weight

c ¼ 1
w

Pn
j¼1 f t � Tij

� �
xij, is the center

r ¼ 1
w

Pn
j¼1 f t � Tij

� �
d xij; c
� �

, is the radius

where d xij; c
� �

is the Euclidean distance between the object xij and the center c. The
weight of a micro-cluster determines the minimum number of objects that a micro-
cluster should have, assuming that the relevance of these objects is modified according
to the fading function. With this aim, DenStream requires that the weight of each
micro-cluster be less or equal than a predefined threshold μ. The radius of a micro-
cluster determines which objects will be added to the micro-cluster, depending on their
distance to the center of the micro-cluster. For accomplishing this, DenStream requires
that the radius of a micro-cluster be less or equal than a predefined threshold �. Thus, if
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the addition of an object to a micro-cluster makes its radius greater than �, the object is
not included in this micro-cluster. Due to this constraint in the radius, the number of
c-micro-clusters tends to be much larger than the real number of clusters. On the other
hand, the minimum weight constraint produces a significantly smaller number of
c-micro-clusters than the number of objects in the data stream (see Fig. 1).

During the evolution of a data stream, the clusters and the noise are in constant
change thus the c-micro-clusters are gradually built as the data stream is processed.
Because of this, following a similar idea as the one proposed in [16], in DenStream
potential c-micro-clusters and outlier micro-clusters for incremental computation, are
introduced.

A p-micro-cluster at time t. for a set of nearby objects xi1; xi2; . . .; xin with time-

stamps Ti1; Ti2; . . .; Tin, is defined as a triplet CF1; CF2;w
n o

, where

w ¼Pn
j¼1

f t � Tij
� �

;w� bl, is the weight of the p-micro-cluster; being b 2 0; 1ð � a
parameter to determine the noise threshold relative to the c-micro-clusters.

CF1 ¼Pn
j¼1

f t � Tij
� �

xij, is the weighted linear sum of the objects in the p-micro-

cluster.

CF2 ¼Pn
j¼1

f t � Tij
� �

S xij
� �

, is the weighted squared sum of the objects in the

p-micro-cluster; where S xij
� � ¼ x2ij1; x

2
ij2; . . .; x

2
ijm

� �
.

From CF1 and CF2, we can compute the center and radius of a p-micro-cluster,
denoted as c and r, respectively, through the following expressions

c ¼ CF1

w
ð1Þ

r ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
CF2
��� ���
w

CF1
��� ���
w

0
@

1
A

2
vuuut ð2Þ

An o-micro-cluster at the time t. for a set of nearby objects xi1; xi2; . . .; xinwith

timestamps Ti1; Ti2; . . .; Tin is defined as CF1;CF2;w; To
n o

, here CF1;CF2 are defined

as in a p-micro-cluster. To = Ti1 is the creation time of the o-micro-cluster, which is
used to determine its lifetime. However, in this case w < βμ since this parameter
determines when an o-micro-cluster switches to a p-micro-cluster.

Both p-micro-clusters and o-micro-clusters can be maintained incrementally. For

example, given a p-micro-cluster cp ¼ CF1;CF2;w
� �

. If no new objects have been

added to cp in a time interval δt, then the new representation for this micro-cluster will

be cp ¼ 2�kdt � CF1; 2�kdt � CF2; 2�kdt � w
� �

. In the opposite case, if an object p is
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added to cp, then the micro-cluster will be represented as cp ¼ CF
1 þ p;CF

2þ
�

S pð Þ;wþ 1Þ where S pð Þ ¼ p21; p
2
2; . . .; p

2
m

� �
. In a similar way the o-micro-clusters are

updated.
The clustering algorithm DenStream is divided in two phases: an online phase for

maintaining micro-clusters, and an offline phase to generate the final clustering; the
offline phase is performed when the user requests it. DenStream has an initialization
stage, where k objects are taken from the data stream and DBSCAN [17] is applied to
detect k p-micro-clusters.

During the online phase, when an object xi is retrieved from the data stream, the
distance between xi and each one of the centers of the p-micro-clusters is computed, the
new radius rj of the nearest p-micro-cluster is computed, if rj � � then xi is added to that
p-micro-cluster. Otherwise, the same process is done but with the o-micro-clusters, first
we compute the distances and then the new radius rj of the nearest o-micro-cluster is
computed, if rj � � then xi is added to the nearest o-micro-cluster, in this case it should
be also determined if the nearest o-micro-cluster fulfills the constraints to become a
p-micro-cluster. If xi cannot be addedo any micro-cluster a new o-micro-cluster is
generated from xi.

In order to generate the final clustering, a variant of DBSCAN is applied. In this
variant the radii of the p-micro-clusters and the distance between their centers allows
determining if they are density reachable. Consider two p-micro-clusters with centers cp
and cq and radii rp and rq. We say that these p-micro-clusters are density reachable if
d cp; cq
� �� rp þ rq, where d cp; cq

� �
is the Euclidean distance between cp and cq. Those

p-micro-clusters that are density reachable are merged as a cluster.
Although the expression (2), for computing the radius of a micro-cluster, is reported

in all variants of DenStream, in the practice the root argument can be negative,
therefore this expression cannot be used. For this reason some of the algorithms that are
extensions of DenStream [14, 15] are implemented within a Framework called MOA
(Massive Online Analysis),1 and they use a variant of the expression (2) to compute the
radius in the micro-clusters. The expression used in MOA is:

Fig. 1. Representation of a dataset using micro-clusters

1 http://moa.cms.waikato.ac.nz/.
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In the expression (2) an approximation to the average of distances is computed, the
expression (3) is similar to expression (2) but it only takes the maximum difference
between the vector components instead of computing the Euclidean norm. Using
the average of distances as the radius makes the radius smaller than it actually should
be, which has a negative effect in the final clusters. This problem is illustrated in Fig. 2.

In the example of Fig. 2, the micro-clusters do not intersect their radii and therefore,
when the DBSCAN variant is used to build the final clustering, those micro-clusters are
not density reachable, and it results in many final clusters.

In MOA a constant is used to increase the size of micro-clusters radii. First the
radius is computed then the product between the radius and that constant is computed.
However, MOA does not explain how the value of this constant is obtained.

3 Our Proposal

In this section, we introduce some modifications of DenStream, which are depicted in
Algorithm 1. In order to solve the problem of using the average of distances as radius in
the micro-clusters, we propose to use as radius the distance from the center to the
farthest object in the micro-cluster. In [1] this idea was previously proposed but the
authors only report results over just one dataset. By using the distance from the farthest
objects to the center, CF2 can be replaced by the farthest object, the farthest object will
be called xf, also the timestamp Tf must be stored, since over time the relevance of the
object also affects the radius. Considering this modification, we propose the following
expression to compute the radius:

r ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXm

i¼1
ci � xfi
� �2� �

� 2�kdt

r
ð4Þ

Fig. 2. p-micro-clusters obtained using the average of distances as radius.
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where δt = t − Tf is the difference between the current time and the time in which the
farthest object xf arrived; ci is the i-th component of the micro-cluster center and, xfi is
the i-th component of the object xf.

Using the proposed expression (4) allows to get more micro-clusters and they are
less separated, which helps in the final phase to obtain a better clustering. Using the
expression (4) adds to the clustering algorithm an extra computational cost, since each
time that a new object is added into a micro-cluster, we have to verify if the new object
is farther than the current xf object.

In order to remove micro-clusters, DenStream considers the parameter λ and the
elapsed time since the last change has occurred in each micro-cluster, such that those
micro-clusters which have not been modified for a certain interval of time are removed.
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Another problem with DenStream is that sometimes it takes too long time to
remove those p-micro-clusters which do not receive objects frequently (depending on
the value of λ). The above problem is solved by using a high value for λ but another
problem arises, the radii of the micro-clusters decrease too fast and therefore, when a
final clustering request is done, many clusters are generated. To solve this problem, we
propose to consider those micro-clusters that have received too few objects in the latest
updates as noise, i.e., they become o-micro-clusters. To determine when a p-micro-
cluster have received too few objects, the average number of added objects in all
p-micro-clusters is computed (step 12), also the average weight from all p-micro-
clusters is computed (step 13); those p-micro-clusters whose weights and number of
added objects are below of both averages become o-micro-clusters (steps 19–22).

Another change included in our proposal is that before removing an o-micro-
cluster, we try to merge it with its nearest p-micro-cluster (steps 16–18); in this way we
may retain certain information that could be useful in the future. In order to merge two
micro-clusters the distance between them must be less than the radius of the p-micro-
cluster, and the radius of the new micro-cluster must not be greater than �. Finally, the
last change in our proposal is that before removing p-micro-clusters they become
o-micro-clusters (steps 23–25), it gives to them the opportunity to grow back, since as
they were considered as relevants in previous windows, maybe they are in an inactivity
period and they could receive new objects in the close future.

4 Experimental Analysis

For our experimental comparison, DenStream was in the same way as in the framework
MOA. The assessment of the clustering results was done through purity measure which
is defined in (5).

purity ¼ 1
k

Xk

i¼1

cdi
�� ��
cij j ð5Þ

Where k is the number of clusters, |ci
d| denotes the number of objects with the most

frequent label in the cluster i, and |ci| is the total number of objects in the cluster i. This
evaluation is done on a predefined window, since objects are fading continuously.

Table 1 shows the characteristics of the datasets used in the experiments, KDD 99
Network Intrusion was used in [1] for evaluating DenStream, while Electricity, Forest
Covertype and Poker-Hand datasets were suggested in MOA2 to evaluate data stream
clustering algorithms. In order to simulate a data stream in our experiments the objects
are processed in the order that they are stored.

In our experiments all feature values were normalized in the range [0, 1] and in those
datasets containing categorical features, we only use the numeric features. Different
values were tested for the parameters of the algorithms and we used those in which both
algorithms obtained the best results, which are: for Electricity � ¼ 0:12; l ¼ 40, for

2 http://moa.cms.waikato.ac.nz/datasets/.
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KDD 99 � ¼ 0:15; l ¼ 80, for Forest Covertype � ¼ 0:16; l ¼ 80, for Poker-Hand
� ¼ 0:17; l ¼ 100, in all datasets we use b ¼ 0:2 and k ¼ 0:25. The window size was
10,000, and 1000 objects were used for the initialization phase. The results are shown in
Fig. 3.

In the Fig. 3, we can see that our proposal performs better in most of the cases,
except for Electricity, where DenStream performed better in 2 of the evaluated

Table 1. Description of datasets used in our experiments

Name #Objects #Features #Labels

Electricity 45,312 103 2
Network Intrusion (KDD 99) 494,020 41 23
Forest Covertype 581,012 54 7
Poker-Hand 829,201 11 10

Fig. 3. Comparison of quality using purity
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windows. For KDD 99 similar results were obtained with our proposal and DenStream,
both algorithms perform well in all the windows. In Forest Covertype and Poker-Hand,
our proposal preforms better in all the windows. From these experiments, we can
conclude that the expression proposed for computing the radius and the changes
proposed in the pruning phase of DenStream allows to improve the quality of the
results provided by DenStream.

As it was previously mentioned in Sect. 3, getting the farthest object each time that
a new object is added to a micro-cluster increases the computational cost of the
clustering algorithm, however, in the practice there is not much difference in runtime,
as it can be seen in Fig. 4, where we show a runtime comparison between our proposal
and DenStream using the dataset Forest Covertype. It is important to comment that in
our proposal since in the pruning phase we provide more options to change a p-micro-
cluster into an o-micro-cluster, then more micro-clusters are removed and this reduces
the amount of operations when we search the nearest p-micro-cluster.

5 Conclusions

In this paper a different approach to compute the radius of the micro-clusters in
DenStream is proposed. Additionally, some pruning strategies are also included to
remove useless micro-clusters. From our experiments we can conclude that the mod-
ifications proposed allows to improve the quality of the clustering results provided by
DenStream, besides a similar runtime to that achieved by DenStream is maintained.

Since only the radius and center of micro-clusters are used to build the final
clusters, and information like the weight and the lifetime of the micro-clusters are not
used to build the final clustering, as future work, we propose to formulate a new
strategy taking into account this additional information to build a better clustering in
the final phase.

Fig. 4. Comparison of runtime in seconds
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