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An Optimization Model for Clustering Categorical
Data Streams with Drifting Concepts
Liang Bai, Xueqi Cheng, Member, IEEE, Jiye Liang, and Huawei Shen
Abstract—There is always a lack of a cluster validity function and optimization strategy to find out clusters and catch the evolution trend
of cluster structures on a categorical data stream. Therefore, this paper presents an optimization model for clustering categorical data
streams. In the model, a cluster validity function is proposed as the objective function to evaluate the effectiveness of the clustering model
while each new input data subset is flowing. It simultaneously considers the certainty of the clustering model and the continuity with the
last clustering model in the clustering process. An iterative optimization algorithm is proposed to solve an optimal solution of the objective
function with some constraints. Furthermore, we strictly derive a detection index for drifting concepts from the optimization model. We
propose a detection method that integrates the detection index and the optimization model to catch the evolution trend of cluster
structures on a categorical data stream. The new method can effectively avoid ignoring the effect of the clustering validity on the detection
result. Finally, using the experimental studies on several real data sets, we illustrate the effectiveness of the proposed algorithm in
clustering categorical data streams, compared with existing data-streams clustering algorithms.
Index Terms—Cluster analysis, optimization model, iterative algorithm, categorical data stream, drifting-concept detection
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1

INTRODUCTION

C

analysis is a branch in statistical multivariate
analysis and unsupervised machine learning. The goal of
clustering is to group a set of objects into clusters so that the
objects in the same cluster have high similarity but are very
dissimilar with objects in other clusters [1]. To tackle this
problem, various types of clustering algorithms have been
proposed in the literature (e.g., [2] and references therein).
Recently, increasing attention has been paid to analyzing
cluster structures in data streams, since this task is of great
practical relevance in many real applications, such as network-traffic monitoring, stock market analysis, credit card
fraud detection analysis, and web click stream analysis.
Unfortunately, conventional clustering techniques meet several challenges while clustering data streams. First, data
objects are observed sequentially on a data stream. The data
generating model often changes as the data are streaming. For
example, the buying preferences of customers may change
with time, depending on the current day of the week, availability of alternatives, discounting rate, etc. As the concepts
behind the data evolve with time, the underlying clusters
may also change considerably with time. This phenomenon is
called the “concept drifting” [3], [4]. However, conventional
clustering techniques assume that the cluster structures do
LUSTER
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not change with time. They focus on clustering the entire data
set and do not take the drifting concepts into consideration.
Such process not only decreases the quality of clusters but
also disregards the expectations of users that usually require
recent clustering results. Furthermore, with advances in data
storage technology and the wide deployment of sensor systems and Internet based continuous-query applications, the
volume of the data stream is huge. Storing and taking the
entire data set is very expensive. Therefore, the techniques
for effectively and efficiently clustering data streams are
required.
The problem of clustering data streams in the numerical
domain has been well-explored in the literature [5], [6], [7],
[8], [9], [10], [11], [12], [13], [14]. However, the data streams
contain not only numerical data but also categorical data.
For example, buying records of customers, web logs that
record the browsing history of users, or web documents
often evolve with time. The lack of intuitive geometric properties for categorical data imposes several difficulties on
clustering this kind of data [3], [15]. For example, since the
domains of categorical attributes are unordered, the distance functions for numerical data fail to capture resemblance between categorical data objects. Furthermore, for
numerical data, the representative of a cluster is often
defined as the mean of objects in the cluster. However, it is
infeasible to compute the mean for categorical values. These
imply that the techniques used in clustering numerical data
are not suitable for categorical data. Therefore, it is widely
recognized that designing clustering techniques to directly
tackle data streams in the categorical domain is very important for many applications.
Currently, several clustering frameworks for categorical
data streams have been reported [3], [4], [16], [17], [18]. In
[17], the Coolcat algorithm [17] used the information entropy
to describe cluster structures and determine the assignment
of new input data objects. However, the algorithm did not
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consider the “concept drifting”. In [18], Chen et al. used the
Hierarchical Entropy Tree structure (HE-Tree) to capture the
entropy characteristics of clusters and applied the change of
the best number of clusters to detect the change of the cluster
structures in the data stream. In [3], Chen et al. defined
the N-Nodeset Importance Representative (abbreviated as
NNIR) to reflect characteristics of clusters, and used the
number of outliers and the numbers of objects in each clusters to detect the drifting concepts in the data stream. In [4],
Cao et al. proposed a distance between concepts, based on
the rough membership function, to detect the drifting concepts in the data stream.
However, there are two main issues in these above algorithms. The one is that these algorithms only use the similarity
between objects and clusters to once determine the cluster
labels of objects, for new input data subsets. Due to the lack of
the validity criterion and optimization strategy, they do not
adjust or optimize the clustering result. The other is that there
is a lack of relevance between the clustering objectives and
drifting-concept detection indices in these algorithms. That
maybe lead to ignoring the impact of the effectiveness of the
clustering results on the drifting-concept detection. For a new
input data subset, if its clustering result is poor, the driftingconcept detection result maybe un-true. Thus, users need a
detection method based on an optimization model to enhance
the reliability of the detection results. To get rid of these deficiencies, we will build an optimization model to solve the
clustering problem for categorical data streams. The major
contributions are as follows:


We construct an optimization model for clustering categorical data streams. In the model, a new validity
function is defined as the optimization objective function. On each new input data subset, minimizing it
with some constraints aims to finding out the new
clustering model which has good certainty for cluster
representatives and continuity with the last clustering
model. An iterative optimization algorithm is proposed to solve the optimization problem.
 We strictly derive a detection index for drifting concepts from the optimization model. A detection
method is proposed which integrates the detection
index and the optimization model to catch the evolution trend of cluster structures on a categorical data
stream. It can effectively avoid ignoring the effect of
the clustering validity on the detection result of drifting concepts.
 The performance of the proposed clustering algorithm is investigated by using real data sets.
This paper is organized as follows: In Section 2, we review
the notation of categorical data and the clustering model for
static categorical data. Section 3 presents an optimization clustering model for categorical data streams. Section 4 illustrates
the performance of the proposed model. Finally, a concluding
remark is given in Section 5.

2

PRELIMINARIES

2.1 Categorical Data
Huang et al. [19] provided the notation of categorical data
which was introduced as follows: Let X ¼ fx1 ; x2 ; . . . ; xn g be
a set of n objects and A ¼ fa1 ; a2 ; . . . ; am g be a set of m
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attributes which are used to describe X. Each attribute aj
describes a domain of values, denoted by Daj , associated with
a defined semantic and a data type. Here, only consider two
general data types, numerical and categorical, and assume
other types used in database systems can be mapped to one of
the two types. The domains of attributes associated with the
two types are called numerical and categorical, respectively.
A numerical domain consists of real numbers. A domain Daj
is defined as categorical if it is finite and unordered, i.e.,
ð1Þ

ð2Þ

ðn Þ

Daj ¼ faj ; aj ; . . . ; aj j g where nj is the number of categories of attribute aj for 1  j  m. For any 1  p  q  nj ,
ðpÞ

ðqÞ

ðpÞ

ðqÞ

either aj ¼ aj or aj 6¼ aj . For 1  i  n, an object xi 2 X
is represented as a vector ½xi1 ; xi2 ; . . . ; xim , where xij 2 Daj ,
for 1  j  m. If each attribute in A is categorical, X is called a
categorical data set.
If X is a data stream, each object has an arriving time. Let
S ¼ fS 1 ; S 2 ; . . . ; S T g be a partition of X, according to a slidST
p
ing window, where
S p \ S q ¼ ;, for
p¼1 S ¼ X,
1  p 6¼ q  T . A sliding window includes an input data
subset S p of X in a time interval. There is no overlap
between time intervals. When clustering the data stream,
users are more interested in the cluster structure in a time
range than the entire data set. The main symbols used in
this paper are summarized in Table 1.

2.2 Clustering Optimization Model for Static
Categorical Data
For static categorical data sets, there are three well-known
clustering objective functions: the k-modes objective function
[19], the category utility function [20] and the information
entropy function [17]. Many algorithms have been developed
to use these validity functions as objective functions and find
their (local) optimal solutions. The representative algorithms
include the k-modes-type and their variant algorithms [19],
[21], [22], [23], the Cobweb algorithm based on the category
utility function [24] and the information entropy-based algorithms [17], [25]. In the papers [26], [27], we proposed a generalized objective function and optimization problem for static
categorical data to analyze the generality and difference of the
three types of optimization models. They are special cases of
the generalized optimization model.
The generalized optimization model is written as follows:
k X
n
X
wli dg ðxi ; cl Þ
min Fg ðW; V Þ ¼
W;V

l¼1 i¼1

þa

k X
n
X
l¼1 i¼1

wli

nj
m X
X


2

(1)

vljq ;

j¼1 q¼1

subject to
8
k
n
X
X
>
>
>
>
w
2
f0;
1g;
w
¼
1;
1
<
wli < n;
li
li
>
<
l¼1

nj
>
X
>
>
>
v
2
½0;
1;
vljq ¼ 1;
lj
>
q
:

where


i¼1

(2)

q¼1

W ¼ ½wli  is a k-by-n f0; 1g matrix, wli indicates
whether xi belongs to the lth cluster, wli ¼ 1 if xi
belongs to the lth cluster and 0 otherwise.
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1  q  nj , the term achieves its minimum value
Pnj  2 1
given by min q¼1
vljq ¼ nj . If only one of the vljq

TABLE 1
Description of the Main Symbols Used in This Paper

for 1  q  nj is nonzero, the term achieves the maxiPnj  2
mum value, i.e., max q¼1
vljq ¼ 1. The smaller the
term is, the more categories the weights are assigned
to. While giving W , we wish to minimize it to make
more categorical values identify clusters.
 að 0Þ is a parameter which is used to balance which
part plays a more important role in the minimization process of (1). The larger a is, the more the
last term contributes in the optimization process
and the smoother or fuzzier of the resulting V is.
However, the values of a should not be too large.
The reason is that when a is very large so that
each vljq is close to 1=nj .
We minimize Fg by iteratively updating W and V . When
V is given, W is computed by
8
nj
m X
X
 2
>
>
> 1; if dg ðxi ; vl Þ þ a
vljq 
>
>
>
j¼1 q¼1
>
<
nj
m X
X
^ li ¼
(3)
w

2
>
d
ðx
;
v
Þ
þ
a
vhjq ; 1  h  k;
>
g
i
h
>
>
>
j¼1 q¼1
>
>
:
0; otherwise;
for 1  l  k, 1  i  n.
When W is given, V is computed by


P
V ¼ ½vljq  is a k-by- m
j¼1 nj matrix. vljq is the representability of the qth categorical value of the jth attribute in the lth cluster, for 1  l  k; 1  j  m;
1  q  nj . The larger vljq is, the more representabilðqÞ



ity the categorical value aj has in the lth cluster. For
each cluster (1  l  k), we use vl (which is the lth
row of V ) to summarize and characterize the lth cluster. For a categorical data set, V can be seen as the
clustering model. It is used to predict the likelihood
of an unseen object being a cluster member. If V has
good
predictive ability, it is thought to be good.
Pk P
n
l¼1
i¼1 wli dg ðxi ; cl Þ is the sum of the within-cluster
dispersions that we want to minimize. dg ðxi ; cl Þ is a
dissimilarity measure between the object xi and the
lth cluster cl defined as follows:
dg ðxi ; cl Þ ¼

m
X

faj ðxi ; cl Þ;

j¼1
ðqÞ

with faj ðxi ; cl Þ ¼ 1  vljq , if xij ¼ aj , 1  q  nj .
Here, faj ðxi ; cl Þ depends on vljq , which is the repðqÞ

resentability of aj in the lth cluster. The larger vljq
ðqÞ

is, the more representability aj has in the lth cluster,
the smaller the dissimilarity between xi and cl in the
ðqÞ



attribute aj is. When the representability of aj is 1,
f ðxi ; cl Þ ¼ 0.
Pajk Pn
Pm Pnj  2
is used to stimulate
q¼1 vljq
l¼1
i¼1 wli
j¼1
more categorical values to contribute to the identification of clusters. When vljq are the same for

v^ljq ¼
where

jcl j ¼

Pn
i¼1

wli

1 jcljq j 2a  1
þ
;
2a jcl j
2nj a
and

jcljq j ¼

(4)

Pn

ðqÞ

i¼1;xij ¼aj

wli

for

1  l  k, 1  j  m, 1  q  nj . According to the computing formula of V , we see that the vljq value is proportional
ðqÞ

to the relative frequency of aj in the lth cluster, for
1  l  k, 1  j  m and 1  q  nj .

Algorithm 1.
Input: X, initial V , a, k
Output: W , V
Fg ¼ 0;
while Fg 6¼ Fg0 do
Fg0 ¼ Fg ;
Given V , compute W by (3);
Given W , compute V by (4);
Compute the function Fg value;

The clustering algorithm is formalized in Algorithm 1.
The algorithm can obtain a local optimal solution in the
finite iterations, which had been proved in [26]. Before
implementing it, we need to input three parameters: a,
initial V and the number of clusters k on S p . For the
parameter a, we have analyzed its effect on evaluating
the clustering results, seen in [27]. The experimental analysis showed that the objective function Fg is robust in
evaluating the clustering results when the a value is a certain value, e.g., a  200 on the tested data sets. However,
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the a value should not be too large, otherwise the representability of each categorical value to clusters will be not
recognized. For setting initial V and the number of clusters
k, there are several methods for clustering categorical data
proposed in [17], [28], [29], [30], [31]. In the papers [28],
[30], we defined the density of a categorical value and integrated the simple matching distance to evaluate the representability of an object to a cluster. We selected the first k
objects with higher density and separation as the representatives of k clusters. Based on these representatives, we
applied the simple matching distance to assign each object
into its nearest cluster and obtain an initial partition. While
giving the initial partition, we can obtain an initial V ,
according to Eq. (4). In the paper [31], we provided a
method of simultaneously obtaining the initial partition
and the number of clusters. We continue using the representability of objects to evaluate the number of clusters.
We thought that if the real number of clusters is k, the
k þ 1th selected object will be representative of the same
cluster as one of the first k selected objects. In the case, the
representability of the first k selected objects should be
much larger than that of the k þ 1th selected object. Therefore, we determined the number of clusters by analyzing
the change curve of the representability.

3

CLUSTERING OPTIMIZATION MODEL FOR
CATEGORICAL DATA STREAMS

3.1 The Clustering Framework
In order to cluster categorical data streams and detect the
drifting concepts, we apply a clustering framework based
on the sliding window technique. The sliding window technique conveniently eliminates the outdated records and
only saves the clustering models, which is utilized in several
previous works on clustering time-evolving data [3], [4].
Therefore, based on the technique, we can cluster the latest
data objects in the current window and catch the evolution
trend of cluster structures on the data stream. The entire
framework of performing clustering on a categorical data
stream is shown in Fig. 1.
According to Fig. 1, we see that the clustering of a categorical data stream needs to address the following three
problems:


How to initially cluster the first input data subset
and re-cluster a data subset?
 How to cluster a new input data subset based on the
last clustering model?
 How to detect the drifting concepts on a data stream?
The first problem can be solved by Algorithm 1. In the
following, we will investigate the second and third problems. We will extend the static clustering model in
Section 2.2 to construct an optimization model for categorical data streams. The new optimization model will
provide a clustering criterion and strategy to obtain a
new clustering model with good certainty for cluster representatives and continuity with the last clustering
model while a new input data subset is inputting. Furthermore, we will make use of the optimization model to
enhance the credibility of the drifting-concept detection.
For a new input data subset, we can produce a number
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Fig. 1. The flowchart of the clustering framework for a categorical data
stream.

of partitions. The different partition results maybe lead
to the different detection results of drifting concepts. The
poorer the partition result is, the more unreliable the
detection result is. Therefore, we need the optimization
model to find out the optimal partition result for the
new input data subset. If the concepts from the optimal
result still drift, it is thought that the change of the cluster structures is obvious.

3.2 The Optimization Clustering Algorithm
To cluster a new input data subset based on the last
clustering model, we need to consider more terms in the
objective function and optimization problem, compared
to that of static categorical data. While building a new
objective function for categorical data streams, we consider not only the physical meaning of the clustering
validity on the new input data subset but also that of
the drifting-concept detection. The meaning of clustering
validity will be introduced in the following. The detection meaning of drifting concepts will be analyzed in
Section 3.3.
Let S p be the pth data subset input from a data stream,
p
xi 2 S p be a data object for 1  i  jS p j, V p1 be the last cluster model which has been known, W p be the membership
matrix of S p , V p be the cluster model after inputting S p , kp
be the number of clusters on S p . While clustering a new
input data subset, we first assume that the concepts do not
drift. Thus, we set the number of clusters is equal to that of
the last window.
The objective function is defined as follows:
MðW p ; V p Þ ¼ Fg ðW p ; V p1 Þ þ Fg ðW p ; V p Þ þ DðV p ; V p1 Þ;
(5)
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where
8
jS p j
kp X
X
>
>
p
p1
>
ðW
;
V
Þ
¼
wpli dg ðxpi ; cp1
Þ
F
>
g
l
>
>
>
l¼1 i¼1
>
>
>
>
nj 
jS p j
kp X
m X
2
>
X
X
>
>
p
>
þa
wli
vljp1
;
>
>
q
>
>
j¼1 q¼1
l¼1 i¼1
>
>
>
>
jS p j
<
kp X
X
p
p
Fg ðW ; V Þ ¼
wpli dg ðxpi ; cpl Þ
>
>
l¼1 i¼1
>
>
>
>
nj 
jS p j
kp X
m X
2
>
X
X
>
>
p
>
þ
a
w
vpljq ;
>
li
>
>
>
j¼1 q¼1
l¼1 i¼1
>
>
>
>
p jS p j
nj 
>
k
m
2
X
X
X
X
>
>
p
p
p1
>
wli
vpljq  vp1
:
> DðV ; V Þ ¼ b
ljq
:
l¼1 i¼1
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a new clustering model which has simultaneously
good certainty for cluster representatives and continuity with the last clustering model. bð 0Þ is a
parameter which is used to control the role of the
third term in the minimization process of (5).
In the new algorithm, we transform the problem of clustering new input data subsets into the following optimization
problem:
min MðW p ; V p Þ;

(6)

j¼1 q¼1

(7)

W p ;V p

subject to
8
kp
n
X
X
>
>
p
>
>
2
f0;
1g;
wpli ¼ 1; 1 <
wpli < jS p j;
w
>
li
<
i¼1

l¼1

(8)

nj
>
X
>
p
>
>
v
2
½0;
1;
vpljq ¼ 1:
>
: ljq
q¼1

The objective function is composed of the three terms. In the
following, we illustrate the roles of these terms in clustering
data streams:






The first term Fg ðW p ; V p1 Þ is to measure the effectiveness of the clustering result while the last clustering model is used to represent the new input data
subset. Many existing algorithms for clustering data
streams only assume the last clustering model can
effectively represent the new input data subset. They
measure the similarity between objects and clusters
to once determine the cluster labels of objects. However, the clustering model evolves as the new data
objects are flowing. The last clustering model can not
completely reflect the characteristics of the new data
subset. This indicates that only using the term is not
enough to cluster data streams. Thus, we need to
consider other factors.
The second term Fg ðW p ; V p Þ is to measure the effectiveness of the clustering result while the new clustering model is used to represent the new input data
subset. The new clustering model evolves from the
last clustering model. It is used to reflect the characteristics of the historical and new data subsets. If an
algorithm only uses the term as the objective function to cluster the new data subset, it becomes a clustering algorithm for static data. The obtained
clustering model only represents the new data subset
and ignores the continuity with the last clustering
model. Thus, we need to combine the first and second terms.
The third term DðV p ; V p1 Þ is to measure the difference between the new and last clustering models. In
the process of clustering a new input data subset, we
first assume that the last clustering model can partly
represent the new data subset. Thus, we wish the
smaller the DðV p ; V p1 Þ value, the better. If the difference is very large, the change of the cluster structures may be obvious. This indicates that the
concepts suddenly drift and the last clustering model
is unavailable in clustering the new data subset. In
the case, we need to re-cluster the new data subset,
independently of the last clustering model. Therefore, we integrate the three terms and wish obtaining

While a new data subset is inputting, we hope to obtain a
new clustering model which is simultaneously effective for
cluster representatives and close to the last clustering
model, by minimizing the objective function with the constraints. The obtained clustering model will be used to not
only reflect the characteristics of clusters but also catch the
evolution trend of cluster structures (which will be discussed in Section 3.3). In the following, we will introduce
how to solve the optimization problem.
We use an iterative method to solve the optimization
problem. That is, the problem is solved by iteratively solving the following two minimization subproblems:
Problem P1 . Fix V p ¼ V^p , solve minW p MðW p ; V^p Þ;
^ p , solve minV p MðW
^ p ; V p Þ.
Problem P2 . Fix W p ¼ W
To solve the above two subproblems, we calculate the
updating formulas of W p and V p according to the following
two theorems:

Theorem 1. Let V^p be fixed and consider the problem:
min
MðW p ; V^p Þ subject to ð8Þ:
p
W

^ p is given by
The minimizer W

1;
if uli  uhi ; 1  h  kp ;
^ pli ¼
w
0;
otherwise;
where
uli ¼

dg ðxpi ; clp1 Þ

þa

nj 
m X
X

vljp1
q

2

(9)

þ dg ðxpi ; cpl Þ

j¼1 q¼1

þa

nj 
m X
X

vpljq

2

þb

j¼1 q¼1

nj 
m X
X

vpljq  vp1
ljq

2

;

j¼1 q¼1

for 1  l  kp , 1  i  jS p j.

Proof. For a given V^p , all the inner sums of the quantity
MðW p ; V^p Þ ¼

n X
kp
X

wpli uli ;

i¼1 l¼1

are independent. Minimizing the quantity is equivalent
to minimizing each inner sum. We write the ith inner
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sum (1  i  jS p j) as
’i ¼

kp
X

wpli uli :

v^pljq ¼

l¼1

¼ 1, we have wphi ¼ 0; 1  h  kp ; l 6¼ h and
When
’i ¼ uli . It is clear that ’i is minimized iff uli is minimal
u
t
for 1  l  kp . The result follows.
^ p be fixed and consider the problem:
Theorem 2. Let W

jcpljq j
1
b
2a  1
vp1
;
p þ
ljq þ
2ða þ bÞ jcl j a þ b
2nj ða þ bÞ

(10)

for 1  l  kp , 1  j  m, 1  q  nj .

Proof. Let

vpljq






2
p
p1
jcpljq j 1  vp1
j
v
þ jcpljq jð1 
þ
ajc
ljq
l
ljq
þ



ajcpl j

vpljq

2

þb



vpljq



vp1
ljq

2 

;

for 1  l  k and 1  j  m. Then
kp X
m
X

#lj ;

l¼1 j¼1

where jcpl j ¼

PjSp j
i¼1

wpli and jcpljq j ¼

PjS p j
ðqÞ

i¼1;xij ¼aj

wpli ð1  q 

nj Þ are constants for fixed W p . Thus, minimizing the
objective function is equivalent to minimizing #lj .
Since #lj is a strictly convex function, the well-known
K-K-T necessary optimization condition is also sufficient.
^plj is an optimal solution if and only if there
Therefore, v
^p satisfying the following system
exists ^ together with v
lj

of equations:
rvp #~l;j ðvplj ; Þ ¼ 0;
lj

nj
X

(11)

vpljq ¼ 1;

q¼1

where vlj ¼ fvlj1 ; vlj2 ; . . . ; vljnj g and
#~lj ðvplj ; Þ ¼

nj 
X




2
þ ajcpl j vp1
jcpljq j 1  vp1
ljq
ljq

q¼1



 2
þ jcpljq j 1  vpljq þ ajcpl j vpljq
!
nj

2 
X
p
p1
p
þ
þ b vljq  vljq
vljq  1 :

(12)

q¼1

We have
@~ul;j ðvplj ; Þ
@vpljq
for 1  q  nj :

p

According to the computing formula of V , we see that
the vpljq value is proportional to the vp1
ljq value and the rela-

representability of aj in a cluster is proportional to its relative frequency in the cluster, according to the static clustering optimization model. Therefore, we see that the new
clustering model V p can effectively describe the cluster
characteristics of the historical and new data subsets.
For clustering the new input data subset, the proposed
algorithm iteratively updates W p and V p by the two theorems, until the objective function M value does not change.
The algorithm is formalized in Algorithm 2. The iterative
number of the proposed algorithm is finite, which can be
proved as in Theorem 3 below.

Algorithm 2.

p

^ p; V pÞ ¼
MðW

u
t

This completes the proof.

ðqÞ

The minimizer V^p is given by

q¼1

jcpljq j
1
b
2a  1
vljp1
:
þ
p þ
q
2ða þ bÞ jcl j a þ b
2nj ða þ bÞ

ðqÞ

V

nj 
X
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tive frequency of aj in the lth cluster, for 1  l  kp ,
1  j  m and 1  q  nj . Besides, we also know that the

^ p ; V p Þ subject to ð8Þ:
MðW
min
p

#lj ¼

NO. 11,

From the above equations, we obtain the optimal solution

wpli

v^pljq ¼

VOL. 28,

¼ 2ajcl jvpljq  jcljq j þ 2bjcl jvp1
ljq þ ;

(13)

Input: S p , V p1 , a, b
Output: W p , V p
Initially set V p ¼ V p1 , M ¼ 0;
while M 6¼ M 0 do
M 0 ¼ M;
Given V p , compute W p by Theorem 1;
Given W p , compute V p by Theorem 2;
Compute the function M value;

Theorem 3. The proposed algorithm converges to a local minimal solution in a finite number of iterations.
Proof. Let y be the number of all the possible partitions on the
pth data subset S p . Each partition can be represented by a
membership matrix W p . If two partitions are different, their
membership matrices are also different, otherwise, they are
identical. We note that y is finite, given the data subset S p
and the number of clusters kp . Therefore, there are a finite
number of W p on the data subset. While applying the proposed algorithm to cluster S p , we obtain a series of W p , i.e.,
W1p ; W2p ; . . . ; Wtpp . According to Theorems 1 and 2, we know
that the sequence Mð; Þ generated by the proposed algorithm is strictly decreasing. Thus, these membership matrices have the following relationships: MðW1p ; V1p Þ > MðW2p ;
V2p Þ > . . . > MðWtpp ; Vtpp Þ. We assume that the number of iterations tp is more than y þ 1. That indicates that there are at
last two of the same membership matrices in the sequence,
i.e., Wip ¼ Wjp , 1  i ¼
6 j  tp . For Wip and Wjp , we have the
p
minimizers Vi and Vjp , according to Theorem 2, respectively. It is clear that Vip ¼ Vjp since Wip ¼ Wjp . Therefore,
we obtain MðWip ; Vip Þ ¼ MðWjp ; Vip Þ ¼ MðWjp ; Vjp Þ: If the
value of the function M is not decreasing, the algorithm
stops. Therefore, the number of iterations tp is not more
u
t
than y þ 1. Hence, tp is a finite number.
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P
The time complexity of the algorithm is OðjS p jkp tp m
j¼1 nj Þ
operations, where kp is the number of clusters and tp is the
number of iterations.P As for the storage, we need
OðjS p jm þ jS p jkp þ 2kp m
j¼1 nj Þ space to hold the set of new
input objects, the membership matrix W p , the last and new
clustering models V p1 and V p . Due to the linear time and
space complexities with the number of objects, attributes or
clusters, the proposed algorithm is very suited to deal with
large data sets.

3.3 The Drifting-Concept Detection
After clustering new input data subsets, we need to analyze
the change situation between the new and last clustering
models, in order to determine whether the drifting concepts
occur. While the concepts have drifted, the last clustering
model V p1 is not used to participate in the construction of
the new clustering model V p . In the case, we need to re-cluster the new input data subset, independently of V p1 . In the
paper, we consider the following two factors to find out the
drifting concepts:


The distribution variation between the last and new
clustering models for cluster representatives;
 The certainty variation between the last and new
clustering models for cluster representatives.
The first factor can be measured by a function
DV ðV ; V
p

p1

Þ¼

nj 
kp
m X
X
jcp j X
l¼1

l
jS p j

vpljq  vp1
ljq

2

;

j¼1 q¼1

which is a part of the objective function M. The larger the
DV value is, the more the two clustering models are different. If the difference reaches up to a certain extent, the
“concept drifting” may happen.
However, only considering the first factor may lead to
ignoring the change direction between the two clustering
models. The distribution variation may reduce or enhance
the uncertainty of the clustering model for cluster representatives. If the uncertainty is reduced, it is thought that the
concepts do not drift, although the distribution variation is
large. We use the second term in the objective function Fg to
Pk
measure the certainty of clustering model, i.e.,
l¼1 jcl j
Pm Pnj  2
q¼1 vljq : The larger the term value is, the more the
j¼1
certainty of the clustering model for cluster representatives
is. Here, what requires explanation is why we wish to minimize the term in Fg but maximize it in the drifting-concept
detection. While clustering a data set, we wish to maximize
the certainty of the clustering model for cluster representatives on the condition that the clustering model can objectively reflect the characteristics of each cluster possibly as
well. Using the function Fg to find the best clustering result
on a data set is like a dynamic game between W and V . The
game scenario is described as follows: When V is given, it is
wished that W can make each object belong to a cluster
whose vl has the best representative to the object. That can
enhance the purity within clusters. When W is given, V
should not blindly overestimate the purity within clusters
but stimulate more categorical values to contribute to
the identification of clusters and effectively avoid losing
information. When V is obtained by Eq. (4) and used in Fg ,
we have

m
X
2a  1

Fg ðW; V Þ ¼ nm þ n

nj

j¼1
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a

k
X

jcl j

nj
m X
X


2
vljq :

j¼1 q¼1

l¼1

According to the above equation, We can see that minimizing Fg ðW; V Þ can realize maximizing the certainty of clustering model for cluster representatives. Therefore, we
consider the certainty variation between the last and new
clustering models in determining the drifting concepts, i.e.,
nj
kp
m X

2  2
X
jcpl j X
p1
:
v
 vpljq
CV ðV p ; V p1 Þ ¼
ljq
jS p j j¼1 q¼1
l¼1
The larger the function value is, the more the uncertainty of
the clustering models is enhanced.
Here, we integrate the two factors to define a detection criterion (index) for the drifting concepts, which is described as
VðV p ; V p1 Þ ¼

2
g DV ðV p ; V p1 Þ þ g 2 CV ðV p ; V p1 Þ ;
g1 þ g2 1
(14)

where g 1 and g 2 are two weights. The larger the VðV p ; V p1 Þ
value is, the more possibly the drifting concepts occur. If V p
is the same as V p1 , VðV p ; V p1 Þ is zero. Here, we need to
set a threshold ". If VðV p ; V p1 Þ is larger than ", the concepts
are thought to drift.
However, we see that the VðV p ; V p1 Þ value depends on
the effectiveness of V p and the setting of g 1 and g 2 . If the
obtained V p is poor, it is very unreliable while the
VðV p ; V p1 Þ value is used to determine whether the concepts
drift. Therefore, we need to find out a good V p to judge the
drifting concepts. The detection method is described as
VðV p ; V p1 Þ > ";
if min
p

(15)

V

it is thought that the “concept drifting” happens.
Next, we need to answer a question: Is the obtained V p
effective by Algorithm 2? When V p is obtained by Eq. (10)
and used in the objective function M, we have
MðW p ; V p Þ
¼

kp
X

jcpl j

" p
nj
m X
X
jcljq j 
jcpl j

j¼1 q¼1

l¼1



2
p
p1
2  vp1
ljq  vljq þ a vljq

 2

2 
p
p1
p
þ a vljq þ b vljq  vljq
¼

kp
X

jcpl j

l¼1



 vpljq

nj 
m X
X


2

2
p
p1
ða þ bÞ vp1

v
þ
2b
v
ljq
ljq
ljq

j¼1 q¼1

2 

þ 2mjS p j þ 2jS p j

m
X
2a  1
j¼1

nj

:

According to the above equations, we can see that the term
kp
X

jcpl j

l¼1

þ 2b

nj 
m X
X
j¼1 q¼1



vp1
ljq


2
p
ða þ bÞ vp1
ljq  vljq

2  2 
;
 vpljq

(16)

is the integration of the two detection factors for drifting
concepts. We know that minimizing the objective function
M is equal to minimizing Eq. (16). The smaller the objective
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function M value is, the more the clustering model V p for
cluster representatives is certain and continuous with the
last clustering model V p1 . Thus, we fix g 1 ¼ a þ b and
g 2 ¼ 2b. In this case,
"
nj 
kp
m X
2
X
jcpl j 2ða þ bÞ X
p
p1
vpljq  vp1
VðV ; V Þ ¼
ljq
p
jS j a þ 3b j¼1 q¼1
l¼1
!#
nj 
nj 
m X
m X
2 X
2
X
4b
p1
p
:
v

vljq
þ
a þ 3b j¼1 q¼1 ljq
j¼1 q¼1
(17)
p

According to Eq. (17), we see that The best V can be
obtained to minimize VðV p ; V p1 Þ while minimizing the
objective function M. Since the detection results based on
the optimization model fully consider the clustering validity
and continuity on the new input data subset, they are reliable and valid.
While the concepts have drifted, we need to re-cluster the
new input data subset. In this case, we only use the function
Fg as the objective function. The optimization problem
becomes the static clustering problem which is described as
follows:
min Fg ðW p ; V p Þ subject to ð8Þ:

W p ;V p

(18)

We use Algorithm 1 to re-cluster the new input data subset.

3.4 Overall Implementation
We integrate the proposed clustering optimization algorithm and drifting-concept detection method to cluster categorical data streams. The overall implementation is
described in Algorithm 3.
Algorithm 3.
Input: X, a, b, "
Output: Clustering ¼ fW 1 ; W 2 ; . . . ; W T g,
Clustering models ¼ fV 1 ; V 2 ; . . . ; V T g,
Drift ¼ fV1 ; V2 ; . . . ; VT g
Estimate the number of clusters k1 and the initial V 1 on S 1 ;
½W 1 ; V 1  = Algorithm 1(S 1 , V 1 , a);
V1 ¼ 0;
For p ¼ 2 : T do
kp ¼ kp1 ;
½W p ; V p  = Algorithm 2(S p , V p1 , a, b);
Vp ¼ VðV p ; V p1 Þ;
if Vp > " then
Re-estimate the number of clusters kp and the initial V p
on S p ;
½W p ; V p  = Algorithm 1(S p , V p , a);

The time complexity of the proposed algorithm is
PT
P
Oð p¼1 kp tp jS p jð m
j¼1 nj ÞÞ which is linear with the number
of objects, clusters or attribute values in the data stream X.
In clustering each of new input data subsets, the algorithm
only need save the objects in the current sliding window
and the obtained clustering models. The outdated objects
can be deleted. Thus, its average space complexity is
P
P
Oðn=T þ Tp¼1 kp m
j¼1 nj Þ. Therefore, the proposed algorithm can efficiently cluster large-scale data streams.
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In the algorithm, we need to set the three parameters a, b
and ". Since the parameters a and b are used in the clustering
optimization model, their values may affect the performance
of the proposed algorithm. However, the appropriate setting
of a and b depends on the domain knowledge of the data
sets and the users’ subjective understanding, it is difficult to
determine which values are the best for them. In the following experiments, we set a ¼ b ¼ 1=2. In the case,
vpljq ¼
and

1 jcljq j
þ vljp1
;
q
2 jcpl j

VðV p ; V p1 Þ ¼ DV ðV p ; V p1 Þ þ CV ðV p ; V p1 Þ:
In such setting, vpljq indicates the new clustering model V p is
described by the historical and current cluster information
with the same weights. VðV p ; V p1 Þ means that the two
influencing factors in the detection criterion of drifting concepts are thought to be equally important. The setting of the
parameter " is also relevant to the domain knowledge of the
data sets. While we lack the domain knowledge of a data set
in a practical application, we need to test the V values
between several windows and estimate the " value. If the V
value in a window is significantly greater than other windows, the V value is used to set ".

4

EXPERIMENTAL ANALYSIS

We present four experiments to evaluate the performance of
the proposed algorithm. The first experiment is to test the
clustering accuracy of the proposed algorithm on categorical data streams. The second experiment is to test the effectiveness of the proposed algorithm in detecting the drifting
concepts. The third experiment is to test the scalability of
the proposed algorithm. The final experiment is to test the
effect of the parameters on the effectiveness of the proposed
algorithm. In these experiments, we compare the proposed
algorithm with other clustering algorithms for categorical
data streams proposed by Chen et al. [3] and Cao et al. [4],
respectively. These algorithms are tested on four data sets
including Letters, DNA, Nursery and KDD-CUP’99 which
can be downloaded from the UCI Machine Learning Repository. These data sets are described as follows:
Letters Data. The data set contains character image features of 26 capital letters in the English alphabet. We take
data objects with similar looking alphabets, ‘B’, ‘E’ and ‘F’
alphabets from this data set. There are 2,309 data objects
(766 ‘B’, 768 ‘E’ and 775 ‘F’) described by 16 attributes which
are finite-integer values and seen as categorical attributes in
the experiments.
DNA Data. The data set contains 3,190 splice-junctions
points with 60 categorical attributes on a DNA sequence at
which “superfluous” DNA is removed during the process of
protein creation in higher organisms. The data set is partitioned into three classes (767 ‘EI’, 768 ‘IE’ and 1,655 ‘Neither’).
Nursery Data. Nursery Database was derived from a hierarchical decision model originally developed to rank applications for nursery schools. The data set contains 12,960 records
with eight categorical attributes. It has five classes (4,320 “not
recom”, 2 “recommend”, 328 “very recom”, 4,266 “priority”
and 4,044 “spec prior”). In the experiments, we only consider
the “not recom”, “priority” and “spec prior” classes.
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TABLE 2
The Cluster-Distribution Information on
Each of Nine Data Subsets

Class 1
Class 2
Class 3

1

2

3

4

5

6

7

8

200
200
200

350
150
100

400
150
50

450
100
50

150
350
100

150
400
50

100
450
50

50
100
450

9
100
150
350

KDD-CUP’99 Data. The Network data set was used as a test
data stream for The Third International Knowledge Discovery
and Data Mining Tools Competition. The data set contains
494,021 records, each having a time stamp. The records are
classified into 23 classes. One class indicates the normal connection and other 22 classes are network attack types. Each
record is described by 41 attributes, in which 34 attributes are
continuous and seven are categorical. We used uniform quantization to convert these continuous attributes into discrete
values, each attribute with five categories. We also aggregated
22 attack classes into one general attack class.
Each of Chen’s and Cao’s algorithms provides the detection
method of drifting concepts and clustering method for new
input data subsets, but does not propose a clustering algorithm
for initially clustering the first window or re-clustering data
subsets while the concepts are drifting. They only used one of
the classical clustering algorithms in these cases. To ensure
that the comparisons are in a uniform environmental condition, we employ Algorithm 1 for re-clustering or initially clustering while using these algorithms to cluster a data stream.

4.1 Clustering Accuracy Evaluation
To test the effectiveness of the proposed algorithm for categorical data streams, we first select the data sets Letters, DNA
and Nursery. We randomly sample nine data subsets with
different cluster distributions from each of the data sets. These
cluster-distribution information of sampled subsets on the
three data sets is shown in Table 2. For a data set, we select
each of the nine subsets as the last window and other subsets
as new windows in turn. We assume that the cluster information in the last window is known and the cluster information
in the new windows is unknown. We use the clustering algorithms to cluster the objects from new windows according to
the cluster information in the last window. We compare the
three clustering algorithms on these data streams. To evaluate
the performance of clustering algorithms in the experiment,
we consider the three validity measures [32]: 1) accuracy
(AC), 2) precision (PE) and 3) recall (RE). Let X be a data set,
C ¼ fC1 ; C2 ; . . . ; Ck g be a clustering result of X,
P ¼ fP1 ; P2 ; . . . ; Pk0 g be a partition of the original classes in
X, nij be the number of common objects of groups Ci and Pj :
nij ¼ jCi \ Pj j, bi be the number of objects in Ci , dj be the
number of objects in Pj . These validity measures are defined
0
0
Pk
Pk maxkj¼1 nij
1
k
1
; and RE ¼
as AC ¼ n i¼1 maxj¼1 nij ; PE ¼ k i¼1
bj
k n
P
max
k
1
i¼1 ij
:
i¼1
k
dj
To ensure that the comparisons are in a uniform environmental condition, we set that the number of clusters is equal
to the true number of classes on each of the given data sets.
The comparison results are shown in Table 3. According to
the validity measure values, we see that the performance of
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Chen’s and Cao’s algorithms strongly depends on the cluster distributions. The proposed algorithm is more effective
and stable than the other two algorithms on clustering the
data streams.
Furthermore, we randomly produce 10 data streams on
each of the Letters, DNA, Nursery and KDD-CUP’99 data
sets. Each data stream includes 12 windows, one of which
has a random cluster distribution. For Letters, DNA and
Nursery, we set window size as 600. For KDD-CUP’99, we
test three window sizes (1,000, 3,000 and 5,000). We compare the clustering effectiveness of the three algorithms on
these data streams. The testing results are shown in Table 4.
According to these tables, we see that the proposed algorithm is more effective and robust than the other two algorithms in clustering categorical data streams.

4.2 Accuracy Evaluation of Drifting-Concept
Detection
We test the proposed detection method of drifting concepts
on the KDD-CUP’99 data stream with different window sizes
(1,000, 3,000, and 5,000). We compare the proposed method
with the outlier and cluster-size variation method proposed
by Chen et al. [3] and the data distribution method proposed
by Cao et al. [4]. In the data stream, the drifting concepts are
thought to happen, if network connections are from normal to
a burst of attacks or from the attacks back to normal. Given a
window size, we can apply the class labels to identify the
drifting concepts. For a window, if the number of connections
changes is at last 10 percent of the window size, compared to
the last window, it is thought to have the drifting concepts.
We use a vector Dx ¼ ½dx1 ; dx2 ; . . . ; dxT  to save the status of
each window, where dxp ¼ 1 if the drifting concepts occur in
the pth window, otherwise, dxp ¼ 0, for 1  p  T . For the
first window, we set dx1 ¼ 0. While applying a detection
method to the data stream, we can also obtain a status vector
of windows Dx0 ¼ ½dx01 ; dx02 ; . . . ; dx0T . To evaluate the performance of a detection method in the experiment, we consider
the three validity measures: 1) precision (PD), 2) recall (RD)
and 3) Euclidean distance (ED), which are defined as

and

PD ¼

jfdxp ¼¼ 1 ^ dx0p ¼¼ 1; 1  p  T gj
;
jfdx0p ¼¼ 1; 1  p  T gj

RD ¼

jfdxp ¼¼ 1 ^ dx0p ¼¼ 1; 1  p  T gj
;
jfdxp ¼¼ 1; 1  p  T gj
ED ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
kDx  Dx0 k2 :

The first two measures are from the paper [3]. The higher
their values are, the better the performance of the detection
method is. Here, we add Euclidean distance which is used
to judge the dissimilarity between the real window statuses
and the window statuses recognized by the detection
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
method. If ED ¼ kDx  Dx0 k2 is very small, the performance of the detection method is very well. Before using
the three methods to detect the drifting concepts, we need
to set some parameters. For Chen’s method, we set the outlier threshold as 0.1, the cluster variation threshold as 0.1
and the cluster difference threshold as 0.5, according to the
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TABLE 3
The Results of Different Clustering Algorithms on the Three Data Sets

suggestion of the paper [3]. For Cao’s method, we set the
window-distance threshold as 0.1, according to the suggestion of the paper [4]. For our method, we set the threshold "
as 1. On the data stream, we test the number of clusters k as
2, 5, 10 and 15 for the three methods.
The comparison results are shown in Table 5. We first analyze the effectiveness of these methods while k ¼ 2. When the
window size is 1,000, the number of real exception windows
is 28. Our method can correctly find out 23 exception windows which is the most among the three methods. However,
the proposed method also wrongly recognized several normal windows as exceptions. Thus, the ED value of our
method is slightly less than that of Cao’s method. While the
window size is set to 3,000 or 5,000, our method can correctly
find out all the exception windows and have the low error recognition rates. According to PD, RD and ED, we can also see

that the proposed method is better than other methods with
these window sizes. In the experiment, Chen’s method
wrongly recognized many normal windows as exceptions.
The main reason is that the method uses a cluster-size variation index to judge the drifting concepts. The index is very
sensitive to the clustering result in the window. In many
cases, the changes of cluster sizes do not necessarily indicate
the emergence of new clusters or the disappearance of old
clusters. As the number of clusters increases, we find that the
detection results obtained by Cao’s method are constant. This
reason is that Cao’s method uses the difference of data distributions between two windows to judge whether concepts
drift and does not consider the difference of the cluster structures. According to Table 5, we see that the effectiveness of
Chen’s method is better than Cao’s method, while k > 10.
This indicates that Chen’s method is suitable to deal with data

TABLE 4
The Results of Different Clustering Algorithms on the Data Streams with Random Cluster Distributions

BAI ET AL.: AN OPTIMIZATION MODEL FOR CLUSTERING CATEGORICAL DATA STREAMS WITH DRIFTING CONCEPTS

2881

TABLE 5
The Results of Different Detection Methods for Drifting
Concepts on the KDD-CUP’99 Data Stream

sets with more clusters. We also see that the proposed method
is better than other methods while setting these numbers of
clusters.

4.3 Scalability Analysis
In the scalability analysis, we test the three algorithms on
the the KDD-CUP’99 data stream. The window size is set to
1,000. The computational results were performed by using a
machine with an Intel i7-4710MQ and 16 GB RAM. The
computational times of algorithms are plotted with respect
to the number of objects, attributes and clusters, while the
other corresponding parameters are fixed. All of the experiments were repeated ten times and the average computational times were depicted. The comparison results are
shown in Tables 6, 7, and 8.
Table 6 shows the computational times against the numbers of objects, while the number of attributes is 41 and the
number of clusters is 2. Table 7 shows the computational
times against the numbers of attributes, while the number of
TABLE 6
Computational Times (Seconds) of Clustering Algorithms
for Different Numbers of Objects

clusters is 2 and the number of objects is 100,000. Table 8
shows the computational times against the numbers of clusters, while the number of attributes is 41 and the number of
objects is 100,000. According to the tables, the proposed algorithm requires more computational times than other algorithms. It is an expected outcome, since it needs more than
one iteration for searching an optimal solution. The proposed
algorithm considers the clustering problem of the data subset
in a new window as an “iterative learning” but other algorithms see it as a “data labeling” which only need one iteration. Fortunately, the convergence speed of the proposed
TABLE 7
Computational Times (Seconds) of Clustering Algorithms for
Different Numbers of Attributes

TABLE 8
Computational Times (Seconds) of Clustering Algorithms
for Different Numbers of Clusters
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Fig. 2. The effect of parameters on the KDD-CUP’99 data stream.

algorithm is rather fast. The number of iterations is about
between 5 and 10 in the experiment. Although it needs several
iterations, it is still scalable. It can cluster categorical objects
efficiently, since it has the linear-time complexity with the
number of objects, attributes, clusters or iterations.

4.4 Parameters Analysis
We test the effect of the parameters a, b and " on clustering
data streams and detecting the drifting concepts. The test is
carried out on the KDD-CUP’99 data stream with the window size as 3,000. In Section 3.4, we analyze the recommended setting of a and b, i.e., a ¼ b ¼ 1=2. Setting a equal
to b aims to balancing the significance of several terms in
the objective function M and the two influencing factors in
the detection index V. Therefore, we set a and b to the same
values in the following.
First, we select several values of the parameters a and b
to cluster the data stream. In Fig. 2a, we show the AC, PE
and RE values of the clustering results against the a and b
values. We see that if the parameters are less than a certain
value, the changes of the AC, PE and RE values are not
obvious as the parameter values increase. This illustrates
that the proposed algorithm is robust in clustering the data
streams when the the a and b values are small. However,
while the parameter values continue to grow, the AC, PE
and RE values drop sharply. This indicates that clusters can
not be recognized when the parameter values are very large.
Furthermore, we analyze the effect of the parameters a
and b on the detection of drifting concepts. Fig. 2b show the
ED values of the detection results against the a and b values, while setting " ¼ 1. We see that the experimental result
is similar to Fig. 2a. If the a and b values are very large, the
clustering results are very bad, which inevitably leads to
poor detection results.
Finally, we test the effect of the parameter " on detecting drifting concepts. Fig. 2c show the ED values against
the " values, while fixing a ¼ b ¼ 1=2. We see that the
proposed method has the good detection results of drifting concepts on the data stream, while selecting the "
value in the interval ½0:5; 3.

5

CONCLUSIONS

In this paper, we have presented an optimization model for
clustering categorical data streams. In the model, an objective
function is proposed which simultaneously considers the
clustering validity on new sliding windows and difference of
cluster structures between windows. An iterative algorithm is
developed to minimize the objective function with some constraints. Furthermore, a validity index for the drifting-concept

detection is derived from the optimization model. We take
use of the validity index and the optimization model to catch
the evolution trend of cluster structures on data streams.
Finally, we tested the performance of the proposed algorithm
in the experiments. The experimental results have shown that
the proposed algorithm is effective in clustering the categorical data streams and the detection results based on the proposed method are reliable.
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