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Abstract: This paper proposes a compression scheme which quickly compresses the raw data from multiple
streams into a compressed synopsis. The synopsis allows to incrementally reconstruct the correlation coefficients
without accessing the raw data. A modified k-means algorithm is developed to generate clustering results and
dynamically adjust the number of clusters in real time so as to detect the evolving changes in the data streams.
Finally, the framework is extended to support clustering on demand (COD), where a user can query for clustering
results over an arbitrary time horizon. A theoretically sound time-segment partitioning scheme is developed so that
any demand time horizon can be fulfilled by a combination of those time-segments. Experimental results on
synthetic and real data sets show that the algorithm has higher clustering quality, speed and stability than other
methods and can detect the evolving changes of the data streams in real time.
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1 Introduction

Extensive research has been done for mining data streams™!, including those on the stream data
classification®!, mining frequent patterns®®, and clustering stream datal*"~%®1. There are various applications
where it is desirable to cluster the streams themselves rather than the individual data records within them. In this
paper, we study the clustering of multiple and parallel data streams. Our goal is to group multiple streams with
similar behaviors and trends together, instead of clustering the data records within one data stream. Therefore, the
methods designed for clustering static data sets™*’*°! cannot be directly applied to multiple data streams. There has
been some previous works on clustering multiple data streams®®2. Yang®” used the weighted aggregation of
snapshot deviations as the distance measure between two streams, which can observe the similarity of data values
but ignore the trends of streams. Beringer et al.”?! proposed a method which used a discrete Fourier transforms
(DFT) approximation of the original data, and with that method the distance between two streams was computed by
using their low-frequency coefficients. Since DFT transformation preserves the Euclidean distances, the DFT
distance is equivalent to the Euclidean distance of the data streams.

A serious limitation of the above previous works is that they are all based on the Euclidean distance of data
records, but the important trend information contained in data streams is typically discarded by clustering methods
based on Euclidean distance. This is true because data streams with

similar trends may not be close in their Euclidean distance. As an Nylon
illustration, Figure 1 shows the trends of three stocks on Nylon, CPU chi
. : 3 . chip
chemical fiber, and CPU chip respectively. Although the two stocks o
: ) . . . Chemical fiber
on CPU chip and chemical fiber are closer in their data values and
hence their Euclidean distance, the trends of the two stocks on Nylon >

and Chemical fiber are obviously closer. However, such trends of
stocks can be suggested by their higher correlation coefficient. If

Fig.1 Price of stocks on nylon,

chemical fiber, and CPU chips
with Euclidean distance, we may conclude that the two stocks on

CPU chips and chemical fiber are more similar.

In this paper, we propose a multiple streams clustering algorithm based on the correlation analysis. We
propose a novel compression scheme that quickly compresses the raw data from multiple streams into a compressed
synopsis. The synopsis allows us to incrementally reconstruct the correlation coefficients without accessing the raw
data. A modified k-means algorithm is developed to generate the clustering results. The k-means algorithm is
modified so that it can dynamically adjust the number of clusters in real time, and therefore can detect the evolving
changes in the data streams. Finally, we extend the framework to support clustering on demand (COD), where a user
can query for clustering results over an arbitrary time horizon. A theoretically sound time-segment partitioning
scheme is developed so that any demand time horizon can be fulfilled by a combination of those time-segments.
Experimental results on synthetic and real data sets show that our algorithm is higher in clustering speed, quality
and stability than other methods, and can detect the evolving changes in the data streams in real time.

2 Background

2.1 Clustering data streams

A data stream X is a sequence of data items Xy,...,X, arriving at discrete time steps ty,t,,...,t,. We assume that
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there are n data streams {Xy,...,X,} at each time step m, where Xij={Xi1,....Xim}, 1<i<n, and x;(j=1,...,m) is the value of

stream X; at the time j.
The problem of clustering multiple data streams is defined as follows. Given the time horizon for clustering L

and the number of clusters k, the clustering algorithm partitions n data streams into k clusters C(L)={C,(L),...,Cx(L)}
that minimizes some objective function measuring the quality of clustering in the period [t—L+1,t], where t is the
time when the analysis is performed. The given clusters Cj(L), j=1,...,k, should satisfy

(16,10 =2, JC, (L) =X (L) X, (L)}, Where X, (L) ={ ¢y %eh i =1 o)
j=1 =1

2.2 Attenuation coefficient

In the stream data analysis, in order to recognize the evolving changes of data streams, newer data records are
often given more weights than the older ones. Therefore, we use an attenuation coefficient 1<[0,1] to gradually
lessen the significance of each data record over time. Suppose t is the current time and a data point x; is received at
time i, then we replace the original value of x; by x;(t)=A""'x; in our analysis.
2.3 Segment

We first consider the fixed-length clustering and then extend the algorithm to the arbitrary-length clustering of
COD in Section 4. Given a fixed length L, at any time t, we report in real time the clustering results for the data

streams in the time horizon [t-L+1,t]. To support efficient processing, we partition the data streams of length L into
m time segments of equal length I=L/m. Whenever a new segment of length | accumulates (Fig.2), we re-compute

the clustering results.

/"\

0
R
X
X
_w-'
4
Old time section
-,
D
New time section

/| N\

L=mxI|

P [

l

Fig.2 Afixed length L is divided into m segments of size |

3 The Correl-Cluster Algorithm

The framework of the proposed CORREL-cluster algorithm is shown in Fig.3.

The algorithm keeps detecting and reporting the clusters for the most recent data streams of the fixed length L.
For every | time steps, it first computes the compressed correlation representation (CCR) and the correlation
coefficients of the data streams, and then clusters the streams based on their correlation coefficients. Since the
number of clusters k may be changing, CORREL-cluster also employs a new algorithm to dynamically adjust k in
order to recognize the evolving behaviors of the data streams (Line 12). The algorithm is schematically shown in
Fig.4.
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1. procedure CORREL-cluster Statistical Correlation
2. t=0; Data streams synopsis coefficient
3. while data stream is not terminated
4, set t=t+1; | L] > o
5. read new data record xk(t), k=1,...,n, one from » B P
each of the n data streams; I | ] CCR .
6. if (t mod 1=0) then : : : ;
7. calculate the CCR of the new time segment; ) -
8. update CCRs of the existing segments; | | » p
9. if t=L then compute initial CCR < o ™
for time window [1,L];
10. else incrementally update CCR Clustering ﬂ
for the new time window results
11. call correlation-k-means(); ey
12. call adjust_k(); r’r_/ ! Dynamic
13. output the clustering result; /J'V' K-means
14. endif = =
15. end while [ (x ) -
16. end procedure \ /F/
Fig.3 Overall process of CORREL-cluster Fig.4 Illustration of CORREL-cluster

3.1 Correlation analysis of data streams

Before describing the details of our algorithm, we first overview the concepts of correlation analysis.
We first define the correlation coefficients for two data streams. For data segments of two streams X=(X,...,Xn)
and Y=(yy,...,yn), their correlation coefficient is defined as

Dyy = zin:l(xi - X)(Yi - V)
Xy — n — n — ’
\/ZH(Xi _X)szzl(yi -y)?
where x=(3_" x)/n and y=" v)/n.
From the definition, we can see that |pxy|<1. A large value of |pxy| indicates a strong correlation between

streams X and Y, and pxy=0 means X and Y are uncorrelated. Since it is often impossible to store all the past raw
data in the stream, we need to compress the raw data and only retain a synopsis for each time segment of a data
stream.

Theorem 3.1. The correlation coefficient pyxy between two sequences X and Y can be calculated with the
information > x, D.x7, Dy, D yZ.and Do xy;.

The proof of Theorem 3.1 is omitted due to the limited space. Based on Theorem 3.1, in CORREL-cluster, for
any time segment, we store a compressed synopsis for the multiple data streams instead of the whole raw data.

Definition 3.1 (compressed correlation representation). Given n data streams Xj,...,X,, suppose the current
time is t, the time segment length is |, then the compressed correlation representation of this time segment is defined
as (S@t,1),Q(t1),C(t,]) , where vectors S(t,1)=(S,,S,,-.S,) , Qt.1)=(Q,Q,,...Q,) and matrix C(t1)=[Cj].

Components of the vectors S(t,1), O(t,1) and matrix C(t,I) are defined as:
t t

S= Y %®, Q= X RO, C= Y % OX, O, 0 i=Loni<| @

k=t—1+1 k=t—1+1 k=t-1+1
here, x;(t) is the kth datum of the ith stream at time t.

The compressed correlation representation provides enough information to compute the correlation coefficients
between any two streams in n data streams Xg,...,X,. Based on Theorem 3.1 and the definition of correlation
coefficient, we can easily get the following theorem.

Theorem 3.2. Let X; and X, i,j=1,...,n, be data segments of two streams, their correlation coefficients Pxx; -
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can be computed by

1
C;—=S8,

Px,x. = (3)

% \/(Qrisizj[Q"_isz]

Example 1. Let 1=10 and t=1, data streams X;=(18,23,21,17,24,22,25,19,21,20) and X,=(19,22,24,20,22,23,24,
20,16,18) in the time period 1 to 10. Since S;=210, S,=208, Q;=4470, Q,=4390, C,,=4402, the compressed
correlation representation are [(210,208),(4470,4390),4420]. By Theorem 3.2, the correlation coefficient of X; and
Xz s pyx, =0.9713.

3.2 Update of the compressed correlation representation

Let t—t.=A4t and A be the attenuation coefficient, at any time t>t,, the data values of x;.(t.) are replaced by x;(t):
X (1) = 4171 = A7 g = 2R 2R T = 2% (t,) -

Since the values of x(t,) are updated, the compressed correlation representation needs to be modified
accordingly. Let S/(t..l), Q/(t.l.) and C/(t.l,) be the updated values of S(t.l.), Qt.l) and Citl),
then S/(t,. 1) =A"S/(t..l.) . Q(t.l.)=2""Qi(t..]) and Cj(t.],)=2°"C(t.,]). We notice that such an update
happens not at every time step, but every | step (Line 8 in Fig.3). Whenever a new time segment comes in, we
compute the new compressed correlation representation.

Example 2. In Example 1, let 2=0.9, then at time t=3, since At=2, therefore §,=210x0.92=170.10, S,=208x
0.9°=168.48, Q;=4470x0.9'=2932.767, Q,=4390x0.9=2880.279, C,,=4402x0.9"=2888.1522.

3.3 Aggregation of compressed correlation representation

In CORREL-cluster, for a user specified clustering length L=ml, we need to compute the correlation
coefficients for data segments in time window [t-L+1,t] so as to cluster the data streams. Since we compute a
compressed correlation representation for each time segment with length I, we need to combine them with the
compressed correlation representation for the time window [t—L+1,t].

In each time window, there are m time segments and m compressed correlation representations
[S(t=vI+1D),Q(t-vI+11),C(t—=vl+11)] for v=1,...m. Similarly, we denote the compressed correlation
representation for time window [t-L+1,t] as [S(t—L+1,L),Q(t—L+1,L),C(t—L+1L)]. Let the ith component of
S(t-L+1,L) and Q(t—L+1L) be S(t—L+1L) and Q(t—L+1L) respectively, then we have S (t—L
+1,L) = ig(t—vl+l,l), @(t—L+1,L)=i6i(t—vl+1,|) and C(t—L+1,L)=iC(t—vl+1,l).

v=1

v=1 v=1
We use the above equations to compute the compressed correlation representation when we receive the first m
time segments (Line 9 of Fig.3). For later updates (Line 10), we do not need to redo the summation. In fact, we can
obtain compressed correlation representation for the new time window [t—L+I+1,t+1] by

S(t—L+1+LL)=S{t-L+LL)+St+1,)=St-ml+11) (4)
Qt—-L+1+LL)=Q(t-L+1LL)+Q(t+1,D-Qt—-ml+11) (5)
Ct-L+l+LL)=C(t—-L+LL)+C(t+1,)-C(t—ml+1]l) (6)

3.4 Dynamic k-means algorithm

We propose a dynamic k-means algorithm to cluster the data streams in the user-specified window. In the
algorithm, the distance between two data streams X and Y is measured by using the reciprocal of the correlation
coefficient d(X,Y)=1/pxy. The correlation-k-means algorithm is shown in Fig.5.
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The fundamental idea behind this algorithm is that two consecutive clustering results are not changing very fast
over a short time gap |, and may significantly overlap with each other. The algorithm could take very few steps to
converge if it starts from the clustering result on the data segment in the previous time window.

To capture the dynamic evolution of data streams, we continuously update the number of clusters k every time
a new data segment with length | is received. Noticing that the number of the clusters could not change abruptly and
frequently in a short time gap I, we will only consider the cases where the number of clusters increases or decreases
by one. The adjust_k algorithm is shown in Fig.6. In the algorithm, the number of the clusters is adjusted by
splitting or emerging some current clusters, and the clustering quality is measured by an objective function

kK N
G= Zz(llpx,q) , Where Pxc, is the correlation coefficient between the data stream X; and the ith cluster center

i=1 j=1

Ci, which consists of streams from X; to Xy

Algorithm correlation-k-means(k,Centery,Ry)
Input: number of the clusters k, sets of the center
points, Centery; current clustering result Ry;
Output: updated clustering results Ry and its
objective function value Gy.
begin
1.  repeat
2. fori=1lton
calculate the correlation distances between
stream X, and centers of k clusters and assign
Xk to the cluster with the shortest distance;
end for
3. compute the new center of each cluster,
update the set of centers Centery;
4. until no change of clustering result
5.  calculate the objective function Gy.

Algorithm adjust_k(k,Centery,Ry)
Input: number of the clusters k, sets of the center
points Centery, current clustering result Ry;
Output: updated number of clusters k’, updated
clustering result R and its objective
function value Gy.
begin
1 Calculation of R+t
Among all the clusters, choose the data stream X which is
the farthest from its cluster center, set a new cluster with X
as its center;
Centery.;=Centeryu{X}
correlation-k-means(k+1,Centery.1,Rx+1)
2 Calculation of Ry_1
Choose two closest clusters, suppose their centers are
C; and C; respectively,
combine these two clusters into a new cluster,
compute the center C; of the new cluster
Centery_;=Centery{C3}—{C,C.}
correlation-k-means(k—1,Centery_1,Ry-1)

end 3 choose the one with best G form Ry_1,Ri,Ri+1,
set k' and Ry accordingly;
end

Fig.5 Algorithm for clustering Fig.6  Algorithm for adjusting k

4 Clustering on Demand

In some applications, the length of the time window depends on users’ demands®?®l. Here, we extend our
clustering algorithm to support clustering on demand (COD). We call the extended algorithm CORREL-COD. The
CORREL-COD algorithm consists of online and offline processes which are performed in a pipelined fashion. The
online component calculates the summary information in correlation parameters, whereas the offline part performs
clustering.

We assume that the maximum time horizon over which the user will demand is L. Namely, we only need to
preserve information for the time period [t—L+1,t].

We assemble a combination of partitioned time segments in such a way that minimizes the difference between
the user-specified time horizon r and the best approximate time horizon r’ over which we can get compressed
correlation representation synopsis.

Let L=2% and m be the maximum number of segments the memory can store. The basic idea of our scheme is
that the segments containing newer data will have shorter lengths, leading to higher clustering accuracy for newer
data so as to make the difference |r—r’| as small as possible. We assume m>logL. In our scheme, we first arrange
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segments with lengths of 1,2,22,2%,...,2%!

length 2'. For the m" unassigned segments, we assign them according to the following rule.

, respectively. Let m'=m—logL=m-d, and S; denotes the segment with

We first remove Sy_;, replace the region of Sy_; by two more Sy_,, and then reduce m’ by one. If m'>0, we will
keep splitting a larger segment into two smaller segments. When there are still Sy_, segments, we split the most
recent Sy_, into two Sy_3, and then reduce m’ by one, until all Sy_, segments are removed or m'=0. If all Sy,
segments are removed and m’>0, we will split the most recent Sy_3 into two Sq_, and reduce m’ by one. We repeat
this process until m'=0.

Given L, m, and m'=m—loglL, it is easy to show that with our scheme, the maximum length of any segment is 2,
where

k=argmax;(m'<C;)-1,C;=2%*2—(d-i+2) @)
Let T; be the number of segments of type S,, we can prove that (the proof is omitted):
T=Crar—m'+1, T =229 *-T)-1, T;=1,i=0.1,... k=2, T;=0 for i>k (8)

Example 3. Let L=1024, m=20, d=10. Then m'=m—-logL=10. By Eq.(7), we get Cy=3, Cg=10, C;=25. This gives
k=7 since argmax;(m'<C;)=8. Then by Eq.(8), we get T;=10-10+1=1, T¢=2(21*"-1)-1=13, and Ts=T,=T3=T,=T;=
ngl.

Theorem 4.1. With the above partitioning scheme, we have m segments in total.

Proof: The number of segments is

k
DT =T, +2Q" =T )-1+(k-D)=2"" 1T +k-2=2""*"—(C.,,-m+D+k-2 -
i=0

=20kt _pdkl (g —k+3)+m'+k—-3=m'+d =m.

Theorem 4.2. Using the above partitioning scheme, the total length of the m segments is L-1.

Proof: The total length of all segments is
k A
DT =2 T+ 2T+ 20Ty = 26T + 2220 T ) -]+ 2 —1=20 1= L -1, O
i=0

Example 4. In Example 3,
iTi =1+13+1+1+1+1+1+1=20=m, Zl<:2iTi =2"x14+ 2 x13+ 251+ 2 x1+ 28 x1+ 22 x1+2°x1=1023=L 1.
i=0 i=0

Theorem 4.3. Suppose that the user demands a query for a horizon of length r<L. With the above partitioning
scheme, suppose I’ is the total length of a set of selected segments closest to r, then we can get r'=r<2*, where
k=argmax;(m'<C;)-1.

Proof: To form a set of the most recent segments with a total length closest to r, we can incrementally add S,
S,,... to the set until the total length of the selected segments r’ is larger than r. Suppose the longest segment in the
resulting set is Sg, since r<L we have g<k, and r'—r<29<2¥ here k=argmax;(m’'<C;)—1 by Eq.(7). (I

The above results show that our partitioning scheme achieves two goals. First, we assign shorter segments to
newer data and thus give newer data higher precision. Second, the largest possible difference between the length of
the approximate combination of segments and the user requested length is lowered to 29, where g<k. It can easily be
seen from Eq.(7) that k<logL-1, therefore the difference r'—r is much smaller than L/2.

5 Experimental Results

To evaluate the performance of our algorithms, we test them by using both synthetic data and real data on a PC
with 1.7GHz CPU and 512 MB memory running Window XP. The algorithms are coded by Visual C++ 6.0.
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5.1 Testing data

We generate the synthetic data in the same way as in Ref.[21]. For each cluster, we first define a prototype p(-)
which is a stochastic process defined by a second-order difference equation:
p(t+ 4t)= p(t) + p'(t + 4t)
p'(t+4t) = p'(t) +u(t), t=0,4t,24t,...
where u(t) are independent random variables uniformly distributed in an interval [-a,a]. The data streams in the

9)

cluster are then generated by “distorting” the prototype, both horizontally (by stretching the time axis) and
vertically (by adding noise). The formulation for a data stream x(-)is defined as:
x(t)=p(t+h(t))+9(t) (10)

where h(-) and g(-) are stochastic processes generated in the same way as the prototype p(-). The constant a that
determines the smoothness of a process can be different for p(-), h(-), and g(-), such as 0.04, 0.04, 0.5, respectively.

We can then generate different clusters by generating different prototype functions p(-). For each prototype
function, we randomly distort the prototype to generate multiple data streams in that cluster.

The real data set (Fig.7) that we use contains the average daily temperatures of 169 cities around the world,
recorded from Jan.1, 1995 to the present. Each city is regarded as a data stream and each stream has 3 416 points.

Temperature (F)

0 50 100 150 200 250 300 350
Time
Fig.7 Daily temperatures for 169 cities around the world

5.2 Performance analysis on CORREL-cluster
5.2.1 Clustering results

We ran CORREL-cluster on the real data set downloaded from the website http://www.engr.udayton.edu/
weather/default.htm to cluster cities based on the recorded daily temperatures. We set L=360 and 1=30. The input of
the algorithm is the daily temperatures of cities around the world. CORREL-cluster gave five clusters each of which
contains cities mostly in the same continent and belonging to the same temperature zone. The correct rate is around
85% to 89%. The results are shown in Figs.8~12, where each figure illustrates one cluster.

x x
E E
@ @
g g
g g
= =

-10 ; ; ; ; ; ; ; -10 ‘ ‘ . ‘ . ‘ .

0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350

Time Time
Fig.8 Cluster 1: Cities in Asia Fig.9 Cluster 2: Cities in Europe
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Fig.12 Cluster 5: Cities in South America
5.2.2  Quality

We evaluate the quality of the clustering from CORREL-cluster by comparing with that from DFT-cluster?!
(30 DFT coefficients). Figure 13 shows a comparison of the clustering quality on the real city-temperature data set

by CORREL-cluster and DFT-cluster for various numbers of
O CORREL-Cluster BDFT-Cluster

> 090 segments. The quality is measured by the correct rate, the ratio
g 088 of the number of cities that are correctly labeled to the total
o 0.86 .

£ e number of cities.

% 0'82 Since we use a fixed time horizon L=360, the larger the
° 080 number of segments is, the more frequently clustering is

4 6 8 16
Number of segments

Fig.13 Clustering quality of CORREL-cluster
and DFT-cluster on real data

executed. Thus, for both algorithms, the quality improves when
the number of segments increases. However, as we can see from
Fig.13, CORREL-cluster always has a better quality than

DFT-cluster.
5.2.3 Speed
Since the clustering on the real data set is too fast, we use synthetic data sets to test the processing speed of

CORREL-cluster. We generate 6 synthetic data sets each of which contains 100 data streams. Each data stream has
65 536 data elements. Again, we compare it with DFT-cluster (250 DFT coefficients). The experimental results
show that the executing time for CORREL-cluster is shorter than that of DFT-cluster for every synthetic data set.
Figure 14 shows that the average processing time per segment for CORREL-cluster is 0.928 seconds, whereas 1.2
seconds for DFT-cluster with 250 DFT coefficients. DFT-cluster needs even longer processing time when more
coefficients are used. With 1 500 DFT coefficients, DFT-cluster takes in an average over 7 seconds. Reducing the
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number of DFT coefficients can save time but will lead to worse quality. As we see in Fig.15, DFT-cluster with 250
DFT coefficients has much worse quality than CORREL-cluster on these synthetic data sets.

14 O CORREL-Cluster B DFT-Cluster 0.9 O CORREL-Cluster B DFT-Cluster
12 z
10 < 08
< 08 2
E 0.6 =
0.2 (S
0.0 0.6
A B C D E F A B C D E F
Dataset name Dataset name
Fig.14 Computation time of CORREL-cluster and Fig.15 Quality of CORREL-cluster and
DFT-cluster on synthetic data DFT-cluster on synthetic data

5.2.4 Dynamic number of clusters
CORREL-cluster requires an initial value k for the number of clusters. We study its sensitivity to k by trying

different initial values of k. Figure 16 shows the clustering results of CORREL-cluster on a synthetic data set with
three clusters for different initial values of k, including 2, 3,4, 6, 8, 10 and 20. We can see that the number of
clusters given by CORREL-cluster soon becomes the same regardless its initial value, which indicates that the
initial value of k has little influence on the clustering performance.
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5 164 Initial k is 4
2 144 Initial k is 6
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Fig.16 Number of clusters found by CORREL-cluster for different initial values of k
5.3 Performance analysis on CORREL-COD
5.3.1 Scalability
To evaluate the scalability of the online processing, we test our CORREL-COD algorithm and
ADAPTIVE-cluster®® with several randomly generated synthetic data sets of sizes varying from 1 000 to 10 000.
As we see in Fig.17, the execution time for both algorithms increases linearly with the number of data points, but
CORREL-COD is always faster than ADAPTIVE-cluster.

29 —i#— COR-Cluster
15 —®— ADAPTIVE-Cluster.

1.0 .

Execution time (s)

05{
00—
12 3 45678 9 10

Number of data points (k)
Fig.17 Comparison of the scalability of CORRL-COD and ADAPTIVE-cluster
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5.3.2 Quality
We measure the quality of clustering with G,aygata/Gcop, Where Gawdata denotes the objective function obtained

by clustering the raw data directly without segmentation and G¢op denotes the objective function by clustering
based on the summary information retrieved by the online processor.

Figure 18 shows the quality of clustering on two simulated data sets for different number of segments. We see
that the larger the number of segment is, the more precise our algorithm achieves. This is because the difference
between the user-specified length and the length of the approximated statistical information becomes smaller when
the number of segments increases. From Fig.18, we can see the clustering quality is always above 95%, which
means that results by our COD algorithm are close to the optimal results that can be obtained from raw data.
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Fig.18 Clustering quality for different numbers of segments
6 Conclusions

When our aim is to mine the similarity on the trends of data streams, correlation coefficient is a more
appropriate measure for similarity between data streams than Euclidean distance in previous data stream clustering
methods. In this paper, we have developed algorithms CORREL-cluster and CORREL-COD for clustering multiple
data streams based on correlation coefficients, which supports online clustering analysis over both the fixed and
flexible time horizons. Since data streams have a high speed and massive volume, we cannot retain the raw data to
perform the correlation analysis. We have proposed a compression scheme that supports an one-scan algorithm for
computing the correlation coefficients. We have developed an adaptive algorithm to dynamically determine the
number of clusters so that CORREL-cluster can detect the evolving behaviors of data streams. Moreover, we have
developed a novel partitioning algorithm to support the clustering of arbitrary length at the user’s request.
Experimental results on real and synthetic data sets show that our algorithms are high in clustering quality, speed
and scalability.
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