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Abstract Previous method only can deal with Time Series and Cash Register data stream. Moreover, the efficiency of
clustering high dimensional data stream is not very satisfactory. In this paper a novel algorithm for clustering Turnstile
data stream named HT-Stream is presented. HT-Stream partitions the space into grids, summarizes statistical informa-
tion over data stream according to the tilted time window, and finds the clusters offline. HT-Stream can resolve high

dimensional clustering problem and discover clusters with arbitrary shape. The experimental results on real datasets

and synthetic datasets demonstrate promising availabilities of the approach.
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//DBls]%&mR %% s f£ DSET ol

} Else if (all VB[h; (id)]. count =t X N)
DB(s]. count=DB[s . count+z. e;
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Else
delete s and all superunit(s) from DSET;
{/superset(S)ﬁﬂi s A Y B BT
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While (D;#4) and (j<{k) do {
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CDB[ s]. count=CDB[s]. count+zx. e;
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} Else
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}
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Let AGridSet be empty;
For (i= O i<m;i++)
For (j=1;j<¢;j ++)
VB[ ﬁA count=VB[ila. count+VB[i]p+;. count;
For (j=1;j<g;j ++)
For every s in HCDSET -+

If s not in AHCDSET{

Insert s into AHCDSET

CDB(s]s. count=CDB[s]p+;. count;

} Else
CDB[ s1a. count=CDB[s]s. count+CDB[s]p+;. count;
For (]—1’]<qv] ++)
For every s in DSETp+;
If s not in ADSET{
Insert s into ADSET;
DB[s]s. count=DB[s]p+;. count;

}Else
DB [s]a. count=DB[ s 1. count+DB[ s ]p+;. count;
=1;

While (f<D do {
For all f-unit s in ADf{
id=convert(s,&,0);
If
(exit VB[h; (id) Ja. count<<tX 2%, Np+;))
delete s and superunit(s) form AbSET

}
f=rt1;
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}

While ( f<{k) dof
For all f-unit s in AD/{
If (CDB[s]a. count<rX (23:1 Np+j))
delete s and superunit(s) form ADSET;

b
} f=71+1;
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