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Density-Based Cluster Structure Mining Algorithm for High-Volume Data Streams
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Abstract: This paper proposes a mining algorithm of density-based cluster-structure, named MCluStream, to resolve the problems of
input parameter selection and overlapping cluster identification in evolving data stream. First, a tree topology index, named CR-Tree, is
designed to map a pair of data points with directly core reachable into relationship of father and child node. The CR-Tree that record
relationships among points represents cluster-structure under a series of subEps settings. Second, the online update of cluster-structure on
CR-Tree is completed by MCluStream under sliding window environments, which effectively maintains clusters over massive evolving
data streams. Third, a fast cluster-structure extraction method is implemented from the CR-Tree. Users can easily select reasonable
clustering results according to the visualized cluster-structure. Finally, experimental evaluations on massive-scale real and synthetic data
demonstrate the effective mining result and better performance of the proposed algorithm compared against state-of-the-art methods.
MCluStream is desirable to be applied to self-adaptive density-based clustering over high-volume data streams.
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Table 1 Input parameter analysis of density-based data stream clustering algorithms

1

Algorithm Window models Number of parameter Selected method

CluTree™ Damped 3 No

Chandi'**! Sliding window 4 No
OLDStream!*®! Landmark 2 Sample and entropy theory

D-Stream'® Damped 5 No
Den-Stream!*) Damped 4 DBSCAN and real application knowledge
ACluStream!®! Landmark 3 STICKY count
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1. BulidCRTree (bulid CR-tree for D).

1. foreachp e D

2. if p.pro=="false

3. Process(p);
Process(p)

4. findo (0 ¢ S) that p < o;
5. if (o == null)

6. CR-Treeroot < p; p.pro = true; return;
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7. if (0 € CR-Tree)

8. S.push(p);
9.  Process(0);
10.  S.pop();
11. p. father < o; p.pro = true,
CR-Tree , D , 5
CR-Tree )
P
A
P pz/-\é?’ 1‘)
< ? o h $
"D de
REIE S
*_Q_S v
\\04
Fig.5 CR-Tree structure corresponding to the dataset D
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Fig.6 Effect of new point on neighboring points
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p: Expired point

Fig.7 Effect of expired point on neighboring points
7

2.3

MCluStream 2 . w,
InsertNewPoint , DeleteExpiredPoint
2. MCluStream (mining clustering struture in data stream).

Parameter: Eps and MinPts

Input: W, and CR-Tree.

Output: updated CR-Tree.

Algorithm :
1:for each p e W_.New do

2: InsertNewPoint(p);

3:for each p e W,.Expired do

4:  DeleteExpiredPoint(p);

InsertNewPoint(point p)
list < NewC(p);
o list « list U ReduceCDist(p);
get corePt < getCorePoint (p); /Inearst core point
. setReachDist(p,corePt);
. p.father < corePt;
. foreach (g in list)

foreach (4 in Ny, (q))
expandUpdated (q,d);

expandUpdated (corePt,d)

9: j <« corePt.core-dist;
10: dist < dist(corePt,d);
11: t « (dist < j)?j : dist;
12: if (¢t < d .reach-dist)
13: if (d is not ancestor of corePt)

14: d.reach-dist < t,

15 d.father < corePt;

16: else if (reach-dist(corePt,d. father) < d.reach-dist)
17: corePt. father < d. father,

18: corePt.reach-dist < reach-dist(corePt,d. father)

© N oA W R
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19: d.father < corePt,
20: d.reach-dist < t,
DeleteExpiredPoint (point p)
listl «— ExpiredC(p);
list2 < IncreCDist(p);
foreach (g in listl U list2)
foreach (d in Np,(4))
expandUpdated(q,d,listl,list2);
expandUpdated (q,d ,listl,list2)
6: get corePt < d. father,
7: if (corePt € listl U list2)
8:  get corePt < getCorePoint(d);
9: if (d is not ancestor of corePt)
10: d.reach-dist < reach-dist(d,corePt);
1t d.father < corePt;
12:  else if (reach-dist(corePt,d. father) < d.reach-dist)
13 corePt. father < d. father,
14: corePt.reach-dist < reach-dist(corePt,d. father)
15 d.father < corePt;
16: d.reach-dist < reach-dist(d,corePt);
17: detele p from CR - Tree;

g s W R

InsertNewPoint 1, 1 2 grid ,
[18]. D 3 ~ 5 . p corePt, P
CR-Tree , p corePt. , , 9
~ 18 . d , )
v : ) d ; :
16 ~ 20 , CR-Tree . 16 ~ 20 : d corePt
, corePt d.fathter d , d.father corePt ,
corePt d ; , .
,  DeleteExpiredPoint , 1, 1
2 . , . 7 ~ 16 )
d, , ;
, p CR-Tree
.
N(1,69), S1 8o, Eps
p=p(|s1—s2|=Eps), s1 8 N(u,6%), z21=(s1—2)1 822=(s2— )16,  z1 2z
N(0,1).

P s, — s, = Eps) < p(s, — Eps <5, <5, + Eps)
< p((s,— )6 —Epsl o= (s, —p) 6= (s, — p)! 6+ Eps/ o)
S P(Z=z +Eps|d)—P(Z=z, —EpslJ).
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(291, MinPts=axn, ,a
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p(si—Eps=S<s,+tEps)==a<=>P(Z=z+Epsl 6)-P(Z=z—Eps/ )= .

Eps «a , Eps=f{a)xo.

99.72%( 3x5 ) . ,
p=P(Z=z1+Epsl 8)-P(Z=z1—Eps! 5)<P(Z=0+f{a))-P(Z=0—-f(a))=2x p(f( ))-1.

(n=1)xp),
O((2x p(f(@))-1)*xn?).

CR-Tree

3

Tt 0,

O(p°xn?). ,

MCluStream
.CR-Tree ,

1

3. ExtraClu (extract clustering structure).

Input: W, and CR-Tree;
Output: order points list L.
Algorithm:

1: foreach (dp in CR - Tree)

2:
3:

~N o O b~

[ee)

10:
11:
12:
13
14

if (dp.extracted is false)
transform(dp);
transform(dp)

. if (dp.father is null || L.contains(dp. father))

L.add (dp. father,dp);

. else

transform(dp. father)
L.add(corePt, p)

o if (corePt==null) L.addAtEnd (p);
. else

while (++(i < order, (corePt)) < L.count)
if (L[i)reach-dist = p.reach-dist)
L.insertAt(i, p); break;
if (i == L.count)

L.addAtEnd (p);
CR-Tree dp , dp
~ 3 ). dp )
L L
dp L
L dp , dp

Eps

1

,MCluStream

CR-Tree

O(2x(n—1)xpx

O(kxn+l).

4.3
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