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Abstract Uncertain data stream, a new widespread data form which is emerging in many application
fields with the development of computer and sensing technology. The research of data analysis and
processing of uncertain data stream has attracted the attention of many researchers. Existing data
stream clustering techniques generally ignored uncertainty characteristics. It often makes the
clustering results unreasonable even unavailable. The two aspects of uncertain character, existence-
uncertainty and attributive-uncertainty, can affect the clustering process and results significantly. But
they can’t be considered at same time in existing relevant work. The lately reported clustering
algorithms are all based on K-Means algorithm with inherent shortage. In order to solve this problem,
a data stream adaptive grid-density based algorithm, ADC-UStream, is proposed under the
uncertainty of model. For the uncertainty characteristic, with the unified strategy of the presence and
properties uncertainty, the algorithm builds the entropy uncertainty model to measure the
uncertainty. With the comprehensive survey of uncertainty, the grid-density based clustering
algorithm over attenuation window model is adopted to design the temporal and spatial adaptive
density threshold, to adapt to the temporal and non-uniform distribution characteristics of the
uncertainty data flow. The experimental results show that the ADC-UStream algorithm under the

uncertainty model has good performance both in clustering quality and clustering efficiency.
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A 3 AT, B A 2S A] Do i A7 s oS

ﬂﬁZMIéﬁﬁ?%Fpﬁﬁ?D@ﬁkIﬂ

53 COLE SC 3 AR K AR BT G Ll |l D

> S AT BR BF AN 2 XS 1
g G E@?ﬁ&&f%ﬁﬁimz_zm).

EX 11, 55 Y11 % 50 2 ¢ 5 SBE BY HT— IR
ZELWE 2NN ¢, W A% BRI G A S RGBS 2 ¢ 19 %
1 MinPts K

=0

=ty

Den(G,t,) > 2"
=0

Mi S o) — T _
inPts(t, 1) =

Den (G,tu)(l — 2*A<171u+1>)
K(1—2%) (1D)

D) v SO 2 32 B pR 80nT LA AT
PN L 2 B R 8] 7 25 Ak BE0R, BE S IE AT H B N
TR 3 S U S R A S I I U A
Al B PR 2 38 3k > 1 2 42 I 20 B T — Ik B 4 2 e,
Bk G (%% BEAE Den (G ot,) BB 09 A 16 52 1
3 AIE X 5 B R (%) B L % AR S A1 0 AR S TR
R SRR RS IR AT S N VA R R R B A ROk el
B0 JE T AR 2 B R TP R R 2 R R % —
F1R) %5 T 680 {1 i o P 58 S % R S oA i R i 2 1)
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3.4 ADC-UStream & %
ADC-UStream 5 ¥ 2 BF X T A & P 508l i
X — A R G ) RE T A R SRR Y R
R AE— € I RS ) 23 R SR TR 2R 8l 6 1 7 =X
TR RO SR RUE . I LA F 07 20T 5 R A% R
JC %% BE S KR A I 25 1 3 7 8 8 (7 9 2 I A X B
B 25 (] 1) OO A% HEAT S BRI W L 2 I R AT 25 B AR I B
LI R KL
ADC-UStream 535 S RE il IR 40T
oL R,
Initial Clustering O
delay the main thread Span second;
[ s X s A A FUAER Span IFA] * /
divide the current data space D into several d-
dimension hypercubes as grids;
judge the attributive grid of data sample and
computer its uncertain tense weight;
reject the empty grids;
[« A& BLOTHI IR AL + |
for (i=1,i<Nonempty,i+-+)
| % Nonem pty >y >4 i £ 45 25 7] b 4 25 B 4% 7Y
BH
{
compute the uncertain tense density Den;
if (Den=MinPts)
| * MinPts i 8 t=1t. HENITHE =/
stamp the grid with dense-grid;
else
stamp the grid with spare-grid;
find the neighbor grid NeiG of every
[ * AR 3 AR *

initial cluster ID=0;

dense-grid;

case NeiG is a dense-grid
{find the core dense-grid to begin a new
cluster; stamp all the neighbor dense-grid
with a new cluster ID; cluster ID ++; )
[ T 7E B % P A% x|
case NeiGG is a spare-grid
{performance the boundary point process;}
find the neighbor grid NeiG of every spare-grid;
while (NeiG is a spare-grid)
{performance the noise point process;}

[ T 7 i RO A« |

TR 2. W E AR
for new arriving data sample X\”
update T=current time ¢;
if X;” €g,
X is already belonging to any grid
then determine the attributive grid of it;
calculate the uncertain tense weight of X\’ ;
update uncertain tense density of the
grid; [« B4R ST O A RKE, H1T%
JE v A«
else
X is not belongs to any current grid;
create a new grid for it;
[+ BHE R TR < |
endif

endfor

4 ZWRERDH

4.1 ZHBTFARBIESE

A3 ADC-UStream .3 1) 22 16 S 4 & Intel
Core2 X # CPU, 4 2.0 GHz, Nf# 2 GB i) PC
#L . Windows XP Professional #:/E & 4t ., 3¢ h B 3k
1 C++sC 8.

N T RERE S H RO 2 1 [R] 2R 550k AT S
B LB 92 HodE R R T IR SRS b i W B
SEEHE 4E UCI Forest Covertype, iZ 5038 45 i 60 &
581012 S AT 54 NEMES o T Bl g6 e A
SCO VR Y SR VERE L T AR 5 M A Ak B 6% i) R A
IO A 10 ASEE AL S VE S . 288 4R O e 1
BHE AR L A N AR SR Y AN 1 E P SO T AR A X
GRFIE B PSR [ g I [ (8] B A B 1) 4 i R R B
B AE — & I 5 T 235 0 i SRR AE L 2R 75 6
e Al JAR I 1) AN A M O . L AR AR R B s 4R
P IR A S 451 XA BE LI i — S A T (0L 1] Z TH] 1Y
WA ACRAFTE GO 8 M s IR EF T I 2 X A
AR A HT 228 (= p) X (p Ry (0, LIRYBEHLIED HoR
JEEPAH . 5 FaR WA T XM & B A A
TE AN P A 7 P 0 K 2.
4.2 KBWHERRKRSW

S 43 R WK 43« 1) 7E [R) i H A AF 7 ZOR g
AN E P KO 4R T L B8 E A 3¢ ADC-UStream
(A B & O 7% 4% JFL e U T 3 25 0 4 {1 TR R X B
2 BNRCR A2 52) 43 531 5 UMicro B ¥ #1 EMicro
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SBVE AT L #, % 48 ADC-UStream 55 35 W b ¥ £
FERA 5 P 5 b PR M R i 0 2SR
DRI TE PR BE. BR R R U0 B A1 AR 22 kS I 2
B kTR RI A (9 280 b =20, LUBCHE Wi T o=
10 KBps #ir A B2 52 B4 A5 00 50008 it 2 2

SOUG 1. REH S B0 B R T A R .

308 e S AP ST BN G- RE N &I I e 24
TEF BE A (A 75 2% O SR 24 L T (1 5 )L
ADC-UStream B AEH THR £ . & Z K%,
PLA 3 S 1,23 B i 3 S 2 SR ik A 7 i it 195 100 4
Br. X T RIS R PP . H AT AR DL X TR
PR B L 110 3R 2 DA A o AR SO S 560 285 S 14 43 W
SR P PR 0000 O R B I vk B TR
FE B A SSQ Jr 2 AME R L F5 B PR 7k L AR SR
FTRAHE B CP A vk, B A 3 28 45 L ot & 1 10
WwE 1 s

95
- EAi=1 O A=2 O 1=3

93— u —
> -
=] | M —
g |
2 91 _|
(=™
§ |
2
&) 89 —

87

30 50 70 90 110
Data Stream Time Units

Fig. 1 Influence of attenuation rate A on clustering
quality.
B 1 ZEp R A X 3R 2 BT i 0 5

NI 5 AT LU L 3 BOMEDN 3R 2 435 2R 52 il m]
DASESZ BRI SR S L R RS BE DR 7E 9100~ 9400
FEARPE A I 8 AR F 3h. Horpoaa=2 i R
SR BE W . R T B — R ) RO O O L AR —
A AET SN B B R ISHCR. FERW . DA
(B /DN o 2o A TH RSB0 10 3R 28 Tk S st 18 L 3
JHT B R 5 A R BT R AN 2 204 BUE R
X TH 03k A 2R 6 iRk R s el o B o HLF 25 i 2R 2K
28 S0 B W R 8% 1 20 R 20 B R BB L TR,
HT IR o s B B 2 B0 A 110 8 R 2 S A S 1 R
A SR IS A5 R T A — E A YR R L (LR AT B
TE R H 32 1 R O T 25 4 B0 ) SRR RE L A S
BT ADC-UStream $3& X F AN B E 1 1 4k 2R
PSR HAG S8 B0 0 S S AL Y 1 L I A
JEB 1 A [R) S5 28 AT 0 AR AN 2 P 5 A ) i K dls
4 Forest Covertype BE47 R 2, W HUAT T B0 19 2R

G BE i s Jie BR AN A A D - DA 53 A0 1 1 B2 3 TiE 1
ADC-UStream 5.3 i I 5L F (1) R F B K-8
V7 ) A 427 JEE SR S B v X A Uk SR S A A L (E
R REREZ L LRSS R s, TEERR
Forest Covertype 45 22 A% B 2 16 72 T 1 808 . A
R AT A E VA B S I TN HER I R

38 2. 5 UMicro 5% M EMicro 8.3 1Y 68
H#.

H Al O A 1Y [R) 285805 rh ok DL Rl Be 6 (W] i
X A7 E S S8 Ve AT 7 M AT G — i 34 Ak B ) 55
2 M AUR ) UMicro B3k AL % 18 8 1 9K
& P EMicro B3k U5 AR A8 RO T L X A
Ry S5 Y (R S BR L  a B T — g R 7R S
AR SCHE Y ) ADC-UStream 553 435l 5 EMicro
S UMicro Sk AT M BB LR 72 2 IR LR i 47
PR SR 10 S 8O 2 I vE B L P SR B B 1 &
B3 P LR S S5 R an i 2 R 3 TR

96
@ Emicro O Unicro O ADC-Ustream
= 9 =
~N gy
S —
=}
@ 92 — u —
3
&
B 90
2
© 88 «17 ﬂ
86 40 60 80 100 120
Data Stream Time Units
Fig. 2 Cluster precision of different uncertain data

stream clustering algorithms.

B2 AN I O R 2 ik SR R I LA

700 :
—4&— EMicro
600 - —m— UMicro
) A— ADC-Ustream
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£ 400
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£ 300
=
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100
0 1
1 2 3 4 B
107°x Scale of Data Stream
Fig. 3 Performance efficiency of different uncertain

data stream clustering algorithms.
3 ANH E T EE TR 2 B AT RO LR
SC 25 R W on . 5 EMicro 5 ¥k AH . ADC-
UStream 44 B 5 (1 5 JOKG 8  {H 58032 AT 0% g
b5 S B R R R T EMicro Bk AL BEAETE
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GO PE M L T 25 A A BN B G MR AR ) ADC-
UStream B9, H B 200 vl o B 10 4% & 8K, JF HL
EMicro 8 33 F K-Means R 288 1, FIF & 347
AEALEE B it A RETE BUBRTE 3% . B S 50 k IR E 2551
ANHER A, ADC-UStream 5.3 5 T 4% % i R
RV SR /N, BB & AT B R 7% .
WAE B R LE W & I, ADC-UStream 7k £ H
I AR R s ADC-UStream 5k 75 24 A7 76 K F1 &
PEHAH E MG — T AT A0 2 A FE 2% 1 —
SE M I ], 9 B EMicro 2 3 3 T 9 K-Means
BIETEPAT R AT ADC-UStream 85 5 T 19
W) 5 %% B B8 2 5 ik . IRtk EMicro 8 ¥k 19 $hUAT 3R
W1 5 T AR SC ) ADC-UStream 535, (H % T H AT
(R ST {2 %) S T B Ak B R T AR L A
/bt B[] 46 BT X5 S ff 2 M AR AR T 1) 5080 A K — R
GRECHE X G ) RAHG B R AE AR 1.

W PLE B, 5 UMicro & ¥ #H [t , ADC-UStream
() 3R 2 45 HURG B T B IR PUTRCRE —H M EA 2
B & A D ) 1] JT 4 2 . ADC-UStream 583 B $1U47
A ] W 2> F UMicro 8%, 3 2202 A 25 UMicro 8
DAET X & M O B 1 AT AL B S FL A AR R
HT K-Means B gt f7 8 25, ADC-UStream & &
HA W (4 R 20 1. UMicro 8 k4 T )@ 1k % A
B o 1 1 Ab 3R T B 5 % A 5 B e A A B 1 4
AKX — s ADC-UStream 5 i N8 5E JE 1
P17 AR, o 75 7 b 580k A AT RIOR | 22
AR B UMicro B3k X idb 199 504l 1 Ak 31 75 22
— 8 W TR ] L B 50 T S 4 A B 1 38 L AR S
() ADC-UStream 575 % ¥ W& &t #%. 256 45 /&
W] ADC-UStream 5575 XA 72 M 8008 I 19 2R 25 43
B2 R« BEAE I BT 2 IR 1 7 - S 50K M /)
FE A AR A AR T A B SR 2S5 R R I BT ROR
SE .

5 RESRE

A SCER R AN E R RS T A T — R A
25 H A N RE T Y R T MR R B R 2R s ADC-
UStream , i 5835 X F A 1 2 P B0 7 804 09 17 78
PN RS P RS AT T S A
T T R ERAAR TR A AR SR S i AL M L
TR 258 b R T AT XA TR AN R 1 R — RO
FEVEHEAT 5 2 B Mk RIS AE R B ik 77 s ADC-
UStream 5678 IS Wl %0 1 8L A T 3 53 B 4

R ASLAEL R IO S 1408 32 A% - S 0 0 O 0 1)
IR 25 RN S A 9 AR 0K 5 [R] IRk o A% 59 IR0 A 8
RRTVE R N B 1 % 1R {5 ) 5 2 v A 4
SRR BL R, 2 T A SO IR G T 5 TR %L
o L A0 52 2 R L L B T I AR 23 [8] | 3 Y % 1R
(L PR B A HCBE W 096 I 25 AN S A DA B =S
) ¥ 20 A1 64 5 . S 36 245 R R W] . ADC-UStream
S ARRS T A 8O 22 19 AN s M B i S 2R 5
5 B 7 LR O HER 1) SRR AR HROR B
A 0. ARG SRS AR T R T WF s Bk
F1%) B 2 B VR R SR O TR S R I R 2
P S AT AL 3 78 19 J7 5 FE R A Wi 5 PR R HE
U SR 2R B A AL 2 M 45
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