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An On-line Density-based Clustering
Algorithm for Spatial Data Stream

YU Yan-Wei!  WANG Qin? KUANG Jun! HE Jie!

Abstract We propose an efficient online density-based clus-
tering algorithm (On-line density-based clustering algorithm for
spatial data stream, OLDStream), which is designed for online
discovering clusters in spatial data stream. In OLDStream, only
the new spatial point and its adjunct points which satisfy core
point are processed in clustering update. And the overall clus-
ters results can be accessed instantaneously. The developed algo-
rithm has exhibited many advantages such as its high scalability
to online process incremental large-scale spatial data, its capa-
bility to discover overall clusters with arbitrary shape instanta-
neously, its insensitivity to the input sequence of data stream,
and its capability to detect all isolated points. An experimen-
tal evaluation of the effectiveness, efficiency and scalability of
our algorithm was performed by using real data and large syn-
thetic data from Matlab and Thomas Brinkhoff’s network-based
generator. Experimental results vividly demonstrated that our
algorithm can fast and efficiently cluster new points based on
the previous points. The statistics of the results showed that
only 4 % of the points take the worst case running time, and the
average running time is about 0.033 ms for each point process.
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2 OLDStream &Hk
2.1 ExE4E

OLDStream A& fift P 7E 28 J IR 1) 8 1) — P 42 JR 7R 26
PBEESEIN, H 5 28 A R AT 2 T 25 S AR 3R 2K,
TEHCH it 25 AR B AT SRIT BRIk SR 28 45 . (2, 2t
VAR]85 R IR ANENIE, R DA 20N ZIPRAIE SR SR 2 IR R i 3R AE
B A A TR O A

M= AF A B P OEEER, B s I 2 5 43 AR
Wi s Eps-A0 ks i, KL, SR XS i P A Eps-45
JE SR AL, EEAEPUT IR, A A S YR e
Eps-2J& /i, BIRgE — ARG, AR ORAE A% N 1
o 5, MK Seeds list. HEMRGI 4K 2 Fiog, &1
Seeds list Wi FEENR 5 BIEAR LA IO 0, 20 S
Near list [FIFEEFaEF 25 EHE B AR AL

An example of points set

Seeds_list s e Near_list
2 2T
¢ [oT3].-T54 P,
P 3|||8
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G, P, T-T16]
P,
P FLTTT)
c i
" P, 7=
P, 8- 1
Point set

2 HRERSIEH
Fig.2 Index structure of OLDStream
OLDStream HEMREAE: B —DHEdh s P 2k,
Ok, WIS Eps Mg/ MBI MinPts, SHEE
M Near list; SO R0 USRI 5 P FI'E 1 Eps-48
Ji RBEAT SRS AL B Ab PR o A X S ST AE AR A
FOF, B P O A0 R R

2.2 EEHNA
OLDStream Sk =2

BB 1. RIH N A P (1 Eps-48 & &

h T IRBUE R S P R Eps-A0JE s, A SCIESE S
15 K35 T Eps-WA%, 53445 Eps- W DX I8 1) b 5
AT TRAE PRGN, B — A Eps-MIKHIZR. &L P 1
Eps-A i i 7T R

Wk, WA P ORI E SR, R FTER Eps-
WU Gloy b, vy TIIRBET, AR X Eps-I K ) ¢ Bt
(t1,ta, - ta), SIWTHARIE Eps-WA% & B A74E, #7174, 48
5 Eps- PR X 58 9 1 S35 0 55 P IR Eps-4BJE 2. DL
Y= [T, AR 3, s PR Eps-A8 e b X I8
Gi1UG2UGsUGsUGrUGs UGoUGs. )5, MufEE
X 5 7 PR P 1 2 ) A A PR BE S 5T, RS oA S P I
Eps-A8J s, B 3 Aok IR X 38 3 25 18] 05 s P FY) Eps-48
Ja 5. I AREE N Step 1 BT,

JRadius = Eps

eI
) m@ 7:_)} Ol AN

Eps

N
7 8 A0 9
oj

Eps >
]
K3 P MABE Eps-Pg Xk
Fig.3 Near Eps-grid regions of points P

Step 1.
new point P(z1,z2, - ,Z4q);
nearpoints «— null;
for i1 «— |z1/Eps|— 1 to |z2/Eps]+ 1 do
for io «— |w2/Eps|— 1 to |z2/Eps|+ 1 do
-+~ for ig «— |xq/Eps|— 1 to |zqa/Eps]+ 1 do
Keygria «— (1,12, ,ia);
if (KeyList include Keygriq)
nearpoints «— nearpoints U Keygriq.points
Keygria — (lx1/Eps|, |z2/Eps],-- -, |za/Eps])
if (KeyList not include Keygriq)
Keygria.points — {p};
KeyList «— KeyList N {Keygria};
nearpoints «— nearpoints U {p}
foreach point ¢ € nearpoints do
if (distance(q, P) < Eps)
Neighbor(q) «— Neighbor(q) U {P};
Neighbor(P) «— Neighbor(P) U {q};
end

HIE 2. X0 PR AL O TR Eps-A0JE R
Fhb .

OLDStream B JGXF 7 5 P IR L T 20 i 4 AE 10
Eps-A6J5 S BE 2540 BE, 0 Step 2 #i&. BT A P B
AN, H Eps-8030 s nl fig th i S s sl 7 s AR 0 T %00 8, 1
FIST AN B FATAT AR . LT LUE T2 AN, A% O i
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Step 2.
foreach (point ¢ in Neighborgps(P))
if (|[Neighborgps(q)|) = MinPts
g.core = true;
if (|g.clusters| = 0)
new cluster C' «— {qU Neighborgps(q)};
C.seeds — {q};
else if (|g.clusters| = 1)
C(q).seeds — {qU C(q).seeds};
C(q) «— C(q) U{Neighboreps(q)};
else if (|g.clusters| > 1)
{Ol (q) U CQ(q) e Cchlusters(q)};
C1(q).seeds U C2(q).seeds - - - Cq.crusters(q)-seeds
else if (|[Neighborgps(q)| > MinPts)
Clq) «— C(g) U{rk

end foreach

SR 3. WPH A A P RIS A

ESEPR 2 25, 15 P B IE R Rk o 3 2
AR, B P RS, NETFAE; &8 P g,
MJTFEX i P FTAERE PR MR R EH. anfm)x) 55 P W Eps-
ARk S G AN —FE, s PR T 24N, NI ZExt 5T
TEAS R RIAT & I E. DI 3 PATIIREN Step 3 FIR.

Setp 3.
if (Neighborgps(P) > MinPts)
P.core = true;
if (|P.clusters| = 0)
new cluster C' «— {P U Neighborgys(P)};
C.seeds — {P};
else if (|P.clusters| = 1)
C(P).seeds «—— {P U C(P).seeds};
C(P) «— C(P) U {Neighborg,s(P)};
else if (|P.clusters| > 1)
{Cl(P) U CQ(P) e C|Pclusters\ (P)}7
C1(P).seedsUC>(P).seeds - - - C|p.crusters| (P).seeds}
end if

OLDStream 47 1 F2 H SR & A W Hh AR e Fi% & Ot
P RE, Bk, A R AT BOR v T 50 AT
%, 7 OLDStream ', SAMEYEY — M %L MK 51513
Seeds_ list, RI G HALH BRI — ML Seeds_list, ¥
Rl s R A ) UM B 7 — AN, HRZ RN Seeds list
E IR —ANFEN Seeds_ list, BISEFERIA I, XM ITIEA
R T AR R ), BRAR T ARSI T S AR
TER B B BT, A I I PAT I (8] A~ 25 WY 488 .

2.3 HBHEISRE

BOE DB IR E G4 D, OLDStream 5% 1241
=0 BB TER R P Eps-48Ju i, S48

Eps-W ¥ X W & MEA 1, T Eps-Pg 8 H A e, IF
BARE Eps-28 0 sz sSeth o 4, ArLOPER 1
TN B IR W R O(|D). 98 2 FEX A P w2
o0 S5 Eps-SB s s MER F a8, [R%5 P H k A Eps-
AR i 0 A (0 < k < MinPts), BT,
Xk ANARI S T AT AR G R AR IR, BAT T T 2
IR IR] 2% A O(K| D)), RA — Ik 5% A IF S R 1 i A 491
WA ES. DR 3 WA BLRLE L P i 0 S K
BUNHAT R, FEF R 2 E N O(|D)). Bk, B —AHm
Wi BT H I, OLDStream H VAR ] & 28 O(k| D))
(0 < k < MinPts + 2).

3 KM RS

T AT AL T B S 4 RO B A R # s XF OLD-
Stream HEAT T B RBOR AL, [F B X OLDStream 5 DB-
SCAN. CluStream. D-Stream FJIZATRCEIAT T XL, Br
AME SR C# eI, 3SR TE vs2008 PREE R HEAT
Mk, SERSFETEE N 17 ALF 8, 2GB WAE, IIERS N
Windows 7.

B2 H s Data 1 2K SEQUOIA 2000 3k B b — 4
TR, ZEIEEA S 2 FORINTEAR % B R AR 473
I‘EIJ[%X}WE,%, 21 T 100 x 100 XK, FFEF T 3R
R

TLS2HU Data 2 AU ANIE 5T BE Geolife T H W4
HI P 1 — A 145, B¥E T 178 S H A 2007 4E 5 H
7 HA 2007 4£ 5 H 16 HZ AT 10000 A~ A 5 £,
EVBIR K Z AT IE B b, RIKRARL 150 ~FJ7
TK.

& B R Data 3 H Matlab ZERE, 76 1000 x 1000 X
WAL S T 4413 ANEE AT, b A 300 AR L IZEL
PWHEWE T 2 NRIKE . L5 T8 IE SR AR 1 2 (R 3040 2
E4

A BRI 4E Data 4 ~ Data 10 % H Thomas
Brinkhoff' [f) 5 1 W 2% (11 8% 50 H bR A2 o 45, FRATTAE
FH 2 i 28 10 B R B £ 0TI M PR R B A 2 B e 4 Wk
BT AL 1000, 2000, 3000, 5000, 8000, 10000, 20000
ML 8 BRI AR B o A A A R
AR % b, 078 R T SR B 180 T T oK I IX I,

RHRGR VAR T 5 DBSCAN #ik. D-Stream
B X BRI CDbw A7 2% 1k T B0 28 0 AR B Ry
% CDbw H MM WMIEHRMEEGRRSEREIR
ey
3.1 BRI

OLDStream #7EfE Data 1, Data 2, Data 3 fil Data 9
AT RIS, MR kR AR B R )
A% IE 7 P FIRE L = A 5 S B AR 2. OLDStream
RE R I AT R ARG AR, FEREUN AT 5. TR 3%
BN 4 FroR, B R IaT N, B 4(a), 4(), 4(k), 4(p)
N IE N B B B 2R R, B 4(b), 4(g), 4(1), 4(q) M
BN IR, B 4(c), 4(h), 4(m), 4(r) ANBEHLEA
FIRR. Bl 4(a) ~ 4(c) & OLDStream £ Data 1 22
MR, B EN Eps = 5, MinPts = 2 %, 4 4(f) ~
4 (h) 2§ OLDStream # Data 2 FIREREME, SR E N
Eps = 100m, MinPts = 20 4=, MRS 50T DU 20k
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TH %A 0 LUy 2, WIRSLTE B AC I Lh BE . B 4 (k) ~

( ) 4 OLDStream ff Data 3 FRIRBRE, SH0%E
3 Eps = 20, MinPts = 4 {i%. ¥l 4(p) ~ 4 (r) &3 OLD-
Stream 7£ Data 9 LR E, ZH B 'E N Eps = 150
K, MinPts = 10 ZE48. SEI0 &5 G W oR B0 3 A3 4 5%
M VLI PATRCR, (B S m R IR. 4, i OLD-
Stream M IR S5 DBSCAN, D-Stream MR AT
TXr. Bl 4(d), 4 (i), 4 (n), 4 (s) 7 %l/2 DBSCAN 7E Data
1, Data 2, Data 3 1 Data 9 [FIZEEBUR. € 4 (e), 4 (j), 4 (o),

4 (t) 4 3lJ& D-Stream 7£ Data 1, Data 2, Data 3 1 Data 9
RO, X4, OLDStream il DBSCAN fEAf [l
ZHCR BeRICEI AR R IR 2R AR, OLDStream 5792 LA %% i)
B A BTG, ELEE T WA R0 i) D-Stream HEH B
[SRINP Ve

=

(a) Data | 1E 4 A
ta] Asccnd ing on Data |

(b) Data | {4 F*§i A
(h) DL.SCL,ndII]‘T on [)ata |

WT'* 1" ‘

(g) Data 2 8R4 A
(g) Descending on Data 2

(f) Data 2 IEFFSi A
(f) Ascending on Data 2

(1) Data 3 {546 A
(1) Descending on Data 3

(k) Data 3 A
(k) Ascending on Data 3

(p) Data 9 1F 4 A
(p) Ascending on Data 9

(q) Data 9 {4 A
(q) Descending on Data 9

Kl 4

(c) Data | FfiHLE A

(c) Random on Datal (d

(h) Data 2 BT #IL& A
(h) Random on Data 2

(m) Data 3 [ififlL§i A
(m) Random on Data 3 (n) Clusters using DBSCAN (o) Clusters using D-Stream
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