


(5 BB SRR

043 &




BEl%¥ 51 R%¥BE20074E R F1L L HF-3. 1

=
Fe| w4 | BRER |4 W H FIY. SLBR E, FH | KR
THEF |14 043
1 — P et ) B I A % = 2007.12. 11
2w | 2 2| 0s3 BER AR KE o EE SR E R ER
AR |14 043
2 75 ] IWFITLE i : 2007. 34.
znm| 5 % | 0as A ETTE ot L) R 5% T EPRE 007. 34. 05
TR |14 043
3 — RSt E b RA S5 AT &R 220
snm| % | 0ss i (B R HE BGRA S AT R 2007. 20. 03
R |14 | 043 [Spatial Prediction Models for
4 ICIT2007<EP di WA
ZZ/NBE | # #2 | 043 Mining Spatial Data ErRolAsnERaT LW
. A% 1§ 14| 043|A Novel Spatial Clustering 20074ELecture Notes in Artificial
ZE/N% | # #% | 043 |Algorithm with Sampling Intelligencn& AT
- BEER 144 043 [Network Structure Cascade for 2007 International  conference
ZZ/NBE| ¥ #2 | 043 |Reversible Logic nature computation&i¥Aifi
EE 1814 | 043 |Reversible Gate Cascade Based on 20074EProceedings of the International
7 | /B # % | 043 [SOP of Optimization Conference on Complex Systems and
Applications& i AL
FE [t 44| 043 [Data dependency based recovery |2007%International  conference
8 | Z/MB§| # 2| 043 |approaches in survival database [on computation Science£rilAZifi
P 3|18 44| 043 |systems
M4 |18 14| 043 |A Chaotic Sequence Based Aigorithm |20074E The Second International
9 ZZ/NBE| # #2| 043 |for Watermarking Relational Conference on Complex Systems and
H & |18 14| 043 |Databases Applications-Modeling, Control and
BB || 043 Simulations£x i3
WERK |t 4| 043
10 — b NWN (1) 3 38 P B 18 7 i 3 i 2007. 34. 10B
e rerme [iES fr% - A TELREE GET)
KTEE | # #2| 043 |Two Representation Theorems for |Journal of Logic and
11 . 2007. 17. 04
3y |18 4| 043 [Non—monotonic Inference Relations  |Computation
KEHME | # $%2 | 043 |An algebraic Characterization of Journal of symbolic
12 2007. 72. 03
gk % |fi-l-4| 043 |lequivalent preferential models logic
gk (14| 043 |[A modal characterization of International journal of
13 2007.01.01
KEHE | # #% | 043 |Lambda-bisimilarity software and Informatics
FARE |44 043
14 o ARH AR R s S M B N 2007. 27. 06
T I PR A RN N B R G S5 5500 [THE LN A
FARTE [Wit4| 043 |#FLPC2292 1k A R Etherned-CAN4 % #2
15 MR R KM 2007. 39. 05
A Al L il
Feplk | it AE | 043 [—FhAHFAR S AT T B B B - P 4R AL AT 5
16 FEBIEEA 2007. 00. 03
O | # 2| 043 | RS
el | i t-4) 043
17 Ak A= Web 75 ar =k e T 2007. 20. 02
s | 8 39| 043 HRA R Web RS- BB M BT LI | A KERIEF PR
T M |mtA] 043
18 B F E 5o R uth Y RESY 5 5 e 1] R 2007. 00. 04
| 5 12| 0as R E Gy RAEZE M IWF S5 5L | R & HEE A
EI R (14| 043 | T IBMAR S5 #% B BERAIDF 4R XML&
19 3 & BIERAR 2007. 00. 04
e | B 2| 043 | R4
BN | T4 | 043
20 HETCANBEH T ARBMAREN &It [REEHEREAR 2007. 00. 10
DR | B %] 043 '

il




i

SRl 53 AR BE20074E R R 3L H %-3. 2

P W | BRFR [ W H T, &WBRR £, B | K5
BEFANl | # #2 | 043 Matrix-patten—oriented Ho—Kashyap
21 | ¥ & |18 +4| 043 |classifier with regularization Pattern Recognition 2007. 40. 05
learning
F & |14 043 |New Least Squares Support Vector Neural Processing
22 . 2007. 26. 01
FriANl | #2 #% | 043 |Machines Based on Matrix Patterns |Letters
23 Zﬁﬁ Zf; s [ U BT SR R iR 2007. 30. 08
e |18 44| 043 IMulticategory Nonparallel Proximal [2007%International conference on
24 | Brfahl | # #2 | 043 |Support Vector Machine Intelligent Systems and Knowledge
N LR 64 IEL Engineering£ i3 i
NG [ 1§14 | 043 |Locality preserving CCA with Image and Vision
25 | BAahl | #; #2 | 043 |applications to data visualization |Computing 2007. 25. 05
and pose estimation
INE#E |14 043 |Class  label  versus  sample Applied Mathematics and
26 2007. 185. 01
Breaul | # #% | 043 |label-based CCA Computation
B4 |18 14| 043 |Robust fuzzy relational classifier |Pattern Recognition
27 | Bs#ahl | # #2 | 043 |incorporating the soft class labels |Letters 2007. 28. 16
5K IE 3 | B H#Z| 043
BUEFS |18 -1:4| 043 |[Fast and robust fuzzy c-means
BriAAl | # 4% | 043 |clustering algorithms incorporating o
28 o5 | mi#cs] 043 [local information for image Pattern Recognition 2007. 40. 03
segmentation
%434 |18 14| 043 |Enhanced fuzzy relational classifier|2007%EInternational Conference on
29 | BE#ARN| # #2 | 043 |with relational training samples Wavelet Analysis and Pattern
SKIE R | B #HdR| 043 RecognitiongX AT il
B¥ M |1 44| 043 [Alternative robust local embedding |20074EInternational Conference on
30 | BRAAL | # #2 ] 043 Wavelet Analysis and Pattern
Recognition& il AT
B k|4 043
31 | mER| U Ui | 043 [T HERRMBIERHIR THEHLER 2007. 30. 08
BREAhl | # % | 043
E OB WitA| 043
\
32 iz_;;; ;‘ﬁi o [ BGRRSIS A TR 6 2007. 20. 05
WS | 1A 043
X & | ¥ Ufi | 043 [Efficient Pseudo-inverse Linear [|International Journal of
23 BrAahl | # #2 | 043 |Discriminant Analysis and its Pattern Recognition and _
TEWERA | @##2| 043 [Nonlinear Form for Face Recognition |Artificial Intelligence
SR8 3 | BBz 043
x| #| ¥ Ui | 043 [Comments on “Efficient and Robust |IEEE Transactions on
34 BsEFANNL| # #2 | 043 |[Feature Extraction by Maximum Neural Networks ST, 16, 55
TERRPH | & ##%| 043 [Margin Criterion”
5K IE 35 | Bl EdRZ| 043




(=

BBl 5 H R B2007E R R L H %-3. 3

el wa | B e 30 H S AN 1E3T
X | ¥ Jfi| 043 [Single Image Subspace for Face |20074EIEEE International Workshop on

ag BEfANl | 2 #% | 043 |Recognition Analysis and Mod’eling of Faces and
&R # & | 4 Gestures (Inconjunction with ICCV
HEPH | Bl #3%| 043 2007) £
REIL | WA 043 | —Fh oA BRI S A S 8T 47 SRS 10

36 7 3 2007. 34. 10B
25 | migc] o4 [wrs DS !

37 | X gh | BIEEZ| 043 | =4 KD mIL S B TR 2007. 30. 04
& JfE (W4 043 |[Fast algorithm for intra—prediction |20084E38 i fRSPIESS it {5 AbH 5#:iR

38 | X4 | Bl ##%| 043 |mode selection in H. 264/AVC based EFr#EAR S WA R

on Pan algorithm

AT | Wit-4| 043 |A Frame-layer rate control aigorithm|20084E58 FBSPIES it B AL B 58 iR

39 | XI5 %k | BI##%| 043 |for H. 264 based on improved frame |EPRZFEARESIUAH

MAD

¥ FA (A4 | 043 | Bk AR E R EIAR R T RIS 1

40 2 =B .00.04
J7 4% | B#Ea%| 043 |2/ i 2007.00.0
¥ B |4 043 (T FPetri R HL T 7 95 R4 B A g

41 A . 00.
T || o4 |t = 20070002
o Bt 043

42 1] A PEFR TF ¥ 25 #0 . &85
s e 043 T [ Agent (B AR SRR EL 0T 5 HEHITES BT 2007. 28. 15
T OH7 Wit 043

43 TAE#iICH SR A ¥ BETIT 5T v W FRWFSY 2007. 24
s | misce| 043 YRR TG FE 8 SUERA /A ZEE Y THEHLNFRTFIT GE ) ™
B M| R4 043

44 AQOP y N i i W FST . 24.
waea | mse| 0as B TT 1 BB LRI THEHLN FATIT G5 ) 2007. 24
Y WA 043 |k BRI AN 4 X 48 A A TR A 30 [ AR

45 FpaEs] N 2007. 03. 03
w5 || oas | e B
4 BN A | A | 043

46 & Y IRSS A Aty ! 2007. 06. 06
w5 | a0 HF BB P RSS A AT 8 LR K24
YWN Y |44 ) 043 |[Adaptive  Uscr  Profiling in 20074EIEEE/INFORMS Int. Conf.on Service

47 | ¥ B |HI¥3%| 043 |Enhancing RSS-bascd Information |Operations and Logistics, and
Robin Qiu [#y 2| #b |Scrvices Informatics, Philadelphia£ il ATt
YN (A 44| 043 [Towards  Assistive  Information  |20074EIEEE International Conference

48 | ¥ B |EI#F%] 043 |Services on Grey Systems and Intelligent
BRI |#  #&%| 4 Services& AL i
: 44| 043

49 iﬁz g | 4 HFAgent FIBNE KA R LW THEHLN AT 2007. 24.
WA | W14 | 043

50 ) S = RIETLWESY 1 WY 9% 1 2007. 24.
w w5 =l a T 77 35 B 3098 3 FE (ETLF 9% THEHLN AT GE T
FREErg |14 | 043

51 fAIDos Bt WA IE UM 224 g 2 58T 2007. 28. 22
w wlm = 4 HCAIDos B MR MY 2 TT K TWEITES %
Jii Mg |- 043

52 ASMIEI % &3 A i ) 2007. 27.01
w wle =l s FEF ASMI R AT A 3E Bh W Ak 1) e 4oL THEHLN A
WA |t A4| 043 _

53 HF v M HRE 5 T B g INEIR R BN R S 2007. 28. 12
w wlg owlalm" - ol




<O

=

BRI SRR B 20074 R KL

3 H3%-3. 4

TRFR

A7

WIEH

. &SRB

fﬁ\ #\

Eaill

54

L e
B R’

043
5b

FF S S0 5 FE (I OLAPHIF 57

THEHLSEAL

2007.

11.

00

55

4
SR> €5
B R

043
043
043

— TR T SO SR SV I R e eh ik

T S

2007.

29.

02

56

it
I #R

043
043

B ahAgent fEXLSCAT%E H AR BAL B Y
N ARWIF

o E LR Sk

2007.

36.

21

57

N ﬁttét

A ¥R
i e
>

043
043
043
043

T bR iE S AR EE

R4

2007.

25.

01

58

HtAE
B i
H B

043
043
043

Web iR 95 5% 28 b 22 ) [ S o (] - B AR 2
55

RETREETHER

2007.

29.

08

59

ik
Bl #R
B R

043
043
043

Web B Ik %5 2 TR G2 A &5
HHA

HHRRZFER (TR

2007.

37.

02

60

i e
g4
i
H R

043
043
043
043

T R E AR BIWeb iR 55 R B Ab 2

HEITESNA

2007.

43.

12

61

i e
>

043
043

FFQoS L F X HIWeb /iR 55 575 & Hix

ERE TR (BRR
F )

2007.

35.

01

62

4
i
o B
>

043
043
043
043

— Pl T /M S PIZR IWeb i 95 85 R % B

HEHRE

2007.

34.

09

63

oS
i e
i
B ®

043
043
043
043

T EREEFWEMNEEKIWeb/k % K
BB

(ER-SSEer]

2007.

36.

06

64

i d e
| #R

043
043

HT 418 B SHHLE 2~ PR AR T 5T

PR B TR 4R (A RF
%)

2007.

31.

05

65

Pk Ui
A
>

043
043
043

T X Gt AR R A7 A I Web—-OLAP
R4

IS FIRE 4R

2007.

25.

02

66

Bk I
i
¥ R

043
043
4t

T LT XMAELREERHTTE

HEHLRE

2007.

34.

03

67

Pk Ui
12 e
Bl ##%

043
043

e F BT B B L I Ontology R 4
Wik/A

043

FRHETA¥FR(BRR
F )

2007.

35.

09




i

BRI 5 H AR EBE2007TERR R ICHFE-3.5

HRFR

LA

WIEH

gl

a4
B ®’
kI

043
4h
043

HTFLEEETTRBEITCADRSE

FRKEZFR (FERERR) | 2007. 19. 06

69

o e
Pk
¥ R

043
043
043

FHARMRE TRREE

MR AR K224 2007. 39. 02

70 | &

o2 e
oo e

S

043
043
043

Multi-Pattern Recongnition Based on

Grover’ s Algorithmk

Chinese  Journal of
Electronics 2007. 16. 04

i}

3. 2 i
>

043
043

Quantum M-P Neural Network

Int ti 1 1 of
nternational Journal o 9007. 46. 00

Theoretic Physics

72

i e o
A
Lo
[ e

043
043
043
043

Quantum Storage Network

20074EThird Intemational Conferenec on
Natural Computation(ICNC2007) £ i¥AZ i

73

i
i

4
e

043
043
043
043

Feature Selection based on QFT

20074Third Intemational Conferenec on
Natural Computation(ICNC2007) <X iXAZ i

74

(A

Pk i

S

043
043
043

F MDA R 4326 ) TREHF 5T K

o E b fE S 2007. 36. 21

75

4
vk Uil
¥ R

043
043
043

7 AR BT R T AR LR A AR BT ST

{5 B5#H 2007. 36. 05

76

[
1
Pk U
¥ #®

043
043
043
043

BT BB AR R

FEHE T 2007. 18. 21

7

[
Pk I

S0

043
043
043

BT RS RIRK L B 57 5 oF
ITHRRAEEE

K2R (T2 2007. 40. 01

78

1 2 o
i
B ®

043
043
043

H T BRI B R B IR W A

THEHLTE 2007.33. 13

79

4
i
4
" ®

043
043
043
043

FHFE X ontology BEARWIFT

AR R 2007. 25. 01

80

i
[t
i ]
R

043
043
043
043

7= b BB B R L SR R RIS

h E LR T 2007.18. 13




i

BEl% 5 REB2007ERFR X HFE-3.6

Q

el w4 | BRER | WICH H T, SBK FE, B, 8| KA
FHE 1§14 043
T = |14 043
81 & = R p-re £ =] S )
ms ¢ || 03 RGBT EEEEX TSR |REER 2007. 25. 01
TR B %] 043
KB |14 043
82 | 2= k|14 043 |[BhA& TEM M REL K NE MHETFESTEN 2007. 24. 09
TROM | B %] 043
EKE |14 043
83 = DFAR AT J WY (¢ =3 AT
Tackl# 2] oas FhHEETDFARI IR S5AT AELA R H N A Ot EALE R 2007. 23. 7-3
EkE (14| 043
84 | THKAK [#  #%| 043 |ZETH IR B HLEIWeb iR 54T A IR 5 A AR L TFHAR 2007. 00. 02
Z k|14 043
WAL | T4 043 [—FhAEFMDCTAR 3 (41 & FE 4855 457K Ep
85 i =1 .23.8-
Tack | % 12| oas e It EHE R 2007. 23.8-3
W | 44| 043
FLE 14| 043
86 g i Ly fZ L% |4 W 5 . 24.
sewm| s | o A 5% R T a4 EIE AR RT IR A 2 M 4% [T BEHLN BT 9% 2007. 24. 11
TR [# #%| 043
BHZE (44 043
87 | It FETFREVER 7S AR PR £ % &S | R M AIR K%M 2007. 39. 01
TROM | 3 #%] 043
PR | 14| 043 [EF M 047 R 25 25 ) el e LA _
88 | THR 4b |CATH M i IR E 24 (T 2R 2007. 40. 04
TR B %] 043
B B |¥F Ufi| 043 | Eagent B HEFEFF K H AL UMLIEAF F 1KY
89 NSRS RE 2007. 28. 01
s |# 12| oas |m NUTHES AL RS
A HE [P Uf)| 043
90 - > : Y B vk EERYE 2007.29. 10
w5 12| oas L TANE | SN AR TR BT 5E B%EM
FERA |9 U] 043, .
91 = P o A RBA 1] —‘: 22, 2, ] ]
searig | o] oas T 8esh 5177 X A4 CORBAKL &Y AREMZMRKEER 2007. 39. 05
Including probe-level uncertainty in
92 | X% Z [ Jifi| 043 [model-based gene  expression BMC Bioinformatics 2007. 08. 98
clustering
93 | wa [misiz| 043 A Spatial Logical Characterisation |Lecture Notes in 9007, 4435
of Context Bisimulation* Computer Science
o4 | wae [misse| 043 Towards. an Epistemic Logic for |Lecture Notes in 9007. 4696
Uncertain Agents Computer Science
95 | W |msae| 04 Bisimulations for a Distributed |Lecture Notes in 9007, 4711
Higher order = —Calculus Computer Science
96 | w7 |misz| 043 Axiomatising a Linear Higher Order 200T4EACST 2 WA T
n —Calculus
47 J& #|18-+4| 043 |Adaptive clustering lagorithm by Journal of System Science 067, 05, 12
M k| #3% | 4b |ant’s optimization and Information




B2 5 AR%E2007TER F L X HFE-3.7

._ﬂ,

dJo

HRAFR

W30 H

N

A4

R

A Fast Longest Common Subsequence

Algorith for Biosequences Alignment

20074EProceedings for the 1st
International Conference on Computer

and Computing Technology in Agriculture

WA

99

o e

Bz

An efficient algorithm for multiple
sequence alignment based on ant

colony optimization and divide-and-

conquer method

20074 Proceedings for the 1st
International Conference on Computer

and Computing Technology in Agriculture)
SWEHR

100

A ol
E> 65

A Parallel
Subsequence

Biosequences

20074Proceedings for The Second
International Conference on Scalable

Information Systems£XiMAZifi




W12E B o [ & & B 2R Vol.12, No. 11
2007 4E 11 J] Journal of Image and Graphics Nov. , 2007

—MUENETEENREEREXEEZ

CE R
(MATAUE MR K EHERF SRR, B 210016)

BOE EE e RORIE DBSCAN [ A AN % W ROR TR R R (T OB AR G TR 3 11 4 A
E i SSUAN LR B A -2k Sian, (DA R P H % B0 i £ 18 HE 58 ] e 7 (2 1 4
A RO ORI R S A SR A VO I RE, ik AR R BT DRSCAN SEEE AR 49 R e

- B U T BE M Bl AR B € (improved density-based spatial clustering algorithm with sampling, 1DBSCAS
2RI A S FEER PR e R T ESMEEE T8 TSR, 2 *ﬁ =
RN BER AT AU,
FR e cuREsEE ZENE s M AEREEEE
R ;;ﬁ-?; TP30i.6  NRMIEE®E. A XEHS. 1006-8961 { 20607} 11-2031-06

Aun jmproved Density-pased Spatiai Ciustering Algorithm with >ampiing

#i! Cai-ping, QIN Xiao-lin
College of Information Science end Technology, Nanjing University of Acronuutics & Astronautics, Nanjing 210015

Abstract  DBSCAN is one of the effective spatial clustering algorithms. which can discover clusters of any srhitrary shage

and handle the noise effectively. However, it has also several disadvantsges. Fiest, it is based on only spatial atinbutes

without considering nen-spatial attributes in the databases. Second, when DBSUAN handles large-scale spatisl datobases, it

requires large volume of memory support and {70 cost. In this paper, un improved density-based spatial clusiering

algorithm with sampling( IDBSCAS) is deveioped, which not only clusters large-scale spatial databases effectively, but also

consides spatial siiributes and non-eputin! asiribuies. Experimental results of 2-T spatial datasets show thu the aow
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Pk R R G 1 g

i FAUEEEMIE K R b~ N HRRR, FLU
HFEEHERROBEMNRED LHEEHN —1
o, B - RISMEMRED - RBER
M

Yip,qeD, B peC 4 F pe
,:" ‘-/p,qec,pc:q
3.2 #MFEXHREER

Bl PR REE B R T ?P%X#%Kﬁﬁ'itz

P, HEREZ RELRAFEEENRE, K
K ,“'Jﬁ'%ﬁ%’i*l.mbm, ti:?? A
#H ‘z' % J,iﬁhﬁi M 3 AR % 3L 5K R e B R 36
FEHEFIRER, A WA E TR ()R F
HENREEZLY Q) MAERES TR,

EXBEAHFE2 ETEEE, BXMTEOR
SRR 2 g RS R MTSEN & R
MinPis, BN L p BEOCHE RELUNRp K
ol DL e I B (N B R) . ERXATHE
b BUIXR p MIRGEAGRZEEF ABCH
DaAF VREERARSTMS x S 45°R 135°M 19
MAEBRLEBRFEF.CMH4 A4, ACHEX
S8 H AR R i A AT % (representative boundary
objects, RBO), fEH— TR M4 4§ 3 4~ RBO, #itn
A LR PH BIEM C,IERA TRRTH AH
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P 1T IR

Fig. 1 Selection of seeds
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ERTTEM R A E 5 EHOE MR E, 42X A0
LS FF , BME— AR F XL B A L _E 1 RBO
WRBGEH, B0 R — W FILEE 2 4210
H A XHE— X R BER FEIRZ L 8 4. — Bt
BT, Xt d %, 4 3¢ -1 4 RBO Mi2° 4%
R, EEERTREE N 3 -1 4 IR
WTF:
Finding_seeds( Object, e, Seeds)
Initialize Seeds to NULL;
Identify the RBOs about Object and g
for each RBO do
MinDist =
Identify the Quadrant in which the RBO falls;
for each unclassified objecl p in the Quadrant do
distance = dist{ RRO
if( distance = minihet
minDist = distincs .
minObject = p;
endfor
Seeds = Seeds U | minQObjest !
endfor
end
I3 HERER
HEAW: MU ETHENMERESD
i#=——IDBSCAS # ¥ ( an
spatial clustering algorithm with sampling) .
5 A -2 B0V 0 I 1% S0 (DB), 4B IR %
i e=0, ﬁlj\x*g”‘#‘(ﬁ&gm MinPis =0, g /) 4k J5 75
g2 MnPur>0
s i RS Clusier.
CEEEIT
Algorithm IDBSCAS( DB ¢ MinPts, MinPur)

Chasterld = nextld ( NC!S%) |

improved densﬁy-hase;l

ior each object o in I1E do

if 0. Clld = UNCLASSIE

if Expanding
Clusterld)
Clusterld = nextld( Clusterld) ;

_ cluster { o, &£, DB, MinPts, MinPur,

end
Fxpanding_cluster ( Object, £, DB,
Clid) : Boolean
Neighbours = DB. matchingNeighbours( Object, &) ;
if ( Neighbours. size < MinPts) or

MinPts, MinPur,

( Neighbours. pur < MinPur)
//0bject Jy M B

DB. changClld( Object, NOISE) ;
return false;
else//Object 2y ali B0 X %
DB. changClld( Neighbours,Clid) ;
Finding_Seeds( Object, g, Seeds) ;
Seed_list = Seed_list. add ( Seeds) ;
While Seed_lists NULL do
currentP = Seed_list. first{ ) ;
Neighbours = DB. matchingNeighbours( currentP ) ;
if ( Neighbours. size 2 MinPts ) and ( Neighbours. pur =
MinPur)
//currentP 2 4 d% .0 0 4
Finding_Seeds( currentP, &, Seeds ) ;
Seed_list = Seed _list. add{ Sceds )
for each object p in Neighbours do
if p. Clld = UNCLASSIFIED or NOISE
DB, changClld(p,Cld) ;

else
Clld =p. O 07 AL EM B MR LS K
AR
Seed_list. delete{ carreniP )
endif
endwhile

return true;
endif

and

{E IDBSCAS JLkt S5 1 DAL XM RS
7, AE T Finding_seeds 1 3038 1) B Br X4 i o
FHRIEAREY M. FHENREY BS.F
MFAGEMBIF TEE Seed_list p , FFEEER
EWY R, ﬁﬁlﬂﬂi’ﬁﬂ‘%’u'—"f H 7| Seed _list 7y
HOXERAKBEY B5 F RS IDBSCAS HER
%ﬁhiﬂ—'/l*&ﬁ%&ﬁ‘ﬁ%"%%ﬁ@ﬁﬁﬁﬁﬁ
EEPTREMNEE. X REHREERIT.ES
BRI A SR WA RRRRE . &
DRSCAN B A, IDRSCAS %?ﬁﬁigﬂiu—‘ I
FEEF T (O E N AEESERBRE (2)E
Expanding_cluster 9,381 7 Clld = p. Clid &
AL ESER AR A A EENREHRT A,
(3) #£ Expanding _cluster P ¥ # il A T Finding _
seeds PRE, A ETEAL O X S4B P FIRF F TR
HARET R ATERANEBIHEIT 2B
TREER, IR TETHRITE,

4 ZTRESH

l.—.

A3 K BT A B B8 O B 40 % 48 A1 DBSCAN
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1

Abuteger M ooa ol mare epatial dats e vish ke develonment nf tho Pafareantiaeg tharefore ki

tial knowiedge becomes more and more tnporiant and meaningful , this makes spatial data mining becon: « wiomising

stfication

research filcd. In this paper, the procesdings of four methods used in spatial dara mining, namely spatiai cia

and prediction | spatial clustering , spatiai autlier | spatial association rules ars svstematically summarized
future direcuions of spatial data mining ace discussed.
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