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Fig.1 Examples of spatial databases
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Fig. 2 Circular structure elements
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Fig.3 Clustering states(Clusters VS. iteration times)
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Fig. 4 First order derivatives of clustering states
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MMC R REE R R KW, HEARE
RAE—HABFR—-RPHBEHERATERHER
FEE AR, BT — R H AR EZ R 24 b

OB IR 4R X — R 7E 22 (R B4 P o R i T R 1Y
ETFREPAREEHREH K5 A, 7] IR
K52 AR R AR TE SRR AE D LA K 2 AR



LR

RBULE % AE R AR R AR —HETRFREENRE 177

FEABEERE N ZRBEN, BB HEM
BEETHEERSBUARXFLR, HLE
BAZHERE TSR BRE=EER, M
RAT=#ZRBEEfHRES.,

4 MMC BEE7ERBRTEEEES
S PR A IR

ER A MMC H3kA0 2 6% s 2 =5 B B8 P
8,5 TR BAR BRI REIE R LT, 7TRH
BN R BB ST K AL, HX TR
w7 LER, XBRIFET MMC BREREH
AR E R T A RS .

Zh X (buffer) T RIBEFE R RGEHH Y
FEMF TR, EERERS K S RMER
R—BHY, 5 rh XA K/ R T BT 45 M T 42
WG X R IERAE Y TR A, b X A 2 T
Bk, BHERB¥HTBIRHERE GIS RE+
FHER X EAZHMEERBEATEHR,
FrLk  fE R B GIS LM F I EPEIEEH
THHEERTEVITH, REBREW LA H R
W T BB, RATEE S PRI RA. ’

WEEBEEN X, ZHWXERY r,r >0,
buffer (X, r) J3t X 7R XBRIEHLER, HE
B RHEBH r WRIE M 5T, W buffer (X, )
buffer (X, - A B EFR TRk XDOB MM
XOB,HF X - BHMMA X « B 45 H buffer (buffer
(X, - r), r)H buffer (buffer(X, r), - »)FEH,
F /MBI RAEAL Y « %23 (8] H 54T IE L op X1
Ve (BPSEMUE W K EBE WA R M), it &
G B 20T BN R K%, MR BB R
Ke@ o /NEIRTT R ZE DA, BRENER
AN EEIHERRBELE. HELABREER

F.AEEIREE0E BRI/ ERTE =R R

A5 RILHA . BRMNERIEENERZILE,
BN EZHHEERFMRR, XELZHBE HEE
BT, FREH, KB MMC SR EHE BT AR
LRME R BAR.

MMC R BHE SR EET XN, EH
WEEPEESEWITH RPN ERRE
ERBHEPWE XOHER KPR R¥ERHE
HERRE A EE R O 25 | IRERK S X2
ri=n+ G—1) % Ar  Ar FARHEZS [RIS0HE FE Y 01
ROAKE R 2, B A Y T8 B &R T Kb,
Ar KN E 3B RO B I, 2 A5 A KR
BEXSEENIERETE L3

MMC MR BH LT ERSWITHRER GIS
F&E#HTZRFRELH, WA Maplnfo By
MapBasic 155 ,EH K 1E T PHMITE P KEEEM
HW 2 A S HTE B8 64 SiEa, 7T
FEHELZH MMC Hi, Z#HEHAMN GISF& L
¥l Z K R LB MMC 8%

5 R Mg

11 Microfost C # 5 1£ MS-DOS T 4 %2,
FIBITH F R MMC 853, AE 1 (B3R #T
TiRK, 5 FHIEE ab.c.d, MMC B H B E
HRRBRBIIN 4K I FdAHIAHSEAR
KEHBREBERTER , N MHAZEEWITTER
S50 6.5.4.4, BRI 6, K aEE X H
HEE, ARRRROKEERRRHEL. 5AR
HMETEE— ., FHHEE 4 FhrRE, &1
A Maplnfo 4. 0,%f MMC &4 KA GIS 1
EHFEHTTHENRR, 53 T Z2MAHE
ReER G RIEFE, IR TRERS¥H
BRI AERERGE DL,

B EE AR 4 R, MMC Bk G E

ae
POECY .
Jetset .
PIRARY
e re e
K3 ‘

.
.5 .

o0l
.0
Thetee .
.
.
.
.
.

Hoe REZHRA

Fig. 6 Clustering results
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L
Dynamic Images’ Motion Vector Multi-Tracing
Method and its Realization

Huangfu Zhengxian,Qian Yuming

(Southeast university, Nanjing 210096)

Abstract In the process of dynamic images’ motion vector estimation, normal logarithm vector searching
method has high probality of not able to find the true motion vector. The reason that causes such a prob-
lem is analysised in the paper and a new motion vector estimation method called multi-tracing estimation
method is introduced. In the process of image matching, a sub-sample stencil is used by this multi-trating
vector estimation method in order to reduce the quantity of calculation. Many frames of image are tested by
this method. The result shows that this method can adapt the multi-pole matching image situation better
than logarithm vector searching one and can find the motion vector more accurately.

Keywords Image compression, Image matching, Motion vector, Multi-tracing, Subsample-stencil
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A Mathematical Morphology Based Algorithm
for Discovering Clusters in Spatial Databases

Di Kaichang, Li Deren

(Wuhan Technical University of Surveying and Mapping, Wuhan 430070)
Li Deyi1 '

(The Institute of China Electronic System Engineering, Bejing 100036)

Abstract Cluster analysis is an important technique for data mining and knowledge discovery in spatial
databases. Its main advantage is the ability to find interesting structures or clusters directly form the spa-
tial data without using any background knowledge. Some available algorithms are reviewed and a mathe-
matical morphology based clustering algorithm (MMC) is presented in this paper. Clusters with arbitrary
shape can be discovered by using MMC algorithm, and the optimal cluster number is automatically deter-
mined by a heuristic method. The algorithm can be implemented in vector databases as well as in raster
databases. The experiments show that the new algorithm is feasible and effective for discovering clusters
in spatial databases and is robust when clustering in databases with noise.

Keywords Clustering algorithm, Mathematical morphology, Data mining and knowledge discovery, Spa-

tial database



