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[1] T. F. Gonzalez. Clustering to minimize the
maximum intercluster distance. Journal of
Theoretical Computer Science, No. 38,
pPp.293-306, 1985.
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« Minmax radius clustering:
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Minmax diameter clustering
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Minmax diameter clustering
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Variance-based clustering
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Minmax radius clustering
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[2] Feder, T. and Greene, D,
Optimal algorithms for approximate clustering,
In Cole, R. ed., Proc. 20th Annual ACM Symposium on
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Clustering Techniques based on
partitioning the data

K-means 7 JL31) X Ls
R-tree, R*-tree
K-medoid 7J)L31) X Ls
— PAM[5]

— CLARA

— CLARANSJ6] (Clustering Large Applications
based on RANdomized Search)

[5] Kaufman, L. and Rousseeuw, P. J. Finding Groups in Data

. An Introduction to Cluster Analysis, John Wiley and Sons, 1990.
[6] Raymond T. Ng and Jiawei Han.

Efficient and Effective Clustering Methods for Spatial Data Mining.

VLDB 1994, pp. 144-155, 1994
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Algorithm PAM

. Select k representative objects arbitrarily.

. Compute TCyp for all pairs of objects O;, Oy
where O; 1s currently selected, and Oy, 1s not.

. Select the pair O;,0p which corresponds to
mino, 0, 1C;n. If the minimum 7'Cjj, 1s nega-
tive, replace O; with Oy, and go back to Step (2).

. Otherwise, for each non-selected object, find the
most similar representative object. Halt.



CLARANS 7ZJ)L3dY X L

« kKEBDT—%0,,0,, ..,0 %, SHEEHIZ
EE IR

« BIRLI-KBEDOT—%2%, IRT v ILAHV)
KIGEAHLOITHERE

Zmln D(p;.O;)

1<|

— S hs, 7/9 LIZHE Z Iz X7 E R
= ZNh.CLARANS DF7AT7F
_SBIRENBXIE, max(n/80, 250)E D55 L
T—2 (N EET—2%) . EOHEFERH.
« UEMNFATLZL, K {ED medoid BNiFoNd




PAM, CLARA, CLARANS D7 AT7

—— &R RKE —

.3 ':0:5. 5
O,

L BEARKAE —
ChbLDOAMNELY




PAM, CLARA, CLARANS D7 AT7

=t

j...jf%jfeﬁ

ELEKEDSR FUBWISRAYU TG A RMTEEL
= EAT, Bts BondEIz. KEkm HofzbENY
DA HEiEY T

- TE B3 {LLEE (approximation rate) Z{REET A &I
TSRV CGEERAEISRBY T O FE M IFREELERLY)
CRWISRA) T HEAFTES




PAM, CLARA, CLARANS D7 AT7

=t

mTovIL S

R

—

8

{".,QI

RToov)l K

RTUoUYILDESE:
KERENL, RD)VSRAZFAD RETHDHEEEDHE
(FHRORZDOF)

KFEFS (KE) x 3Z#+E3

=Dz (n-kfE) OEAEHE

ZIRANR, RTUOVILNERBIEVNED LT D




CLARANS D7 AT 7

PAM
RTovILEZRD S
> BEIDRE

. CLARANS

" o2 SV LYITIY
IRTUORILDELEZRDS

BT )L, max(n/80, 250)




Outline

Clustering IZCB8 9 & 1THEDFRIT
» farthest-point clustering (1985)

— FEE ALtk 2%{REE.  O(nlogk) M7 IL3 ) X L

. 777\’5“)/7 DFEE (X LRA35(1988)
-FRE: HEOZEOELLLES2(XRIETES.

Z’E—jt%(#_zfaﬂz%?’é_tli x

+ CLARANS (1994)
R EL2 (R R TEAL

B

« T

2



DSRZ) T HE

A7
HRERS
2k

B

7]

SHIBWLME

SyreSy




FILWWIS AR [ R

A7
- EASS

%77/‘(’5!75\17*
ABONEE

8

-

1 77

=1

J



DS AR) T ElE

AN H 77
mESS SHIRLN]
B K S,1oSy
e 5% ;Gjy_?xscljylj‘
BT —4

ST —4
‘ >

Z\=E
Jla

J



DS AR) T ElE

i 7]

SDIE

k=2 ’C77X’5“J/7

gHE-
-

ST —4

R <

Sl’

L\J/\

1Sk

r

=

3/

»
»




FTLWWIS AR R

A7
- EASS

%77/‘(’5!75\1?*
ABONEE

'@
BlaL 7 —4

. /4
o’

»
»

8

ST —4

-

1 77

DDAk

SHDIBLVHE

3|



FILWWIS AR [ R

A7)
- EASS

%77?(975\1?*
ABONEE

'@
Blak 7 —4

. /4
o’

»
»

8

ST —4

-

1 77

77Z9&k

AN




hierarchical algorithms

. BIRCH [7]

— condensation-based approach, based on the
Cluster-Feature Tree

. BEEBHEE %+ o1= Cluster-Feature Tree %
— data partitioning according to the expected
cluster structure of data
o VSRFINDED., HAOBELLT
- BEZE R ZOMEEIL, leaf node 5 E

[7] BIRCH: an efficient data clustering method for very large databases,
International Conference on Management of Data,
Proceedings of the 1996 ACM SIGMOD international conference on Management of data,

op. 103-114, 1996.



density-based algorithms
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density-based algorithms

- ZER%E, RFEBEIZLHO>TRYY, FIRF
NDEDH(BE)ZHAD.
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density-based algorithms

 DBSCAN(Density-based Spatial Clustering
of Application with Noise)

— locality based clustering algorithm, density-
based notion of cluster (1994)

« DBCLASD
— locality based clustering algorithm,

—~ DBSCAN OH B, ANNTA—27LTHEIK
(1998)



space partitioning methods
grid-based algorithms:

A, BRITD=-HIZEZETINT=EL.D = grid M RtDRE
— STING(Statistical Information Grid)
* used regular grid for an efficient clustering, condensation-based

approach, using quadtree-like structure containing additional
statistical information (1997)

— WaveCluster

» used regular grid for an efficient clustering, wavelet-based
approach

= RITTEKED
— DENCLUE(Density-based Clustgering)

. BEIFH]IZES A%, condensation-based approach, uses a regular grid to
improve efficiency (1998)

— OptiGrid
« grid-partitioning, 72 EIEZ &1 & (1999)
— CLIQUE(Clustering in Quest)
« ZARRXfd(basic interval) D& FEEZ/EY, TEREMEZHER
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