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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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farthest-point clustering
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farthest-point Clustering
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« Minmax radius clustering:
~ FIVIARZIZECHKDFEORKRER/ME
mimimize max radiugs;)
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« Minmax diameter clustering:
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Minmax radius clustering
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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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BEAFETSTTOREE

e J57®M 2node B 10EE
= 2 node A @ shortest path

* Dikstra’s algorithm
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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
the Theory of Computing, pp. 434-444, 1988
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Minmax radius clustering, Minmax diameter clustering
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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

— CLARANSI6] (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




k-Means Clustering
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Algorithm PAM

. Select k representative objects arbitrarily.

. Compute T'Cy, 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.
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PAM, CLARA, CLARANS D7 AT7
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hierarchical algorithms

. BIRCH [7]

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

- EE#EE A+ o71= Cluster-Feature Tree Z{E5
— data partitioning according to the expected
cluster structure of data
« JSRZADED ., HARIELLT
- BEZBAZ5MEEIX. leaf node 52 Z)

[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.
- FEDRENRH)EFZEDSVELNTES

s ZEDEMEFDEFERDZTEST, 77
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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, AN/NTA—27LTHEIK
(1998)



space partitioning methods
grid-based algorithms:
ARE, BRTDE=HITEHRFTSNT=ELD = grid A RITDARE
— 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

=S RITTTEKED
— DENCLUE(Density-based Clustgering)

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

— OptiGrid
e grid-partitioning, /> EImZ 5T 5H (1999)
— CLIQUE(Clustering in Quest)
« ZARRXfd(basic interval) D& FEEZ/EY, TEREZHER



