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98 306 23 29 Q97 1027
56 261 3 100 992 1029
52 248 35 100 998 1028
04 213 42 100 990 1031
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-T6 173 55 100 963 1023
-10.4 9.2 53 100 987 1039
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2010 manthly weather variation, Cambridge (UK)
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o KIY(EEEZE(K-means)
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o 2 E RS (Density-based Clustering)
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o —5oKIg{ERFZFE (Bisecting K-means)
» ABESZERRRRIE M
= K-meansfyZ{K, FLUTFT—FMEREEHEE
« EXRBE: ATHEKNE, £oh210%, RentEEs—Mo3

1: Initialize the list of clusters to contain the cluster containing all points.
2: repeat

3:  Select a cluster from the list of clusters

4 for i = 1 to number_of _iterations do

5 Bisect the selected cluster using basic K-means

6: end for

7 Add the two clusters from the bisection with the lowest SSE to the list of clusters.
8

- until Until the list of clusters contains K clusters
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TITEL ZITIERT VON  JAHR

A density-based algorithm for discovering clusters in large spatial databases with noise. 22965 1996
M Ester, HP Kriegel, J Sander, X Xu

kdd 96 (34), 226-231

2013 IEEE 1CDM
- Research Contributions Award
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o Y Liu, Z Li, H Xiong, X Gao, J Wu, "“Understanding of internal
clustering validation measures” . ICDM 2010.

o Yanchi Liu, Zhongmou Li, Hui Xiong, Xuedong Gao, Junjie Wu, Sen
Wu, “ Understanding and Enhancement of Internal Clustering
Validation Measures” , IEEE Transactions on Cybernetics (TC), Vol.
43, No. 3, pp. 982-994, 2013.

o J Wu, H Xiong, J Chen, “Adapting the right measures for k-means
clustering” . KDD 2009.

“The validation of clustering structures is the most difficult and frustrating part of cluster
analysis. Without a strong effort in this direction, cluster analysis will remain a black art
accessible only to those true believers who have experience and great courage.”

Algorithms for Clustering Data, Jain and Dubes
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= Shared Nearest Neighbor (SNN)
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