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Clustering is a process that groups unlabeled data points into
clusters. There are alarge variety of clustering methods, but none
can generate good clustering results for all types of data and cluster
characteristics. Cluster ensemble isanew trend in recent years. Its
approach isto generate multiple clustering results out of the same
data set, and then combine the individual clustering resultsto form a
consensus partition of the data that is more stable and more
representative of the actual data distribution.

This project is a continuation of a past NSC project (No. 98-2221-E-
009-146- ; Title: Robustification and Functionality Extension of
Evidence-Accumulation-Based Cluster Ensembles ; Duration:
2009/8/1 to 2010/7/31). The main contribution of this project
includes the following two parts: (1) Starting with cluster ensembles
methods based on co-association matrices, we design a new data
structure called CA-tree which, by reducing the redundancy in the
individual partitions, can significantly reduce the high
computational complexity with little loss of clustering accuracy
compared with previous methods. 2) We apply cluster ensembleto
clustering problems that identify clusters of particular shapes, and
implement methods that detect line-segment clusters and principal
curves. We believe that the outcome of this project will contribute
substantially to developing applications of cluster ensembles.






TRRATFEL ¢ LA E SRR
ANEBRI L FFEH LBt aX N ER ]

Robustification and Functionality Extension of
Evidence-Accumulation-Based Cluster Ensembles 11

3 %5l - NSC—99-2221-E-009-179-
Mg R 2010882 1p = 2011&7% 31R

AHL I RE A TR ()

PR
BRI E- BT ARG A\é‘ﬁ’ﬁéﬂmp ok SIS ) R i S A 8 R
BB FEZ OB TG - B BT UEH) DT REEFRTRAL Fak
% o F B AL (cluster ensemble) HoirE 3T # ch— BATARS - B 2 4 - 2 FHA S 5
BARDEECRS LS ECLBHUERRAEL - BEF 2B LT L itdF

B AL (A F o

AFFEA PR - ERFAE B E (K%Y 98-2221-E-009-146- 5 42 P AT HE IR
RAvenE B LPFZ it Bl A 08 E 8% 1p 3 99&F 7% 31p ) ek
FHI E - APAAERSPIBAEE 70T A KA (- ) 12 E co-association B
R B LS L AHD R - AThT R R4k CAdtree ,f*ﬁ?d =3 “ff%r&;f[&w/%iig B
A s VLA ML R E i@ AR A R S o BT a‘.a‘fﬂfk’ B AR
e FHRFER (2 ) A PREEFERY I G HFTEERDEEF ﬂ’* EEE
/ﬁﬂ/é“& | 4&@\%% RN ) ﬁm/ﬁﬂ ESCREAN L 12 1’3'{.1%151 SR J“?F%JH“A 2K/
{%?4 Fﬂ%ﬁm?:‘[iko

WAL KBS CEAR N EREE

Abstract

Clustering is a process that groups unlabeled data points into clusters. There are a large variety
of clustering methods, but none can generate good clustering results for all types of data and cluster
characteristics. Cluster ensemble is a new trend in recent years. Its approach is to generate multiple
clustering results out of the same data set, and then combine the individual clustering results to
form a consensus partition of the data that is more stable and more representative of the actual data
distribution.

This project is a continuation of a past NSC project (No. 98-2221-E-009-146-; Title:
Robustification and Functionality Extension of Evidence-Accumulation-Based Cluster Ensembles;
Duration: 2009/8/1 to 2010/7/31). The main contribution of this project includes the following two
parts: (1) Starting with cluster ensembles methods based on co-association matrices, we design a
new data structure called CA-tree which, by reducing the redundancy in the individual partitions,
can significantly reduce the high computational complexity with little loss of clustering accuracy
compared with previous methods. 2) We apply cluster ensemble to clustering problems that
identify clusters of particular shapes, and implement methods that detect line-segment clusters and
principal curves. We believe that the outcome of this project will contribute substantially to
developing applications of cluster ensembles.

Keywords: cluster ensemble, evidence accumulation, consensus clustering, co-association matrix
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