e

20108 38 X398 =EX M 47 A CIE A 22

= 2010-47C1-2-3

DTWs} 4714 S ol uleAbz 713 Biel 248

(On Optimizing Dissimilarity-Based Classifications Using a DTW and
Fusion Strategies )

71 A} %*

AL =y Rk
=S Z:;’JQ'

5 [e) gl

( Sang-Woon Kim and Seunghwan Kim )
2 o

B mFAE FHARAW (dynamic time warping: DTW)# th&5 7] ¥ (multiple fusion strategy: MFS)$ "—’?
ub 279 (dissimilarity-based classification: DBC)S HZ3A17]+= Wi A¥244E B33t DBC®
Hrdlo
k=1
7

]

e Bhe] Aol 42 24 &g olgeit duol ATE Aolsl AR FAs BRoIE AAske 3 9%
DIWSAS 483 20] 5 A2 re) MiNes 2495, 04 JAeE olgsiel A 458 024711 98
239 B3AZE 28 + YuF AFEE 24U 297 /)29 AISAYOT 24Y AHE Aold) HEAEE 34
s, MFSOM—E— ER1AF 20 oF WRAE FBAYANE FA7EE AEFt B, DIW HOE 4% e
MANE BREE AU A2E HAE G8E BHT O, o) TN ofd el Mol BRIE gl o
A AFR B ERA ALE PEE WALL 25 Aol AE oz 49F 23, A9 Pid vwsel 27

Agw-« WD F ASE FAKA, 0|9} e AYATAR B uﬂ WY WRE e REAA 59 2e de 13

A
S4E F4E £ g Aen f\m%t}.

Abstract

This paper reports an experimental result on optimizing dissimilarity-based classification(DBC) by simultaneously using
a dynamic time warping(DTW) and a multiple fusion strategy(MFS). DBC is a way of defining classifiers among classes;
they are not based on the feature measurements of individual samples, but rather on a suitable dissimilarity measure
among the samples. In DTW, the dissimilarity is measured in two steps: first, we adjust the object samples by finding the
best warping path with a correlation coefficient-based DTW technique. We then compute the dissimilarity distance
between the adjusted objects with conventional measures, In MFS, fusion strategies are repeatedly used in generating
dissimilarity matrices as well as in designing classifiers: we first combine the dissimilarity matrices obtained with the
DTW technique to a new matrix. After training some base classifiers in the new matrix, we again combine the results of
the base classifiers. Our experimental results for well-known benchmark databases demonstrate that the proposed
mechanism achieves further improved results in terms of classification accuracy compared with the previous approaches.
From this consideration, the method could also be applied to other high-dimensional tasks, such as multimedia information
retrieval.
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