Journal of Korea Multimedia Society Vol. 10, No. 3, March 2007(pp. 391-400)

1.

2

2

Z1ge) Aoz Qlste], & 2 HolHES AR FAsle Aol FadA Hud 2y
°°—m}°]151§§ E4A EF/3 FAE7] 9T P Ed g AFAHY = ]—r°1 X]R] %3 Ut
E =RAME &7k o BR/F M g 2 UHES Aggn 71E9 2 (classification)
W] 49 AA e disiA -r?f@ﬁ}“tﬂ v Sotutd ) RETGS E431d Hli\’} Ase ¥ F
AteE AL Ho F9a, 289 E (tone) E@e 7w ARE HAE AL 719 FHA S vl
FRHon —‘rﬂ‘-‘?‘r‘é g 4 dte AS BT B RS % kA HHEES HEdy
A AFE AL A B EJ’V-‘V" HHE 2 F Aee HAFAY AL WHEEL MuSE (Music
Search/Classification Engine)d 2.2 FdTo 24 PCe PDANINA Z 5ATS HAFdt

Effective Mood Classification Method based on Music Segments

Gunhan Parkf, Sang-Yong Parkﬁ, Seok-Joong Kangm

ABSTRACT

According to the recent advances in multimedia computing, storage and searching technology have
made large volume of music contents become prevalent. Also there has been increasing needs for the
study on efficient categorization and searching technique for music contents management. In this paper,
a new classifying method using the local information of music content and music tone feature is proposed.
While the conventional classifying algorithms are based on entire information of music content, the
algorithm proposed in this paper focuses on only the specific local information, which can drastically reduce
the computing time without losing classifying accuracy. In order to improve the classifying accuracy,
it uses a new classification feature based on music tone. The proposed method has been implemented
as a part of MuSE (Music Search/Classification Engine) which was installed on various systems including
commercial PDAs and PCs.
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