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ABSTRACT

Mobile music market is growing. However, services what are applied recently are inaccurate to recommend
music that a user is worth to prefer. So, this paper suggests music recommend system. This system recommend
music that users prefer analyzing music information and user’ s musical propensity and using collaborative
filtering. This system classify genre and extract factors what can be get using STFT’ s ZCR, Spectral roll-off,
Spectral flux. So similar musics are clustered by these factors. And then, after divide mood of music’ s lyric, it

finally recommend music automatically using collaborative filtering.
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2.1.1 ZCR(Zero Crossing-Rate)

ZCRE FojA 33t o] 24 Alzr 71&
A0 0& EH5E 3A4E A E Aou. F,
ojal MNFoA AL MEH o] AR TE HE
d w TS, olE SA49 £, £4, J4
of w9 F&3A 2tk A Az AU|E
sZ} &t AME noll Y iz ZCRS Zis o3

Zol Aeojdn[s].

)| — sgnls;(n—1)
2
1 8; > 0(n)
t.sgnls;(n)| = {_ | Sf >0
K3

s= 5237, p= WEZ j= A5

19 1. ZCRY &4

N |sgnls;(n
Z= 2

2.1.2 Spectral roll-off
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2.1.3 Spectral flux
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