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Multiple octave-band based genre classification algorithm for music recommendation
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ABSTRACT

In this paper, a novel genre classification algorithm is proposed for music recommendation system. Especially, to improve the classification
accuracy, the band-pass filter for octave-based spectral contrast (OSC) feature is designed considering the psycho-acoustic model and actual
frequency range of musical instruments. The GTZAN database including 10 genres was used for 10-fold cross validation experiments. The
proposed multiple-octave based OSC  produces better accuracy by 2.26% compared with the conventional OSC. The combined feature
vector based on the proposed OSC and mel-frequency cepstral coefficient (MFCC) gives even better accuracy.

9=

F, &9 F3H, MFCC, 0SC, 923 g42%

do
108
o

|
™

Key word
Music genre classification, music recommendation, MFCC, OSC, Texture window

=ami ARt 2011, 02, 19
el Clx[Ho|c|ofodFME AALRER AR 1 2011, 03. 26
MEUER HESAZER (WAXXL mooyoung@sejong.ac.kr)



s AR A=A A58 ATE

I. M

ri

A2 Sof &3k (Rd S0 ALG R A M)
2gol detr 2HEHo 2 g FHHAFE Ao
Bol BAam Qlr} dubHol g9 3 NAge g
Al 5o Zyo] G AE K AlolEY Qy]2E 2

)

5 Al 2"o| giFoltt [13[2]. 3HA T, o] B+ A
£219) #3ka YA ER FAY F5h7] HE = PTL

FH8E A7 B2 W, AHEALE HEA T

ul2}M, Y EE 3 (collaborative filtering)[3] [4]<}
&oto] B4l g (feature vector) 9t HEI4] 71 L o]

L YL ol E A £NG FAsHE A2y
Z3A, LA AT BE T FFE A 6
A R4 S 2ol TR ALE R Felo) P 2B
W FES FA FE Aotk AW, E4F 4
& R AR Qe AL ARl A A go] Al
Aol ok, welel, EYMEIS AU 18 0§
; 10 A2o) WAl B8 getel B2y g

A

2
>
o]
o

B} Roo) goe AN F
A= B3R Lo fAE 3
£ Azge A oA &

ERAFE e FE At

~ Mo
o
o2
e

B2 I‘ﬂ! (r oft
|
AT I A
i T
i
g

£

N

t o
2 Ao
olft 2k
o &

e,
o) d

PR e &3 7bp, Al met e
T2 Attt} folrt QoBg, Sobd A
29 AAE B FRIVIE FED [7]. WA,
Tzanetakist blues, classic, country, disco, hiphop, jazz,
metal, pop, reggae, rock 5 10712} & A2 E A o4}
31, spectral roll-off/ flux/centroid, mel-frequency cepatral
coefficient (MFCC) 5 Th%3t £ W & o] &8l &
2% £HF39Y [8] Hang2 jazz, pop, romantic,
baroque, rock®] 5712 2o ] octave- based
spectral contrast (OSC)EH= M =& 54 WE & A ¢35}
A9
E771% ol & 53 91z v, Chang, Jang, 1]
X Iliopoulouss= Support Vector Machine (SVM)3}
Sparse Representation Classification (SRC)<& ¥} 213}
o} [10]. 22 Z 34, SVMel 88 SRC7} & 42 EFf

1488

A3 E L YERNQA T, sparsed dataE 27] %11
-minimization®] B AtFEo] Ha s} [10]9A4
AY BRI A5 BE g £ e 5
A A A7 238 FI EFVI2 SVME AL
4t
B Azt s ndd 4R v dF 5
st W 9ol A thF SERE ME 79 0SC 53
HEE 25391, AetE 0SCY MFCCE B33 2
2 AMRsE A8 B duEE Adstach
B =g A e o 2ok e A Abe &
Foll 71uket &oF 3 A 2"
ANE AEE B3 7IE LA T A
7Vabg L, vhR E e B IV A =
HHake 7] & A

i

2
ol f
it
e
du
e
O
o ore

£

ek

o

S
et r
ek oX,
o olf
o o o

re o8
-4

1. Bz E4g 0l8E 39
£H ALY

Music
Recommendation

I8 1, e X ALH B¥E
Fig. 1 Block diagram of music recommendation
system



o} 2A & 919 OF Leu W A9 2 BR)

dlo
S

21 8% 57 #%
Soko) 54 ME = TR YA ER 25T 5 A
B ERIAE £4 A9 940 7bg de) ALg

mel-frequency cepstral coefficient MFCC)$9} 22} A1 5 9]
E£4& 2 Ve octave-based spectral contrast (OSC)
E AT 58, A e S F Rl A A4 oy g d

T Fo y Yo oAl 0SC =S Yre S
A gtet A} gt

2.1.1. MFCC

MFCCE At&e] HZHA|2d3 wd 3 A& A}
gt mpEkA, 24394, Akl A ol kst 48 &
QA8 Al gl Tol ARSETH[11][12]. B = Fo A

¥ 132 MFCCE F&3to AL-&3t4th

2.1.2.0SC

OSC+ 7t = ' 2~ E 3 9] peak$} valley 2t-S ol
435t 54 WHE FE3 Ut B YE
peak F&-& A Z 292 harmonic® ##H o] ¢l1L
valley £ non-harmonic¥ #&A ¥t} wehA], OSCE
9] harmonic®} non-harmonic& FA| o & dtE= E4

L0
=

&z o K

# 1. ®gtsh= octave-based band-pass filtere| o=

¥] o]t} [9]. MECC7} 4 ZF 2.9l LE| & A-&-3Ho] )8 A,
OSCE octave S 7|¥to & g HE & AMR3c} whaba]
mel-scale band-pass filter ™Al octave- based band-pass
filter & A}%du}

1E discrete Fourier transform (DFT) .2 3 2
ESTENE I Aoata, A e | A9
PRI }og Aolgt} o7)A, NEi
N5 99 58 ST BT ~HEY S
A& (o), 0 500, v} BHL B &
{x/“ 2o, =z I',‘,NI}Q] #AE 7t
A W =9 peak} valley= Th& 7 o]

[of‘

T om o=
lk

m 18
tlo o

X o
It
;‘,:H

o, ;:,

ooz
(o
HU

s
-

£ 9
_\L
FE rO o

o Lo ol R
18
im
us‘i
>

1 a;
P = log( Y :c'i.’j) )

1 ,
v :log(aN le“,’jﬂ) 2

ot MR AYEs HAage ey FxEAE
AARste dolth & =xolM e oF 0022 483
t}. Peak gt} valley k9] 2} ©]-&-3F spectral contrast
oh& 3} 2ol 73 = YUt

SC=F -V, 3

Hel (MEY Fu4=22050 Hz)

Table 1. Frequency range of octave—based band-pass filter (sampling rate=22050 Hz)

1 [0-100) [0-100) [0-100) [0-100) [0-100)
2 [100-200) [100-200) [100-200) [100-200) [100-200)

. 3 [200-400) [200-400) [200-400) [200-400) [200-400)
single 4 [400-800) 400-800) [400-800) [400-800) [400-800)
-octave based
bands 5 [800-1600) [800-1600) [800-1600) (800-1600) [800-1600)

6 [1600-3200) [1600-3200) [1600-3200) [1600-3200) [1600-3200)
7 [3200-6400) [3200-6400) [3200-6400) [3200-6400) [3200-6400)
8 [6400-11025) [6400-11025) [6400-11025) [6400-11025)
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Table. 2 Experimental Result of octave-based band-pass filter of multiple-octave band (mean and standard
derivation of 10 times)
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