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Study on the Performance of Spectral Contrast MFCC
for Musical Genre Classification

AT g
{Jin Soo Seo*)

ASATUD HAZY
38 259 AEHYRE 20108 5¥ 13}

Tadxt 20104
2 Dot e Hrle] AFEY Bael A7Eg cje] MAOC (SCMRODE Akt ot 412 1 A58 BAsit
o 9 B2 R4 S B2 T A0IZ S 2 4 SUE S Bk shos . gelel sl e
7RO 2 RHSKe AnE o] 2 So| THALS tofglc) B 1Bl 2okl SCMPCC: o A5 Aojl Anegy
of i oholol 71201 MFCCE S el HgHoHE WReh vio) A1 L GOl B2 clolellolAol
AR Ssiol, ARKE SOMPCC S7409) g0t 4 B3 A% /159 o S5 ulwsto,
Aol Qof A=, MFCC, AMEY ], P2 2§
sa8ok 93 s 2] tof (1.2)

This paper propuses a novel spectral audio feature, speciral contrast MFCC (SCMFCC), and studies its performance
on the musical genre classification, For a successful mugical genre classifier, extracting features ihat allow direct
access to the relevant gemre—specific information is erucial, In this regard, the featurcs based on the spectral contrast,
which represents the relative distribution of the harmonie and non—harmonic components, have reecived incrcased
attention, The proposed SCMFCC feature utilizes the speetral contrst on the mel-frequency cepstrum and thus
conforms the conventional MFCC in a way more relevant for musical genre classification, By performing classification
test on the widely used music DB, we compare the performance of the proposed feature with that of the previous
ones,
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ASK subject classification: Acoustic Signal Processing (1.9)
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Fig. 1. Block diagram of feature-based musical genre
classification.
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Fig. 2. Block diagram of the SCMFCC extraction based on
the spectral contrast on the mel-frequency
cepstrum.
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Tabie 1. Classification accuracy {%} of the three features for
various classification algorithms.

SRR | SwM LDA GMM
MFCC | 7572 7202 74.49
0sC | 7956 7133 78.46
SCMFCC | 7956 7161 79.84
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Table 2. Classification accuracy (%) of the three features for
each genre.
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Table 4. Classification accuracy (%) of the combinations of
the three features.
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Table 5. Confusion matrix of the classification result of the
SCMFCC (The last row is the classification
accuracy (%) of each genre)
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