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Generating Data and Applying Machine Learning Methods for Music

Genre Classification
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ABSTRACT

This paper aims to enhance the accuracy of music genre classification for music fracks where genre information is not provided,
by utiizing machine learning o classify a large amount of music data. The paper proposes collecting and preprocessing data instead
of using the commonly employed GTZAN dataset in previous research for genre classification in music. To create a dataset with superior
classification performance compared fo the GIZAN dataset, we extract specific segments with the highest energy level of the onset.
We Utilize 57 features as the main characteristics of the music data used for training, including Mel Frequency Cepstral Coefficients
(MFCC). We achieved a training accuracy of 85% and a festing accuracy of 71% using the Support Vector Machine (SVM) model to
classify info Classical, Jazz, Country, Disco, Soul, Rock, Metal, and Hiphop genres based on preprocessed data.

= keyword : Music genre classification, Machine Learing, Music feature extraction, GTZAN, Support vector machine

1.4 = wet AFEE FoF FES TR wt IAE] 4
A7t 2E87 % 2. WiAsdS AAse A2
27 19 nlrje}e] BAro @ sfole] WE ntje] el FZrl= AR Ake] Gt e wo TR USE9 A
=2So] ¥ 13 o] oy THPZL E3) A 2E T Yk & 28 §75 4o F Qi webd FHEE A
HEol 2 A4 wh H) 7S HBGM, BackGround Music) o 9 G2 Seks Ak AL 39 T2
o == Azl] WrHe QT WALt Tad stek AR Sof2 wore] B flo] Wkt thefat
SREH A @3 TAAE Ao Agel gxy L el Sehulel Baw d2e) Saol 2@ o)
3 QR ol QS mFICHI] T, WAL Hao| of ot B¢ ATLE FIHAF ojd FEo) Sl
A FeehE A 1% dol of T3] AEAA AH &
1 Department of Software Convergence Engineering, Inha University, 7HA Abgholgle thokdt A2 4 EAS x3sie kil E
Incheon, 15798, Korea shte] A= 9HEF B3 Ao

* Corresponding author (namgun99@inha.ac.kr) o itl ?; ::Q i _?_L 0]"_]: o 01%]:]— o
[Received 21 February 2024, Reviewed 26 February 2024(R2 09 Ed gl ol dAZHAE G. Tzanetakis 3 P.
May 2024, R3 01 Jly 2024), Accepted 24 July 2024 Cookell ©l8l 20021 WEH GTZAN Hlo]e] AE7} 7}

Yo o] EEE ARG RFTAHY AUoE HHFAY) 5 -
19l A wol s x‘]roﬂxlbi}fﬂﬂouﬂonwcg 2 Bol &&H3 ATH6|7]. GTZAN H°l8 AEE 7)
(ITTP-2024-RS-2023-00250678, 50%)7 AE(&He} gl 7 ?l CD, UL, 53 FHAES thder Lol 2000~
AdehALo R 20199 = W f&%ﬂ’i:r‘zﬁf&gl 20013 F¥ AEEZE 10712 FEBIlues, Classical,

A 9E wro} FalE 959 (NRF-2019S1A5A2A03040702, 50%)

Journal of Internet Computing and Services(JICS) 2024. Aug.: 25(4): 57-64 57

http://dx.doi.org/10.7472/jksii.2024.25.4.57



S M2 2RE 93 ool 44 Y oz S wot

o o

Country, Disco, Hiphop, Jazz, Metal, Pop, Reggae, Rock)
E o]FoAH, 7+ =24 10071 =,
Zole] 22,050Hz 2T FARE o] Fo1z F 1,0007H €]
o Y2 FAETh GTZANS 148 o F=
FE de HoE mAley i ey iy
Atk GTZAN HloJE& 35S e o Y& 30%

JE S5l o]g-3ste] 1,0007h] dHolEl2 Zl8)3}A
telHE &8st 1074
10,0007 ¢] Ho|HE 8FS 3

3 EE 30x

My O Ae

b}, A& 30%M 32 @R
dolEl & e F
ot WA 322 vhe HolHE 35S IS o
Ay WA= Logistic Regression(LR) : 73.7%,
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(Table 1) Genres provided by music service platform
SEEE ) s &=
Viodio Cinematic, NewAge, Children, EDM, Jazz,
an Rock, Hiphop, Embient, World, Punk,
Acoustic
Epidemic Eletronic, Beats, Hiphop, Small Emotions,
Sound Pop, Acoustic, Rock, Funk, Classical,
(12) RnR, Jazz, Country
Acoustic, Ambient, Blues, Children,
Cinematic, Classical, Corporate, Country,
Artlist Electronic, Pantasy, Folk, Funk, Hiphop,
27 Holiday, Indie, Jazz, Latin, Lofi, Lounge,
Pop, Reggae, Retro, Rock,
Singer-Songwriter, Soul, World, \Worship
Alternative, Ambient, Blues, Cinematic,
. Classical, Country, Electronic, Folk,
Mu(szlg)Bed Hiphop, Indie, Jazz, Pop, Post Rock, RnB,
Rock, Singer-Songwriter, Soul, Spoken
Word, Vintage, World

2. "lolg] AlE T4 WY

AAH SR gt HolE AEE & §138) tlel™
Ay vkAlef| w2} FEDS(Front Energy Data Set)2} SEDS(S
egment Energy Data Set)Z 88} t}. FEDS& AHA| 22

F33% tolE AER 107]¢] &2 (Classical, County,
Disco, Hiphop, Jazz, Metal, Reggae, Rock, Pop, Blues)&
Z9Z 10034 % 1,003 A A5 Onsete] Al2HHE
B 30%7F FE3 HiolE AEE oW gth SEDS+ AHA|
Aoz FHF ole AER 10719 &2 (Classical, Coun
ty, Disco, Hiphop, Jazz, Metal, Reggae, Rock, Pop, Blues)E
FEHE 10054 F 100039 7HE =& dUAE 7
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(Table 2) The number of data by genre in FEDS
and SEDS

Genre
Classical
Country

Disco
Hiphop

Jazz

Metal
Reggae

Rock

Blues

Pop

Total

FEDS SEDS
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
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7tzte] dlo|E] M Ee} 7|E2] GTZAN HolE A E
Zt Hlolg A Eo| s st W91l Onset> & Bl Chro
ma_STFT, RMS, Spectral_centroid, Spectral_bandwidth, Roll
off, ZCR, Hamonym, Perceptr, Tempo, MFCC3} 72 -3}
T FE HolHE FE3th MFCCY 7% Mel FiterE 5
3 207 8] FakF G LA FET EﬂolEiE
@Y O E FHHE TempoE At A5 v Je)
) H]O]Eii, o]l 7ke] E ._)H VA 1:1-3], A Fgon
2, g gelo] A7}E ZH= Chroma_STFT, RMS, Spectra
1_centroid, Spectral_bandwidth, Rolloff, ZCR, Hamonym, Per
ceptr, MFCC H|oBl & EF 29| P} B4 A
Eiaed

(X 3) GTZAN &M 55
(Table 3) GTZAN Features List

Features Description
Chroma AR -Fa= EME Fsiel= STRT (Short-
ST Time- Fourier Transfrom)2t 22| St
sig 72 Fosls SA
RMS= Hlo[Ee] HEM, RIES S5l Lt of|
RMS(Root Mean L-IX'— LIEfLHD, Soto| FMx&ol oflfx| 7|
Square)
Odolt ﬂo
Spectral Foro| TES JIEHHoZ Ak 8 =
centroid 2 SMUSE S Fy | =ofkle £

Spectral band | e Jmeiol ol wole Faksle SA

width
Rolloff DXl 092 Uhshs FINE EHs
=54
ZCR (Zero SMOIL} SomSo| mfae| HislE Exsi=
Crossingb Rate) | M
Harmony 5120| Bi51E LiE= EM
Perceptr le:é Hij(DeroeptuaI features)2| H=E
Tempo Fapro| w27 |2 LEH= EA
Fale ATEAS 207 K| Holoz Mt
MFCC 0f AMFu~1Fm @ede| DCT (Discrete

Cosin Transform) Biele =25t £
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(T2 1) KNN 0|2 EHAH dh
(Figure 1) KNN Neighbor Search

(28 2) SVM At =&
(Figure 2) SVM Dimension Expansion
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(Table 4) Scaler

Scaler Description
"o 0, 2 12l YRS HEE EES,
StandardScaler ofakxpoll oizt
, ZE S40] 02t 1Ajo|e| 22 HER HERY,
MinMaxScaler ofakxpol| ozt

Ofdx[e| P2 |25t SAnint

RobustScaler IRQUnterquartile Range)S &l #&3}

Hole] HEfe] RE=|CIoH Zop | 10|=|TS ¢
Normalizer g =H, Yol ZTrt LAl == o]

EliM AlZ

GTZAN, SEDS, FEDS H|°¥] A Ee] 7}Z} 47FA] 27
o2 "2 (StandardScaler, MinMaxScaler, RobustScaler, Nor
maliaer) S 283} KNNS 53] =& S 43,
& 5% 7ol ﬁtﬂ © 2 StandardScalerE #4392 7
T 7P =2 A E etk

(£ b) 2o e Hi d=E H|W
(Table 5) Comparison of average accuracy according

to scaler
Scaler Result
StandardScaler 0.65
MinMaxScaler 0.61
RobustScaler 0.43
Normalizer 0.21
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(0% 3) dvst ®
(Figure 3) Before Normalization

(38 4) g3t =
(Figure 4) After Normalization

5. A+ 2+

5.1 28 a5 Zn

KNNellA - AglSA4E 98 37FK w2el Cosin,
Manhattan, Minkowski& ©]-&3le] FS & &3 A3}
Cosin 56%, Mahanttan 64%, Minkowskis 65%%
Minkowski7} 71 E2 ASEE HoFIth SVMol A
RE vgtu gl thate] UEE(default) JEtn|EIE AL
stod et A3 LTIt 71%E KNNS| 65%°1 B3l

AHEt 6% U Webd SVM Aol gof 42
7ol & 0 e A0 Aol AYE PP A F

7t s Fe it

SVMell A Ad 24& 538 Linear, Poly, Sigmoid, RBF
g 747t nuetl s 49, 1% 59 2o| RBF7} popst
disco Z2& Aoletil 7MY £ FAEE 7HITh B4,
SVM 7 ®iste] wE Fee= ¥ 63 ZTh

(I8l 5) SVM 74 HAE Znt
(Figure 5) SVM Kernel Test Results

(% 6) SVM 7{&g Hetx
(Table 6) SVM Kernel Accuracy

SVM Kernel Accuracy
RBF 71%
Linear 66%
Poly 64%
Sigmoid 54%

+79 A47AA MEE HEE AHsle 71F0] T8
slth. RBFY ZAAAE AAsE IeveEes C9
GammaZ C7} S7V8545 AYAAE AT we] A<k
Z70] AT GammaZt 7G5 FH 2 AR AA
7F 4FES n A= At Folxinh o) & B3l A
C9} Gammas 2t7] 13t I EAMAE F3l € v &
< 7} 0.001, 0.01, 0.1, 1, 10, 10022 2As A3} 19 2
HA7F 7 =A vkt T3, Gamma?t- 1/FeatureCount
2 AL 7R el 10% ZHASZ AAF S A8
st A3, 1% o3 Ag=rt S718ke Case?t $A171
w30l 1/FeatureCount o] 4] #& IZ A&t

SVMZ Uyt o2 A4 Ho|E & Astr] 4t
Zdolx gt golg ko] A2 AT 3aA EA, AL
v Z7h FE3 o] AT rhsAdo] moplom
HAE 21 4 71HQ KemelPCAS AMHE-3he] A3

g S48tk 225 M A (Grid search)y & 53 24 A
A 54 T AYEE A9 A9 M) 22 AYEE 7]
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23} 2714 Case(Case 2, Case 3)2} PCAS 2237 @&
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Dimension 2] 3t} 2 Z4APCAE A shx] 3
RBF KemelZ A3l Case 19 SH5ASEE 84%0] 1L
H2E AgrE= 71%0]th Y A4S ALE Case 29}
Case 3= SHFATLI} 89%, 84% 2 SBEAV 72 Shr
AYCE ARG A7) HAE AFe 71%, T0%E E
E}E ztel & HolA Feth mEbA dld &< vlolE e
J& AR dHolH R 44 gole BY Ao
o] =S & 4 Utk ool gt SEDSH ©JE A Ed]
7z e~ ASeE viws] 2E Y 63 Zth

6914 Case’d E 2 7] HEL zo)7} 1-3% = 2b
A EFAE A Fotm Aol dFo] Y58 & F Utk

4 2 o2
nEr.?LoS“Jo

(E 7) SVMEZZo{A PCA 74| = MeT H|W
(Table 7) Comparing accuracy in SVM models
based on PCA kernels

Komel | PCA | D | pccinacy | Aooursoy
Casel RBF X 57 84% 7%
Case2 RBF Cosin 51 89% 7%
Case3 RBF Linear | 55 84% 70%

blues classical country disco hiphop lazz metal pop reggae rock
(012 6) Casedd M H|W

(Figure 6) Coparing accuracy by case

5.2 HIOIH MEY HAE Za}

VMEG A 71 A 5o] 22 “Eﬂ_gl Optimal Param
eter The 3% 89 2tk SVM®] 7-¢- Linear, Poly, Sigmoi
d, RBF #A'd% RBF #A4¢] Hg=7} 71 =9k7]¢l RBF
£ AREsle] ¢ gabmE ) 32 0,001, 001, 0.1, 1, 10, 10
0 WA IYE MAE T3l 12 ARS8, G T
HE = 7] Gamma A4t 2] ol 4] A-8-%]= 1/FeatureCo
unt A ¢k G4 WEko 2 747t 103]4) 1/FeatureCou
nt* (1/100) $H& 248k APtk sk 2L 7t

(£ 8) =& mziolg
(Table 8) Optimal Parameter

Parameter Value
Model SVM
Kernel RBF

Gamma Auto
C(Cost) 1
Dimension 57
BinaryClassifier OvR or OvO
Train_Data_Count 800
Test Data_Count 200
CV_Training_Accuracy 0.84
CV Test Accuracy 0.7

107] o] FoZ HolH Mol vls] B 4o AYo=
A& 2 F47F Aol TS A=A As] ¢
ste] PCA A1 S4 719HE A839Y, A 4 719

o] 7% KPCAoIA AMEEF &= Q)= 4714 Adol tsted
2+ 9] 4 D 2 B & min(1) ~ max (FeatureCount)
ellA I MAE B3l "gAEHsth F7FE PCA 7]

B2 AFEEA S BEA) AR BAL E ms_

:I:‘:
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var, chroma_stft_var, perceptr_var, harmony_var 3% & A
Aste] Age A AA) LS AHEE Bdo) 1 =
2 A E BHAFr
722 dolE MES RYS ARt 8 FE
Walolu HlolE 9] St Hlgdl| uhet A Ee] ato|rt
WAtk 2 A A= GTZAN HolE AE¢}
FEDS, SEDS tlol8] A ES] Bt} AFA L& By E 9
3] 7} "ol A Enrth 10-Fold Cross-validations 283}
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(Table 9) GTZAN And FEDS And SEDS Compari

son Results
GTZAN FEDS SEDS
Fold-1 0.48 0.65 0.67
Fold-2 0.63 0.68 0.72
Fold-3 0.79 0.66 0.66
Fold-4 0.76 0.64 0.73
Fold-5 0.61 0.64 0.70
Fold-6 0.59 0.70 0.75
Fold-7 0.76 0.61 0.7
Fold-8 0.78 0.56 0.68
Fold-9 0.56 0.59 0.65
Fold-10 0.75 0.66 0.69
o 0.68 0.64 0.7
Eroun 0.1 0.04 0.03
6.2 £
B EEOAE GTZANC] 7M1 dole 44 2413
I &9 FFA S99 dolE TS 98 30x 9=
A

12 FEDS®} SEDS dlo]E A4S 53 71& GTZAN
deolg el £/ AL v FHristsich 5709 &
&8s

& Aes e éaJr SVM°] na nglcy} |
o, SVM R4 g% A3 57709 548 BT
AE A M E2 ATE Btk GTZAN o]
H AME& <5 dlolE 9 HXE HolE] i wa}
zgzu;sq A7y FAs]) w2 5 Bl 5% Fold
T AT AYRA P

4 g AL B

ZJ% ? Sit}. olaﬁl GTZAN Ho|E| HES] A4 2
S5 BAE sdst] g8 +< velHE

HE Onset FE3to] it YA Hlo] 7H¢ &2 +

& FE5hs SEDS7F 71E9] GTZAN % 9] 73k=
FEshe et HlE o 22 e NS S
AZSH T O EF AYEI} 71%E v @) i E
o o]& $I3 A2 WAl 9 P B4 5 Wy
9 2o BRE 93 S 2/ 94 E 3] 93 Wy
< Agste B7 AE9E =Y dAo|tt

wote] A2 Azbo] AEFE U ggsiA L, Al
2 FoL OFEe Aol dA T F UT Web,
Mobile ZHEE T3l TE2 AFEEolA AT=H 3L Ut
J8g iy SREH 2 Alele] AFstAY gy g

ot A ERY Rl BEekA] 32 AUt g
olgt Fohg o] &8k o] &AM AA EEHA &
= A7t etk HAlY S 53 5 ERE T
3 7iSlol YRE s Lok E HIAS P A2
2o AR ZHE 9 Lo AL T A3 A7)
2, o] SAENA AMEL St tek HIYE U =
d 4 AE Aotk
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