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ABSTRACT

This thesis proposes the classification of musical genre of songs recorded in digital files.
Our work is in the field of pattern recognition and data classification. To compare the
classification efficiency, we used three spectral features (Spectral Mean, Spectral Contrast, and
Spectral Histogram developed in this thesis) with the artificial neural network as a classifier. We
applied the pre-processor unit to the data before the feature extraction to make the data
compatible for the classifier. We provided a thousand of songs in five genres (Rock, Jazz,
Classical, Hip-hop, and Folk). All songs were divided into training set data of 500 songs and
testing set data of the other 500 songs. The results show that spectral histogram features with
Mel-frequency scaling can reach 86.77% of accuracy and with octave-based scaling still reach

77.98% of accuracy.
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2.2 UsZIANUDIAUATWUNMNIUIINAY

' o
Ao o =] Yo & A2

¥ b4
uuawauilumssuunmasitidnyasiugiuaieg sauiu Taoiions lildfidad
" ] 14
Aratuduauasediufed (Fu Muveunas uag tlevveunas Wudu) orawaldn uun
n’: a a d a i § :!.y
maaduRnIannn maile olad vSun 1w uag diemveaunad iWudu uuawaslulani

Y o @ &2

a1 e @ o 9y da 9 :Iyg 3/ a
mgmﬂmummmwmmmsmmuﬂﬂummmﬂmssﬂﬁﬂﬂzmuu '-uuuﬂﬂ HWNI1I83UD

Y

v
ABIDWUANAINANT 1B 7 uuadade 1

2.2.1 INaIAMI@an (Classical Music)
e wa 3 A 1Y u’g -]
vnmasiidsziamansoraum Wuunmashignlseiusium dszanaluged
1 =1 [ o = @ 3‘3 [} 1o @
A.f. 1770-1830 881 lsnay 51deswldfumasnigniseiuivulni uadanaldunuaty
[ = 3/ & 1 1 o o J
AMUIAUTITUNeAUATYRY 15120 1was Classical daulngjazgilsziusuoniuusday
A A Ao Aa A = i o o ' S vy 1
n303AUAS UiNeINnsesauaInsuMNTUNIzaIIsoE@UNaiu]A W09 Classical
Q'J 1 é 1 4 1 1 s
Taoi l1/azgaiauTana Orchestra dafuasaunivinalngjfiinsosauaiaregedunsuniu
T840 (String instruments) 1Wunan 1w laledu 3Tea1 wala uag we @uswiy
130311 Tane (brass instruments) 131 N3udn nsouTuu sureeiu uaz yui nsoulh I
p [ a d 4 Yo . 1
(Wood winds) 11 aa15iiia Waa To Ty wazuiagu uag 105091939192 (percussion) 131 Nav9

1Az N1 130199niaU 1ABI3 Chamber NilnTDIAUAS T1UMTOEAT



3101 2.2 2aumnue$ (Chamber music)



o d é
2.2.2 INQIDIANNIOUNT HDZINAIUAUY (Electronic / Dance Music)
= ad =Y
T3 .61, 1970 AISNARDIAUASDIANNITDIINT Avant-Garde VDIV Kraft Werk
Yo q ¥ ) fa d =@ a ' & @ A
ulﬂ'ﬂﬂ‘ﬂﬂ131‘ﬁqﬂﬂimﬂlﬁﬂﬂﬁﬂuﬂﬁ TUNIIAUATUNTHAIENINTUNITABIUIVDIUAT DI
a o A o Y a A a ld? 3/ do = = a d =Y o
Fuasizmdsai Imnauuauasyia lnuau ﬂ151‘UQﬂﬂ5‘E'..lﬂ"lmﬂl’ﬁUQ‘ﬂNmﬁﬂﬂiﬂuﬂﬁqu
& o 3 o P} ar '3 =1 1 = dy
auns Suuuntuti liauss danuiuendnyaivazanninisen 1 auasiuliae
a ad i v ¢a g a oanyY 1 A ¢ a .
auasLuIBIAnNsetind 1A qﬂﬂimmaﬂmﬂuﬂﬁu‘lmm NI UATIZHLT YN (Synthesizers),
4 ar 4 =1 Y [] = 4 o I's
IN30UA1Z99MIE (Drum  Machines), (A30UAUAIBINTY (Samplers), IATOINDUNIUADS
(Computers), mﬂl“ﬂﬂ (Effects), L INTDAUAUINAY (Record Players) 1Wa4 Electronic i lval

a

s g o A w o2y dd e oA L g
ZUVINIZNLUAUULTY LUDAZUUN (Beat) NYUALIUU fNLLlIﬂzl‘ﬂuuu'Jk‘WﬁQVIL‘WQﬂ'Huﬂ‘Uulnclﬂliﬂ

il
1g
FN

LL flumxwaadammmaﬂmwﬁu“hif’hu

g‘l.lﬁ 2.3 Lﬂ?ﬂdﬂuﬂgﬁlgﬂﬂiﬂﬁﬂﬁ (Electronics music instruments)



2.2.3 INa98WaON (Hip-Hop Music)
TWMUBITUVDIFIIENEOW (Hip-Hop) AutianInaindenuueninu-amsiu noglu
I = 1 & Y o
G199 Turaetlarsd] a.6.1970 uazdud) .6, 1980 AIUNTHIVDUWAILUINAD AINADU LAZ A3
< \ @ Y g o w ad oa o
uiw (Rap) # 1infes 3o uswiles eslunuauniMiludnuouaiusn (Beat and Break)
A 1 1 r-v-1 L ] =
FuduIAUAULE YUY Disco, Funk, Jazz, Rock 130 Soul Tawuiiam Wuauauurudes vie
= A [V . 24 o Y] (] =} A
2l UAUAT 31NN 1ATDAAILTINIL (Drum Machine), 10T DINVAIDL1UTU(Sampler), 1IN0
o d = g9 ¢ s s ;dl ] -] 9
FUNTIZHITU (Synthesizer) N1A OATNYHIVOUNWAUIUITAD NTNDINADU HIOAINADIVDI
QJ ot é ‘é Qs L]
TidhAusarzmz Iuniaipanad (Beat) ¥8UNAIFIDINILUININHAIYLUUANDIAING D

=] LY

a o N . 4 ' i v d
llﬂﬁQﬁlﬂNﬂuﬂu‘UﬂﬂWﬂq Hip-Hip ﬂﬁﬂfﬂﬁﬂﬂqﬂﬁauﬁﬂaﬂqﬁﬂaquﬁgﬁ?ﬂﬁ?

\7 §

g‘ﬂﬁ 2.5 inFoanasdneon (Rapper or MC — Microphone Controller)



2.2.4 INDAUDAUDINGIVY (Jazz/Blue Music)
HUIWAY Blue ADIAILEITUVDAUNDL Folk NAuia laoauuews fiu-osHy s2a5uduy
{ 3 a “ o @ w =1
NAI55EN 20 1UNITTIN TAUBITUNAUATYDIAY LENTHU AUSAIUTITUNAUAT YD
ar s & A 4 oV ¥y A =)
¥179151 19NANYANTIVDINUANAY Blue AoMTaU THALLY Blue uazldiniosauns
o 1 4 Y ar a [ =] I~ =
wmilouqiu Tuudazae  Tasfliinsesauasuangde aubawd nFudin udn oIy dloTu
_ 4 1 H L] o/ ‘§ = 1 1
HUAWaJazz 150 TAAUINNWAY Blue IUFMAUNAITIHN 20 15U FUNWAazz INT1aUN
£y a G 3 cg ' o = = @ = a
wumsaa IdanziauIuMIaagumeiay (Improvisation)  Up1sandanizianudasely

= 54 3 u’; [ L4
Melody miﬂﬂTuﬁﬁumffmumflumﬂanufuﬂmamm Jazz




2.2.5 waslenuazinasiled (Rock /Pop Music)

' 4 A a4 A ' &
UYym1o019amianwuAfie  ANUAQUIATEIZHINUNAY Rock LAZIWAL Pop 1193910

e’; :‘:Iy 1A o a ' 9/ 1 k7 Y = o =
wasnsaewil ihuwasur niniidresuiwedenii uazaoudalndifveadu Tauen
ponaniuldsin msNezamisauonmas Rock uag Popldszdaaldnsuiiaszinnduge
vufewas Rock #ldAa5 Ifhuaziims@unassiminuiu egtiumas Rock 1dunnaiun
oon lUilunuawasdesBauaziuamasdosmaril 1dmy Tanazuuuuwasvosdues dau

I

v E
IWad Pop ABIWAINI Melody duqdwaaeniseas dhliaaydils

17
i '5
uns §! Roses - Rock in Rio 3

aulo _Whim\u:r- Rauters
i
]

19 2.7 299un350n (Rock music group)
3



2.2.6 INAILIUBUAT iNas I aleINaaA (R&B/Soul/ Funk Music)

o 4 A o
Rhythm and Blues (R&B) L‘ﬂuLsu'iJLWﬁdﬂgﬂﬂ%HdﬂluLﬁ‘aLﬂuswawmﬂum Tagmwig

] ¥
=

Y 1 é : = 1
QANAILI9INNAT Blue taziau Tunuuvesnu e FunnIR&B NoUNIMuANgnIALY
= 1 M = ] 'd -

Tu T A7, 1960 59 1970 (FUATMUANAL Soul (WA Soul YuITEAANHYY ABITIS BINILEAS
215 UDIDEINTN

IWad Funk @0 Tau1910mae Soul laen1slanaaviiued yeanwad Rock 19111 maq

at A4 e ' a o 3 a as @ ‘3

R&B luilvgiiunsefizondt (RnB) Hanumue InaiReefuwas HipHop 1aZiwad Pop M1

(R o =% s o A [ = a 1
LLﬂ’t‘JUN"15ﬂ‘Fl'llJﬂU\‘llﬂﬂﬂﬂ‘]&lﬂicluﬂﬁ%’ﬂ\i?l‘lguu']ﬁ‘ﬂﬂd‘i]\‘lﬂ')ﬁﬂ“r’luﬂu‘uu

7

5101 2.8 23AuATITHELAT (R&B music group)
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2.2.7 wasnsauazimaalvlan (World / Folk Music)
¥ v v ¥
uwawamisaestiiunuuwasiignuialszinnuuuduge 51 Tannsauontszinn
ay v waly 3 d'! = U é . =
it Taodn TulA 19 1199910555 UANAIL9 DE19VBANAY  FAUNAI World Music 71D
=1 A 9) A q.; Y M YA o Y @ I
wmasez lsnauiaudlonieaauasiutunaz lu lddesuidanndausssumwasns Juan

3 1
mummﬁu'ffm'ﬁL'flui’@;mmmm"iumﬂﬁwu?un'n WA Folk Music

gﬂﬁ 2.9 2395 1ldn (Folk music group)

2.3 anuannselumsuentsznnaunivesuyd

- P d 9 e @ o -
Imsenyuisudndesinorduanumuisevesnysdlunisuendszianauns
5w 4 =
nialuusinsanyivoutes 1sa (Perot)  [12]  Fuv1d1ddszinnauas 10 dszinn
Gluﬂ‘liﬁﬂy1 "lfi{ufi Blues, Classical, Country, Dance, Jazz, Latin, Pop, R&B, Rap Lin¥Rock
Tutlszinnauasunaziszinnilsenoudlomas 8 mas Wumasniidesdos 4 mas uaz LUl
1 4 v
WWeadee 4 A 1nnInaasenunAnEIFUIN 1 3199w 52 au Tasldauwmariifanas
QI/ T Qs n 1 é .QJ {
sz 24 $2 lusdedlad udinaassfanoulaneunilandanininmasnlinaasaila
v
HaUs1ng 1 1A awauu 3 Jud aumariimwisousniszianauas lagnaes 70 %
9 a an =] F 9/ a a0 [
filaniu 250 Hadadui oz ldnugnded 40 % wanmsnaasuiluiiiauliedann wmse

s

] ' a 9 o sy Y 19 9 ar =
?JH‘]JQ‘}J@ﬂ’J'ITI'.N"]lLﬂ'JIJlé’HUﬂ'I?J']'iﬂHUﬂLlUHﬂ'ﬂﬂuﬂ‘iulﬂiﬂtl hlhﬂﬂﬁsl‘ﬁﬂﬂllmz"lm\?ﬂuﬂi

_ s

WAREITNHUSIAUNIIAIIND

o o L) kY
(Inuweaauns) Amidmmnsauenlsennauaioen lauda



v

UNN 3
@ o a o a Y, A
AN dUAUTEIAUAT HazMIINIBNTOYA 1NDIFI UMY

A
uanlszianauns

qw ¥ ar d aa w 9 ‘:.
Tuunil azvenddednyuzmanudeyaniaIneavounad Msdivlysdeyaiae

T lunszurumsusnisziamdeya manlasdoyamanar Ineglulawuveannud uazms

faanuazay Nezii I 1suandsennauas luundald

3.1 sunvudeyaides

v ' ¥

Foyavounadnieg figniamnueyludelseinn Compact Disc (CD) Wuazoy lugil
Avmoauanid1sWAUUY Pulse-Code Modulated  (PCM) dygiaufiusazgnguaiodi
(Sampling) A100ATIGUAIDE19 (Sampling Rate) 1 44.1 kHz uazlinauazidun (Resolution)
1 16-bit UAZIIUIUFDITYIULLUY 2 ¥09 (Stereo)

A =) A o Py os: =1 P 1 [ ) 1

Weanmdvanuypd awnso ldsuiuiinnuioglusae 20 HzZ-22 kHz 6asIMsqy

3 a

frot198edoailu 44.1 kHz vziiuldmaidsauuy peM WuldFAugiunianain

a 9/ & =) = [ 3 Y = o d Y2 1
nut09 ¥ hilinisTiudadoya (Data Compression) 1Ay doyardvaimny 1334 hilinaw

U

=

E
¥

AAINEUINT Y I UAUUD

3
ar a 1 s 1 A
anwazidua 16 Bits umnsdusrannsatuiindeyaidos e msquiiedianiieg

s

vy = oo R o 5 d v a a a ¥y g
"lﬂﬂ'wigﬂ‘ﬂﬂuﬁﬂﬂﬁﬂuﬂﬁ 65,536 5¥AU 1W51$ﬂ3uu111!ﬂ'l'i!ﬂll‘llf’]?%ﬂ!ﬁﬂﬁ 1 IUIN 1319DAUND

Joy011ndie 705,600 Bits

@ a = ] [ ) @ o
M3TUNNUUY Stereo Muneiemsnuoyaveudeo 2 vesdyanudmsud Inedne
y &

o ¥ o o Qv oy o & '
Lm$f'f']ﬂ‘i°lJﬂ'lTWQ‘llTl ‘LILI‘H&I']f,lﬂﬂ‘ll‘t‘)ﬂil,ﬂﬂﬂﬂﬂﬂ'lﬁlﬂ‘lJﬁ]ZiJ']ﬂ‘l!uL“zL‘Iu 21 ﬂ'iﬂilﬁ’]ﬂ’li‘l’ll'ﬁ’]ﬂz
< £ o = 9 d v a " ow o =
INUWAIHULWAINUAININYII 3 UIN 19192AAUNUUBYD 'ﬂi‘lJ']ﬂl!.“ﬂ'lﬂ“U 2 ﬁ'IIT‘N X 3UIMX

A 1 ar
44100 Sampling x 16 Bits =254,016,000 Bits Famnulszunn 32 MByte



= E4
3.2 MIABNYdYa

v o

Tugudumisuontszinndoya ( Classification) 1390153913110V (Pattern
¥

U
¥
v w & A

¥ ¥ 3 ' '
‘ LY LY o o = 3 =
Recognition) WU TUADUNT A YIUADUN Y AONITIALATINUDY A Lﬁﬂﬁ%TﬂﬁJﬂQﬁlﬁUﬂLWﬁﬂﬂ

7]

L

=1 z s |a W 9 &£ g 3 d:‘ 3
1513971 JUSuaun uazde lindeuldau 1s1vedeal¥nszuiunis Ussulanaiioadu
% =S o i . d‘l s 9 9 LY
(Pre-processing) 1A N13AIANYAILIAY (Feature extraction) W0 Uiudoyaliminzauiums

T uazdsdnpazidu Avzgawlumsisilszamvesauniimdsinueg1a

3.2.1 m3vszudanaieanu (Pre-processing)

dnuazvesdoymdounaslaoia ) Nanuddvzlivuavesdygyia (Magnitude)

Hd

1 { C oA @ ] 4 ' v
vualvg uay Annudgeeziivinavesdyaiandn davuiagesvuiai Ianuuandiaiy

o J

=2 9 3 9 : ar ol d:‘ 3/ ] ar 24
HTﬂL'i']'!NWENcl‘]f ATEUIUMIIUUUIHUNTOUUDIAU %001uﬂ15ﬂiuﬂ§dﬂmm1mﬂau INDaA

g o

' ) & Y, a &9 1 & i
ANuuanavesdoyans vinusz s msudasdiios lugranadug ngelunmulas
%yammm (Time Domain) “lﬁnmmﬂm’fagamammﬁ (Frequency Domain — Spectral) 1o

i lJAsdnvazieuas 1y

3.2.1.1 MININNENEEUUBINY (Pre-emphasis)
' a [ = an a d a 3, a =
f1nantenszuaumanieIfmisanidineasiannseiing mswluihiminides
4y A A q o - v . 4
iesdudlunszuaumsiignesnuuuuuiie 15 lumsiivauiavesdyaaluisdiunnud
@ Ingrzmvvinaludunnudge) uazaaneuvavesdygrandesluuiagiuanug

@ulngrziudiundiuia) ienzdsulge sasrdudygradedygimusuni

¥
a/ '

(Signal-to-noise ratio) 1AYNITAAANVUANAIITEUINVUIAVOITYAIUGIUAIUDAT 1AL

U o

v C ]

) ' ] 4 ' ' ° o '
doyaudiuanungs Fuiluduelumsaadaudeyanszdeiuinasludelszinn

ar =

v
a1 udrvalFmshunihmindeandy (de-emphasis) 0 umsdaudyanaudosldiniloway

L] v o

o = 1

v ¥ ¥
szyumsituhmindeadesdu uazmsd i minideandy 285 on sz VUMY
:‘ CV | . o a b 9 P
W minidsa (emphasis) 151818130 INUANYUTNADIWD (frequency curve) 1A TaalFf 1N
NIWIAURNIL (special time constants) uazmmﬁﬁmaﬂmuﬁnﬁmam"lﬁ’ﬂmfhﬂaﬁmmm
Vv
WY
9 : o =1 ,ﬁ‘ g/ 9/ [] " Y 4 CYR-- =
msnhnihmindvadesiugnldediamsnarnluanudm msdems, msdunnides

HULATADA, NIARABITLY, MIAIINYNTTNUTEULY FM, wazmsuaaaaila Insunsy

(spectrograms) luaaAs T uIYA
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ad
IEMI
‘5 9 P . @ 1 N 1 ] s 1l . 9
LiJE)l'i'lcl'ﬂ X0 1= 1253, s lﬂﬂﬂ?@ﬂﬁ‘l}ﬂgﬁiullﬂﬂgﬂﬁEIMWJEIU"N 1 AUNITNITIUU
A Y, d P A o @ ¥ WA ' o ¥
I UL I umuaunIIn (3.1) Taod Ardsznoumaiuinnunaenoy « mmm"lﬂ

MnaumMsf (3.2)
X, =X —0%, (3.1)
a = exp(- 27FAt) (3.2)

1 3 o 1 = ] @ 1 =
Taw Ar fegrananfudioiiveadoniu luynqdieds x, voudvawniux) w
waow'll Tavazgnanaameudisnnavesddedudmdeunihguiudnlszney oL uag F fie
AudANeow

s

1Y " ]
fregnury fdesmsiiuhmindes fudyaunanuaanes = 360 Hz uazdyaui

o

83 IMIguAI0619 44100 A20G19RBTUIN 1TITTDAMIUNIN @ acunsi (3.3)
a = exp(~2x3.1415x 360 x (1/44100)) = 0.95 (3.3)

14 '
wasnnmaduihmindoads 5oz 1ddeamadsgi 3.1

Power Spectrum
Power Spectrum

Frequency " Frequency
(M) (V)
a @ 3 ¥ Fi

31]7] 3.1 (N) Spectrum Y04 rgiymnaumﬂm Pre-emphasis

() Spectrum YOIFYNUNAIANS 19 Pre-emphasis


CLP-16
Textbox

CLP-16
Textbox
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3.2.1.2 mamlasySwsuuuidiumiae (DFT)

a o o d < 1 P
lunenalamans miLtﬂﬁdﬂuiwﬂmmﬂnﬂu’JU(Discrete fourier transform — DFT)
& 3 = 3 = d o w - . A a
HIDUWAIITENIN miuﬂmﬂ‘iw‘ilm‘ui]”lﬂﬂ‘tlﬂ‘UﬁlG‘l (Finite fourier transform) ﬂammﬂawjﬁ
do o ot [ & £ 8 1 o 1Y as
witudygramaani ludoies dgnldediumwsnaeivaudumsdszuionadyy i
uazuineIestumMImsEiLIAuIImIAuvesdy i Idvinmsqudietis iWeud
o a =) . 4 o o
aunmswIsiFoaavivesisuiFoa (Partial  differential) n3eio 14 1n 130U T2gHY
. a o [~ 1 [ ! a a a o
(Convolution) 15 1emsauaayswsuuuaumiag ldegeiidsz dnsaiw Aremsuasyfsios
' 4 .
98149337137 (Fast fourier transform - FFT)
a o I~ ] ar a Y a o
namsuanfTiwiuuunumitevesdyyn X(n) AnsenlavineynsuySiesuuy
I~ ' . . ) A @ i o a "o
IAUNIY (discrete Fourier series 130 DFS) yoadgyanauiluaiu X(n) ffinuhidu N uaaq

ladaeunis (3.4)

1 N-1 : é)k
X(n) =— Z X(k) &N
N k=0 (3.4)

4 it " W = = é o i s ar at
Taon X(k) Anrdusz@nsvosoyn suysios dednnnldng Xm) munnuduiuses

quNIs (3.5)

L N ik
X@)=Y Kmye N

n=0 (3.5)

v a & ~ ar ] w 4
diosan X(n) Wilunilanuves X(n) uaasdiodianazii 3.2
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ITT?? ITTT? ITT‘H".

N n

(M

,,,,,,IMT?'rN,.,... :

(V)

LY L)

51 3.2 Aedaves (n) Fyaa X(n) uoz (v) Ty X(n)

" oas a & ja 1 1w 4 L [ & = '
ﬂ1ﬁnﬂszﬁmﬁﬂ51&§m€la X(n) Refauniduniianuues X(k) Laaifaqunis (3.6) ¥u50n71

a od 1
Han1sulagySiwsiumniiy n3e DFT

N-1 _'(2_")k
X@=Y x(m)e N, 0<ks<N-I

n=0 (3.6)

'
ar =

a '3 P Y
anlnafuvaves Xk) szudasoenilsznouninnuduesdynin Xm) NlAndenugaga

[

A4 A ' 4 o A o = a o af a Jd
nInmanNN ﬂmuuuﬂ (formant) 1uﬂmﬁq;fgmmuaﬂum ‘LﬂE]ﬁﬂEli‘ﬂiJﬂ"lil!,‘ﬂﬁﬂﬂ‘iw‘iﬂﬂw

599157 (fast Fourier transform %30 FFT) 1119 1unssuaa DET Taodmuald N ifuaisigs

Wy = e~J@/N)

VYDIAD4 LAz 2218 X(k) Tmeuauns (3.7)

N-1
X(K)=Y x(n) W§" , 0sk<N-1
n=0 (3-7)

[ = o ' o w " o = o @ 4
'E]ﬁﬂfl‘iﬁll FFT 9¢N1N134U8 X(n) E]@ﬂlﬂuﬁﬂdﬁ']ﬂﬂ&ﬂ’]"]ﬂu ADAIAUYDIDVUT (UNUn = 2r)

HAEEIAUURUAVA (UNUn=2r+1) TAeN 0 St S (N/2) - 1 Agaums (3.8)

(N/2)-1 (N/2)-1
X(k)= > x@) WFE+ Y x@r+l) W
r=0 r=0 (3.8)
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2 -~ o o o s
T8 WN=WNr2 9218 DFT $1uu N e flumasauvea DET §110u N / 2 90 apsdidu

LAAIAITUMIT (3.9)

(N/2)-1 (N/2)-1
X(k)= Y, x(2r) Wik, + W Y x(2r+1) Wi,
r=0 r=0 (39)

Fausozdrduaunsouonesnifunasuues DFT $117u N/ 4 99 aosdidy aunsziauon’ld
1T DET §7171 2 90 N/ 2 §16 ﬂszuaun15$aﬂ$§uqﬂ M3AIUIN DET 314U 2 30 UAA3
IR aerums (3.10) uaziosnn Wi =1 nag W2 =(D" 3¢ 1dmmes Xk) urasdaaums
(3.11) uaz (3.12) unudaonsiiGend Sanesvlats (utterfly) 18 s31 3.3 nazmsdiuan

DFT $1474 4 90 Laraeaagii 3.4

X(k) =x(0) WP + W [x() W] , k=0,1 -
X(0)=x(0) +x(1) (3.11)
X(1)=x(0) - x(1) (3.12)

x(0) | X(0)
x(1) > X(1)

511 3.3 n91UBIMIAIMIU DET $1u7U 2 30 (TnnesHaiy)
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G(0)

x(0) > X(0)
x(2) X(1)
H(0)

x(1) e o—p— X(2)

-1
H(1)
x(3) & > = X(3)
-1 : -1
W4

31N 3.4 ns1veeImsfMuIn DFT $119U 4 99

dmSumsinsieddyanadie DFT msiuanugndssussduniuduanlnasy hldlae
P o y & o s a cg 1 o ] 1 r::r
ivwavesmsfiuan DET 1diihu R 9a dedmangaiiiniusziludigud dredde luil
o ar o a °
LaAINIIAIIG DFT vosdaana laywesn y(n) Inmuauns (3.13) Taesimuald N = 16,

fl = 0.22 Hz, f2 = 0.34 Hz uaz R Iandaoun/asoin 16 3 D9 128 30
y(n) = (%) sin@ TT fln) +sin@ TT2n) , 0SnSN-1 (3.13)

103U 3.5 ssFunala i R iy 64 30 vunagegadsingidwmis k iy 13 uag 22

é o c: o o 4 "o

IMIINVAIND 0.2031 Hz 10 0.3438 Hz MUAIAY Hagh R 1M1AU 128 A VIAGEA
{ o , ' £ o o o w W

Y5INYAAWHMUL k MY 27 4o 44 Fan3aiUAMUE 0.2109 Hz 1Az 0.3438 Hz muIAY 111

=) & a g [ e = T s =
floo R IWNUINAU didnasuves y(n) ﬂi]ﬂ{]“ll‘uWQEIQfIﬂﬂﬁENﬂ’J']HﬂﬂU'N‘BﬂWH Hazuni

TndifveiuanuSwesdaygin
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b N=16R=16 g N=16R=32
! 1= — ? ' r )
: : ® | | ! ‘
5. | | | ;
{ ; ‘ 6 ‘
N | 3
=3 . .- - — g, *i
& : : * | & . .
: P P g Ll
E 2 : ; e s E . [ ]
l ® . ® i ‘ | 2 o | I \ t i pod
L 2 o S R S O S O oo ® o |1
ol A T N S olelele . 1P 1le ¢
0 2 4 6 8 0 S 10 Iy
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Windaw function (Hann)
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Window function (Hamming)

o2

samples

51l 3.7 dhansveasnile (Hamming Window)

k
wlk+1]= 0.54—0.46(:05(275—] , k=0...n-1

A (3.15)



24

Y s ¥ o Y o q Yy .
M3 lddansumihasuuil veuvesdeyavzgnanvuiaas dlddeyaviedau
v v
ol mmnsesawedeyamaril Tag lumsdaneugadoyauniu Iimseududeyadye
1 =} ' 7 s . 4& [} 3 9 as 9 =1 = n'/
1A 5UANNIFOUITY (Overlapping) vz 578 I doyadinensudumiowan Taonalns

Yy o o o a & & v a & o
FOUNVUU WNITMINATINUIVDIVUIAYAVDYA MIDN | 1“ 3 VOIVUIAYAVDYD
3.2.1.4 m3dSudaaiumaennud (Frequency Scaling)

1. mydSudaarumennuduuuveasia (Mel-Frequency Scaling)

& Y o A o (- a 3 &S 9 = o
L‘LIEIQﬁ]'lﬂﬂix'l_]?l‘uﬂ'liVlﬂﬂu‘ﬂﬂQMHHU%&NﬁﬂEm$1M1ﬂuL‘NQLﬂH INDIUNTITN

{ - a =] - o o =
Frequency Scaling 1Humsilasumnannudidaduldiduanudlusnanmunzduns 1o

¢ o = ] o 3 '
YoauyEo Hufea U luanaU LM (Mel Frequency Scale)  1aoTu339a108d10 91 1 kHz
' 19 v
UM UAUDINNANUT T U meqmmﬂwqammm:nfluuuu logarithm Ay

ANUALANUANUDITUFUTA MY FURUT AUMUAUNITN (3.16)

Mel = 2595 log (1+ freq/700) (3.16)
3500 4 F 1 : ;
3000 —{p--------- hemmennas hemmnees e b :
2500 {} -+ ------- besenees bemenens e e '
iy (| SRS SERRS .3 e TR— RS

@ 3 : : :

@ - i I :

T s | S S, Feneenas e
o0 .
SN - S S S S—

| A S I S [T
L L L L L L L L L
0 2000 4000 6000 8000 16+04

herz

1 v o  d 1 i a o P
511 3.8 A NNFUNUTITZHIANUATUTU (Hertz) FUANUDLD (Mel)



25

3
o

JunpumsUivamnannuduuuwa Aendssimioyaduariiunisuiaa Discrete

Fourier Transform (DFT) 3¢ 1dd0yaf18391um19A2108 (Power Spectrum) vesdyanandvs
v ¥

Vv
LY Y 2 o [ ° as '
wn udiainndSumnanianud Taen151h Power Spectrum WHFIUNINI0a Tauldganis

4 2 ' = '
ATOIAMNDUV VLA (Mel-Frequency Filter Bank) mﬁluﬂgmm Band Pass filter 711974

ANVANAIUININAUNITA (3.16)
1 a5 =) " - T 9 :f oA ° Y
MinseenNudAFyIuneylulamuanudoguaiiy NAoNMT1IMINIA1NYDINIS

ﬂ’auﬁuaamammﬁ ‘U'E]ﬂﬂ']iﬂ'iﬂﬂi.lu‘]u']ﬁml‘%}'lﬂﬂ Power Spectrum YDITYUIUUUUUIDY

1 v "
A1TNTOINNNDUVY Band pass filter HiRoVTANUAT1F HYIA19T U AN (Triangular

window) NUANYMEMsMAAUUIIAAIgL 3.9

1 —

’ =

i l l l i l l l l frequency
Energy in
M, m; M, |Each Band
MELSPEC
gﬂﬁ 3.9 Mel —Frequency Filter Bank
metmaveImsUsudadumennuuuuwa iWudagli 3.10
! tm oo
73
g a
5 ° o i ‘\
5| j I A
g ; L.Jj p [. o {
u ] P i
5 ‘ wui— f I"‘} : Ii '
2 T S
o oty P ;
o &3 i : v J ,‘
:’.E]i-'j i'
y - .
T s (] T I T R R T
' Mel
()

1 a 1 a o s 1
511 3.10 (0) wefadlaaiulumisudse ) winesmiaasulumizowa



26

=] ] a‘)‘ o o [ a
211U 1891 71519 Mel-Frequency Scaling 114 Won1nUSudaaiumannududa
daenunsoansiuaudoyan ldondae iesninmsgunnmesteyadinundasmumaoy

3 ;j W 9 &
HU L umsmmtmumauﬂaﬂﬁ:mﬂwua

2. madSudadumaennuduunugnudoagula (Octave-based Frequency Scaling)
=2 9 [ s 1 P a = &
fudhimsdiudadiuaiuanudveana wimuziumsdssuranudoa laona Ty
wimsdFudadruuidveguiaiumnzdumsdszurananisauniunnn i Taslimsuii
gIuA amﬁﬂamflu 0Hz-200 Hz, 200 Hz- 400 Hz, 400 Hz-800Hz,800 Hz -1,600 Hz, 1,600-3,200
Hz,3,200 Hz -6,400 Hz,6,400 Hz -12,800 Hz,12,800 Hz -22,050 Hz
0‘-" 3 - kY Y c; c; (=1 9 ar
Tunoum i1 Aelduiade@ivaoy (Rectangular Window) tuu lifin1saouny
as é 1 { o 1 ) 0‘)
(Overlap) 41171 Power Spectrum FaAfonsmiAundvvesdyaialuudazdraniume ns
td 3
ar s i = 1 s a ] [} = é ]
YFudadmuuuil 9299990151050 As0gUUMSAIUIMIDVABNTTING M 2 FIR1991AN13

Ysudadiuveswanidiuaemiiugiu 10 dueasluzih 3.11

A 4

oo © o o
oo o o o
cisr oo =} ~

) ~

Frequency (Hz)

- Y 1 oA A A oy aa
Eﬂﬂ 3.11 ‘Izﬂ‘l’ﬂ\?ﬂu’]G’I’l\1ﬁl‘HﬂfJiJﬂLLUQ"]f?Qﬂ'JUﬁLﬂﬂﬁﬂﬂﬂ’]ﬁﬂllﬁ’]u 2



27

3.2.2 MIAIANYUIAY (Feature Extraction)
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3.2.2.3 3alNUATUNIIANND (Spectral Histogram)
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Tuil a1, 1972 $15UAUY09 Teuvo Kohonen  wosun1iendomaTuTad Helsinki
Frns e afunaud 1d3amsdu Tasedelszamsaunguanuamnsaluniseas uaz
g Iawanna iy Self Organizing Map 1 aorilaonssuves Tnsalssmmifiouria
Self Organizing Map T115zneudauiuam 2 Ju fe ﬂ?uﬁuwﬂ uAz 1 1YHM msidouToaiisy
§uw°n"lﬂﬁ’aﬁ'ssauﬁgmmﬁvmﬁuﬂwiﬂrhmfmﬁ'n Jouand1991nInsaviudu Ao
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ﬂﬁﬁuui’uumﬂuuﬁﬂﬁﬁﬂ (Competitive Learning) Tﬂﬁﬂ‘ljwﬂi:ﬁ‘mlﬁﬂﬂ‘}fﬁﬂﬁygﬂﬁﬂﬂi%

IAEINUNITIATIAIYA (Speech Recognition), N15uATly1u89 “Traveling Salesman Problem”
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madmInsevisszam 10l .. 1985 American Institute of Physics 1A3A411 Neural
Network for Computing Meeting 133 A7, 1987 Institute of Electrical and Electronic
. Yar a a as 1 = 3 ﬂ 3
Engineers (IEEE) ladanisdszauuiuiananeiilnssvisdseamiioviutuniusn

= L} 1

Taofgsamamnnna1 1,800 Ay TuTlifioaiu Intemnational Neural Network Society (INNS)
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nAoAatiu Tasil Grossberg 1INaM3ToI3A Kohonen 91ALLANA 10z Amari 3 1ndtjuiily
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firlunisneds Taondainii INNS Aeaeld 21 Allaandndisauuinndl 3,000 A
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4.1.4.1 Tnsanenlszmminienyiia Back —Propagation
apunguananih iifayatouvesInssiedssamiiouio anuranaia
: = = 1 ! Y Y o Jd @ =
Y94 Perceptron  FuiAwN immsaudilayvn lududeuld iy Haddu XorR  wazdn

= g

a 1da 1 = u’: ads o @ X " - a
L'ﬂﬂﬂﬁﬂﬂE!‘hlln'ﬁﬁlﬂﬂ'ﬂu.Iﬂﬁﬁ‘ll'lﬂﬂiﬁﬁ‘lﬂwlﬂﬂﬂﬁ'lﬂ‘ﬁu ’J'ﬁﬁWHiULLW'i‘UBlaI‘ﬁﬂ'IWﬂWﬁW]ﬂ

W
Tnuaeniyndoundu liduaouldgndunulas Paul Werbos 1udl a.ar. 1974 ud'li'ld

’ & mad > .
nszwldosnandeune  Ga3siignAunudaaialuil a.a. 1985 Tav David Parker uaz
" 3 9/ = | df ada a = '

LeCun nowulyesnsninavne wSvuwiouiluisaausnsulunguiaiuguedianung oy
(Optimal Control Theory) 1uT a.#. 1986 91w Parker AawIiuRaulvvoINgY Parallel
. . . - I v a a 5 a o . P
Distributed Processing 911191 Tav1in90 N1 David Rumelhart ¥9IUMIINGIAY California
d‘ . = a T & 0 Aad v 1

W Sandiego 0¥ James McClelland ¥93UH1INUIAY Carneigie Mellon Fj“ﬁdﬂ??ﬁﬂdﬂﬂW’]llT
Ysulgalvavunazgnldedisninunslunarenn nanmsveslnsaiwlszamifiouaiia
J o @ a { 1 a o o a
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Tasenuaee ldethanannate

4.1.4.2 TassvnedszaniMensHa Hopfield

103l A.7. 1982 John Hopfield haufigarsumalulad Califomia wioumy
David Tank n3367 AT & T Hopfield ldwann Tnsatrolszamitoninlszaunnudusa
Wuedredlunmlnsetelssamifionsin Hopfield denald John Hopfield 185us19¥a
Tumammﬂﬁnfﬁmz"lﬁ’ﬁ'mm%"mu‘uaﬂﬂNﬂhﬂﬂszmﬂLﬁﬂnﬁugmmdau{mﬂ'ﬂmﬁ
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dutsdununele ¥y “Traveling Salesman Problem” uaziv1 ldinausunannae
National Academy of Sciences FaidomiArarumalFlnssoszemifioslumsing

daunvane lvesdoyansoznm

4.1.4.3 Tasevedszamifensiia Neocognitron
Tudl a.¢1. 1975-1988 Kumihiko Fukushima LagiWaUIINIUNHRINARDY NHK 1u
a Y o ' a g 9 5 o o v w 4
nyalafies Tawauasega lasselszamiiounldaummwizdmsumseasididnusnils
¥
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¥
wnirfeunniounaiitldgnudludaeTassthedssamifivusiia Neocognitron
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4.1.4.4 InsenedszeniNenyiia Boltzman

Tud93l aer. 1983-1987 Wndsonarovuldianinismansen Tvanazfaddu
nszdu Taolddassunnumunnivyesnnueziiu (Probability Density Function ) #1991
uiiinoz 19101 Nondeterministic Iausann Inseviodszamifionluumy Boltzman @4
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Msandulaves UULEU (Bayesian Decision Theory)
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Input  Neuron without bias Input  Neuron with bias
£ % A " W & b
o " Nb‘f a’ P o ”-}Z ”)f a’

lﬁ?
W J /! J

a=finp) a=flup+d)

51/ 4.3 uuuravavesiizsouhil 1 duwy
4.3.2 1U1003v89HITOUNNRABOUNN
a Aaa a 2 a A oy
fhsouniidunm “R” ya uaaslugyi 4.4 lugdii duwn P PP, gnioUADIY
v a L. : LY @ a o ar U [ 1
fuiaseudromarniminzgasandidududuynvesilandudiwlon «n” Asaunisi

(4.1)

Input Neuron w Vector Input
)

Where. ..

R =number of

SH fH-»  elementsin
lb R input vector

a=fWp +b)

514 4.4 nuuHasvesiseunivawsunm

n=P*W,, ¢B * W, ¥t B ¥ Wi +b 4.1)
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4.3.3 ﬂdfﬁfﬁlﬂ‘sziﬂ (Activation Function)

o @ £ o ' [ o w 1
HanFunszqunsemisdouiuduisondl #aA%un15010 ToU(Transfer  Function)

[ @ o 1 o d w e; v =) =1 v
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da o 0’ 2 3 “
3. Wan¥uBnuouA (Sigmoid Function)
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4.3.3.1 Competitive Transfer Function

Input n Output a

a = softmax{n)
Compet Transfer Function

C

g‘l.]‘ﬁ 4.5 Competitive Transfer Function

o as
aumsilangunszdu fio

l:i=1i
a(n;) = o o (4.2)
Y £
4.3.3.2 Hard limit Transfer Function
a
M+l
=
— [
S e

a = hardlimin)

Hard-Limit Transfer Function

g‘dﬁ 4.6 Hard Limit Transfer Function

|

o ar 9
ﬁuﬂ15‘WQﬂTUﬂ5$ﬂu 19

1  n=20
a(nl)={O if 4.3)

n<0
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4.3.3.3 Symmetric Hard Limit Transfer Function

a = hardlims(n)

Symmetric Hard-Limit Trans. Funct.

gﬂﬁ 4.7 Symmetric Hard Limit Transfer Function

< o 9/ A
ﬁﬂJﬂTﬁﬂQﬂTuﬂigﬂu D

i )= 1 i n=0 4.4)
el =] 1 n<0 -

4.3.3.4 Log sigmoid Transfer Function

L

a =logsiging

Log-Sigmoid Transtfer Function

gﬂ‘ﬁ 4.8 Log sigmoid Transfer Function

=)

o 9
aumsiansunIzau Ao

= (4.5)
a(n) Ta e—kn



46

4.3.3.5 Positive Linear Transfer Function

........................

a = postinin)

Positive Linear Transfer Funct.

= oz ; )
g‘d‘n 4.9 Positive Linear Transfer Function

=)

o 3
auMIlaInFunTEAY No

@) n " n=0 4.6)
am )= 1 3
=10 U on<o
4.3.3.6 Linear Transfer Function

a

Myl

~
0 = 74
.............. . L-_

a = purclin{n)
Linear Transfer Function

gﬂ‘?} 4.10 Linear Transfer Function

o ar Y =)
AUMIAINFUNTEAY AD

a(n) =n (4.7)
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4.3.3.7 Radial Basis Transfer Function

-~
-

+0.832
a = radbasin)

Radial Basis Function

gﬂﬁ 4.11 Radial Basis Transfer Function
< o 3 =
aumIsNanNFuUNITAN Ao
_"2
a(n) =e (4.8)

4.3.3.8 Saturating Linear Transfer Function

a= sathinin)

Satlin Transfer Function

gﬂ‘ﬁ 4.12 Saturating Linear Transfer Function
o ¥ =
aumslanFunszay Ao

0 n<0
a(n)=4n if 0<n<lI (4.9)

| 1<n
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4.3.3.9 Symmetric Saturating Linear Transfer Function

—lg 0 -I-:l. ’ 7£

a = sathimsinl
Satlins Transfer Function

gﬂﬁ 4.13 Symmetric Saturating Linear Transfer Function

o o pY A
aumINenFunIEAU Ao

0 n<0
a(n)=<n if 0<n<] (4.10)
0 1<n

4.3.3.10 Soft max Transfer Function

Input n Output a

-o.SI L I L
0 1 D5 017 045 0.1 028

a = softmax(n)

Softmax Transfer Function S

gﬂﬁ 4.14 Soft max Transfer Function

A

a o ¥
aumsilaindunszau Ao

= (4.11)
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4.3.3.11 Hyperbolic Tangent Sigmoid Transfer Function

a = tansigin)

Tan-Sigmoid Transfer Function

g‘l.l‘?l 4.15 Hyperbolic Tangent Sigmoid Transfer Function

7o v &
auMsaNFunszU Ao

] -et™

4.3.3.12 Triangular Basis Transfer Function

Al

a = tribas(n)
Triangular Basis Function

§1lﬁ 4.16 Triangular Basis Transfer Function

&

4w y
f‘fllﬂﬁ’mﬂﬂ“ﬁuﬂizﬁlu F19

I-|n| -I<n<l
a(n,) = if (4.13)

0 otherwise
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ﬂﬁ'udﬁauwqmsﬁau"lﬂi’fnwﬁﬁnﬂ%’"a WiemAnewiwnvealasstiodszamiionlmi
nlSouisufuaneiymihning wazdniiumsyiusdaniminludanvesmsunsa
Hounduiuil ﬁﬁ’uﬁ’u"lﬂTﬂui’ga‘l”nwmmiﬁm'Jmmfhmmﬁﬂwmmm:ﬂ%’uﬁymﬁ'm)zm
suitude lsunszitaimanuianaadinhiidimua BamidwdaSimganszuaums i
dhathmini Idezfumfmuzaudmiunnguesdunnuazauilmue unsfinaon
Tnsetodszamifonsidauwsmfoundy mimulIsmInNuAanAIATINYBII0E M1A
MNANNAOUDIMAANAIABAMIEIADY (Mean Square Error ,MSE) sEn e uRuRes )

Aunadwivealassiodseamiion ') Asaums (4.32)
1 X 3 3N
MSE :EZ(ti ~a;") (4.32)
pr

Tagfi N= Saugedoyarindeou

Tuduneumstsunimiinina e Li‘luﬁﬁ'ﬂmiﬁugmuﬁazﬁﬁmigumaum5
Jsuadraimiinuazs lunoaveamsiinaeuTasaiiolseamifionsila Feed — Forward
Neural Network 1a81% Neural Network Toolbox 'L%uﬁﬂmﬂag 21T Levenberg- Marquard
Algorithm, Resilient Back-Propagation, Conjugate Gradient Wudy udazdteziidsed@ninm
uazausraialunisinaounandlafua uszyly Neural  Network  Toolbox:
Backpropagation: Summary &u Scaled Conjugate Gradient éuﬂuﬂ‘szmwﬂﬁwmmsﬂ? U

¥ ]
¥ MiInIUY Conjugate Gradient UMMz auNgA AUUUTZIAN Pattern Recognition 7l
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o ' u’ [ J a’; o o o (Y e

fruauaniminuas Tnualuudazdu S1uauunn Tasannsohan 1Az aneqfu Resilient
add " . L]

Back - Propagation MAgL19%iM159n71 Levenberg — Marquard Algorithm (lulaseisviuia

Twaj) Tuvnizh Scaled Conjugate Gradient 19ntireanuiwiosndt uazldnnugndeaninat

a - d 1 J’ o o @ n’: a U :’ ar 1 ot Y
TunudneninusiauisnhidivsusuaeumsUsuorniminuaza luneads i 1d

r : L7 ¢ . -

4. m3dFumernhwiipuazm luseanuuaeuginnuNsAEUN (Conjugate Gradient)

= ar 1 " oy @ 1 o ) 4

FEnsdsumarniminuazar luuedununeugnnunsoun gawmuInNe
udymimssiuiundudou 1103500916 U Newton  InaauiAnisanasuuuidenes

. A 5 9 ew gl .
(Quadratic termination) HIABINITNITATUIN agwuﬁauﬂuﬁ 2 (second order derivative)
4 a =1 . " y o o o Wy
ROMT WNSAUBUTATOU (Hessian Matrix) (adisausdmaunn tuunvazilu 1yl 1dme
p o s L dy 9 9 =3 9 Y o :’ ar
Nezfwaneywusouduaeail lanua msizlumsldnueieszaoslgiganimin

3 = a dy ¥ ad = u’dy:? 3/ 1 Y 4
Wunarwdesfanareiuiaon 14 35vosnouginnunsi@ounid Saldmsiszumneyius
V.Y 9y o Hq ¥ 1 v do o 1
BUAY 2 A28 MIMUIUN HNEWA DYWUTOUAD 1 (Gradient)

b
as [ ° ar ' = 4 as
msﬂsummamﬂumm3ﬂ1'l‘uuammmaugmmmsmuuw lﬂuﬂﬂﬁnﬂﬁ (4.33)
X = X + 0Dy (4.33)

= g/ g a [ [~ § A o =

fmamsAunniueed p, Wigaisudunazisngm p, sulvud ldieez i ld i

v o 9 b ) 7
NIAITAUNIAIRIN (Orthogonal) A Ag, INTIERLIUITA WSO IFNUDI ABUYANINABS

(Conjugate Vector) agunuiulidau Tagia lufememsdumazisududionsld gan

ﬁﬂﬁEIﬂ (Steepest Descent) oy
Po = (4.34)

¥ ¥ v Y
nminlumsfadazasusnzadunnaes b, Adenindy  {Ag,,Ag,....Ag, —1}

Woudluaunisesnssielaidiu
P, =-g, +B,P, (4.35)

FUA1A98D 9 (Quadratic

=h.
(=]
ee
- )
e
=
)
De
=
HAaq
=
=
e
—
e
De
E
=¢
Lo
Da

M B, tawsan lananaisnis

Function) 1
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Ag! g
By = —tt (4.36)
Ag o P
dUN15UDY Hestenes and Steifel
T
By = --——Tg“g“ (4.37)
i B
UN5U0Y Fletcher and Reeves
A T
By = Wf“"gk (4.38)
g, 8k

AUNTIIVON Polak and Ribiere
u’; m U U :’ ar o 9 ar ;
Tastuasumsdsumarniminauisoilaaail

1. AoNNANIINIAUMINANIINIINAIAUYDY Gradient AIAUMT (4.34)
=) w = g/ . P ° g o
2. 1AONBAINITEEU] (Learning Rate) ANaunIs(4.39) Nozyilndengunis

a9 A
HINAIUDINTANINAUNT (4.33)

ngPk

= (4.39)
P, AP,

ak=—

3. donfitmuamsaumiae I Taofuan B, 9naun1s (4.36) , (4.37) 30(4.38)
9 [
4. Sihmwduseudfinann uda liannsaildsmeugid (Converge)ld

¥ N
TndulUvdunoun 2 Tny

U H ) ' ad a ¢
5 msﬂmmmmmummzm'immmﬁ ANAADHILNNUNIIABUN (Scaled-
Conjugate Gradient) [13]

¥
u Conjugate Gradient N151523184A1 Hessian Matrix AP, 1u1 Taolv

VF(X, +6,P,) - VF(X,)

Oy

AP, =V2F(x, )P, =

Dxa, <l (4.40)
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ANUFUFOUVDINITAIUINNN  ONI)IEAAAUHAD ON)  WuABI1 luADIA N

. . v w 1 1o v ar { =] ° [} ¥ a '
Derivative  BUAVT 2 INGAUARIUINSUADT 1 Awo msnusuiidunisanlsunioy
) ¥
AMUIINADI 1 FAUINUAZAATUADUNITAIUINAIDEININ
= o o g o Y]
Femssmanil 18gnilszynd 19 Taons 90U Feed-Forward Neural Network 1139 HAN1S
1 9 r=1 [l " Y - 9 oA ad qw
naaoulsIng 1 dumad unusznnnsdivaz lannsagimaansi a merande 35msil

1 Vv
1 ar § 2 1 ar 1 o o &
150191470 Hessian Matrix Miuuanmnin uazn15lszuaaiideas (Quadratic

h.

Approximation) iy inuag1e 1 Idiaoiy yaisuduiiog lnaningadigaidesnisuing

QU

'
a8

¥
Lavenberg-Marquardt ‘ldufilayiii Tasmsiius A, aalTuaunis @.41) iy

VE(X, +0,B, )—-VF(X,) AP
KTk

S, = AP, ~ (4.41)
Oy
dmsumsdium A, 18 Taomseidyanyaives 5, snaums (4.42)
5, =PTAP, =PTS, (4.42)

v y = o . H CL - 44 &
81 8, <0 Tww A udrdmnm s, Inudnads udauSondn Se uaz A, NNy

- ¥ —_
15UNI1 Ak ANUU Sk vl l@saums

Sk =S, + (A —A, )P, (4.43)

ﬂﬂ"hlf]‘llﬂ% Lavenberg — Marquardt TR A HUUAINEID 1M N Hessian Tadluaruan 35ms
L4 v 1
fhldsmaaiezdeuin d, i nsteez lidld 5, >0 uAvSwdusriawsama A, 0

vwzdula Tasaums (4.44)

2
k

= . - - 5
8k =PSk =P, (S, + (i — M )P > 0=hk >, ~|_-L (4.44)
P

y

[~/ ] ] A o a 1 o
NAUMS (4.44) A5zl s feesidusmnmunzgay Mowidd ldansomaaeula

[l
=

' w ' ' 4 " 2 o oA 4 =] g
udliuFanund A, ngiuegiu A, 8, uaz|P,|” Audennilifigiimananio

A =20\, —ﬁ‘—) (4.45)

2]
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ciy ° Y a
AuMs (4.45) Hagi 1ina

Bk =S, + e~ A =S, + @0 =22, =X )[R = =8, + M B[ >0 (4.46)

[P [*
& w a v ulsfﬂ
INIFIERSHU ﬂﬂﬁ]ﬂ]ilﬁﬂuz%g UL

_gIPk

=— Sk'k (4.47)
PIS, + A B[

ay

[ o o o oy a o = y g 4
Taoa1 A, szdsvvuIavesdnsmsiGoudlasass 83 A, wIndasMsiouiiziosns 9
v ] '
asanuAuAoIn1s lududunld A, asldluaunis idesnin A, UJSuvuIau09 Hessian
¥ ¥
Matrix 1nt9ouIWs 12921UN151/520101 Quadratic Function 1ue1992 1414 lufuinTuuiaga

2 ‘TR .
dhdeams Iiasdszananiuldanu1dfisnedoaiin A, Yuiilo Hessian Matrix figuiluuan

_ VF(X,)-VF(X, +0,B,) _25,[VF(X, +0,P, )]

k = (4.48)
VF(X,)-VFE,.(a,P,) =PrE

A Aodriad VE, (o,B,) dszmmsmmu VEX, +o,B) 1ddifiosla 14, idhlnd
1 d 1 ] ] a’/’ q’: N w ]
milanudaiinsdszanadldlndifeaniniu msizagiusieelameulumsdSua A,
i
imuanlay
: 1
if A, > 0.75then A, = Elk

(4.49)
if A, <0.25 then A, =4\,



~
unn s

L
o

VHADUNTINAAD

nsuondszinnauaion Tulidiuauiselszinnmsisigduny (Pattem

& oad . o
Recognition) mﬁmuﬁaumsmamﬂagﬂ 5.1

/ Audio Signal /
y

Pre-emphasis

A 4

Short-Time Fourier
Transform

A

Frequency Scaling

Y

Feature Extraction

A

Training set data

A 4

Testing set data

Training Neural Network

h 4

Trained Neural Network

Y

Results

A o -y ' -
g‘lj'ﬂ 5.1 ‘lJuWﬂUﬂ'l'i!LUﬂﬂi3!.ﬂ‘ﬂﬂu9]5ﬂ')ﬂiﬂﬁﬂ‘lﬂﬂﬂ‘i$'c'f"l'Vl!.'YlUlJ
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Power Spectrum i

0 5 10 15 20 B 30 3B 0 4 0 Nymber of Features

g‘ljﬁ 5.2 ADBY Mel-Frequency Spectral Mean U93/W0d Hip-Hop 100 (W04

Power Spectrum 8

0 5 0 15 2 2 = » 40 5 s Number of Features

gﬂﬁ 5.3 120019 Mel-Frequency Spectral Mean Y93Wa4 Jazz 100 INDY

Power Spectrum ®

0 5 10 15 20 25 30 3 40 4 50 Number of Features

gﬂﬁ 5.4 A28 Mel-Frequency Spectral Mean ¥8UWD9 Classic 100 tWa4
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Power Spectrum

Power Spectrum B

6 5 0 15 20 ¥ 30 33 0 45 50 Nymber of Features

gi.lﬁ 5.6 10U Mel-Frequency Spectral Mean UY99lW94 Folk 100 iWad



E
g
3
a
7
b,
3
5
&

Power Spectrum

Songs

gl‘ﬁ 5.8 170819 Mel-Frequency Spectral Contrast YBUWaAN Jazz 100 IWAA
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Power Spectrum

g‘l]ﬁ 5.10 A29819 Mel-Frequency Spectral Contrast YD3Wad Rock 100 WA
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Power Spectrum

Power Spectrum

Number of Features **

31|ﬁ 5.12 A7901 Mel-Frequency Spectral Histogram Y8UWa3 Hip-Hop 100 (W34
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Power Spectrum

Power Spectrum

Number of Features “®

gﬂﬁ 5.14 A19E19 Mel-Frequency Spectral Histogram Y834Wa4 Classic 100 1IN0
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Power Spectrum

Number of Features “mh\a -./'(A/w""w

MW T T W Songs
0

Power Spectrum

gﬂﬁ 5.16 $179819 Mel-Frequency Spectral Histogram Y83Wa3 Folk 100 iWa4
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5.1 MIAIMTMIUNINARY

5.1.1 deyaanded (Audio Signal)
Tumsnaaeesz 14 Audio Signal 310 TWALIWANE WAV.
& o e ' [ ;:ly
F0INUsTNOUAI AT
BR3INIYUAI0E19 Sampling Rate = 44100 Hz
BDINYY 1M Channel = Mono

ANVUALIDUA Resolution = 16 Bits

9/ =5 v
5.1.2 yadeyarnaeunazyadeyanaaey
aq Y - ' 2
maan ¥ lumsnaaesiavua 1,000 wae uvadlu 5 Usznnuuiauas
18uA Classical, Hip-Hop, Jazz, Rock itagFolk Uszinnagz 200 was Tagldiiy
Foyarndou 100 twas (50%) uazgadeyanaaoudn 100 mas (50%) Tavmas
e’: dy (=1
mwmu"lﬁ’mmmm"lmﬁ www.download.com 0¥ www.amazon.com #1U
=1 v o 9 é ) =
Uszinnaunsnannasams salsenausielssnnauasseorainvaivlszinn
Taufaredoyanadnani 5 viou neuas 10 3R A 15%, 30%, 45%,
60%, WAL 75% YBAANUNANAY W lFlunsdnuaIALIDINaY 1 1Wad

3y > V) e a a
uaznanesldloyamasiunasiuduentszalseinnitilss@ntnmgage

5.1.3 Mstduihmineney (Pre-emphasis)
Tagldm Pre-Emphasis Factor = 0.7 o l¥ 1A Cut-Off Frequency 2500

Hz

5.1.4 mauasyf3e31un99m1d4q (Short Time Fourier Transfer)
TFu1au0anTiA1 (Window Size) = 0.2 Sec
YUIANISIHOUNTIIA (Hop Size) = 0.1 Sec.

AN IMNINAI (Windowing) = Hamming Window

5.1.5 Insevnedsyaninen ( Neural Network)
Fiaund 1053910152 @M 0N = Feed Forward Back-Propagation
%1IAvBINISI5uUS = Scaled Conjugate Gradient
$17U Node A Input ﬁuagﬁuﬁﬂymmduudawﬁﬂ
91U2U Node ﬁ‘i?u Output = 5 Nodes

v
Function Y94%U#M19%) = Tan Sigmoid
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T output iuilszianauns s Uszinnuazusas Node vz I8 uthnuoiiv
d o’: ' =1 g
Lifloszuugninaeudivdszinnauaiiuqg uazI¥authmunediu o Woszuugn

=< Y adn 1 o o
Hnaouaulszinnaun3n hins iy Output 1Y

Lr Y L=
5.2 olsaunazanlsay

dy [ Y U :; o Y d'l =3 Yy
AInaaeIl yarnwianyuzauniziin lsmeusnlszinnauas vl

Hd
@

Uszaninm Teslddusdudail

5.2.1 fanseru
1. Frequency Scaling
- Mel-Frequency Scaling (50 Mels)

- Octave —Based Scaling (6 Octaves)

2. Feature Extraction
- Spectral Mean
- Spectral Contrast

- Spectral Histogram (10 Frames of sampling)

3. Suvudeuvelnsselszmmman
o 1] = U r:!
4. 31174 Node voalnsavedszamimanluunaz ¥u

o =5 1] =
5. DIUIUTOUVRIMSHnERU lasevaszanimay

5.2.2 famlsau
Vv
Msiananmsnaaodld daunlsaudeil
v = Y =
i mmgﬂﬂesﬂum:mum]szmmumamqﬂmayaﬂnmu

2. anugndeslumsuendszinnauninnyadeyanageu



UNN 6

WNaN1INaaol

nanINAaeItana Wuransnaassnnnsaldoudalsduio maliudadau
MIANVD AAYUTIAUAI SusuvesTasaiodssamidion $1uam TnuavosTnsaie
Uszamidion nazdmuadalunisinaou Tnssiodsyamidion Taosenoylugaeild
Uszansnmlumsuonszianausiiiauls

Tumseft 6.1 81 6,37 udeyarudaldnnnismanesd 4 ada Taonrs1eiie.37 il
Namnms‘nﬂaaﬂ%’ﬁagaﬂﬂﬂauﬁ"lé’finﬂmawﬂﬂﬂﬁau‘ﬁguwm Tumisneii 638 fonsns
Wisuwamsuonisznn Tasdasinmsdfudadiumennuiuasdnyaziausaandiag T
M3l 6,39 fomssasusuilsz@niamlumsusnilszinmauniqega 3 Suduusn Tavld
wsduAen A9 6.1 59 6.36

Tugalft 6.1 4 6.6 ifunsmuaasmsSoufsunnuansalumsuondszinnauas
Tunuanaaneg uazfSoufounannmsiiusausuvealaseiiolse amidion S

¥
TnuavesIassiedszamimoy wazsmauasilumsdnaou

M3199 6.1 AT1INAMTLEAUITLANINAIAIWAAY ULIAN Octave-based Spectral Meantiaz

Y a 2 g > o
Tasaiwszaniion 2 94 Tasdisuau Tvualudunsni2 uasyunana2d Tnua

{uudutay = 2 Swuluualuduusn = 12 druauluualudui2 = 24

duausaulunistnasu © 50 100 300

WUANA R EEIEEEEEIEHIEIN IR

g3 g dlg 8 g C|E|8|8|e|x

HipHop 82.210.93|0.93|13.1| 2.8 |66.1|8.26(1.83( 22 |1.83|72.1|5.41| 1.8 |17.1| 3.6

§ Jazz 52.6|7.76(25.9(3.45(10.3|4.46| 42 |126.8|17.9|8.93|16.7(19.3|13.2|3.51|47.4

g Classic 3.7 |4.63|82.4|2.78|6.48] 0 |3.85|93.3{0.96(1.92] 0 | 2.8 [86.9|1.87|8.41

2 |Rock 557| 0 | 0 | 40 |4.35/69.2|8.41| 0 |21.5/0.93[17.8[467| 0 | 72 |5.61

E Folk 30.5( 1.9 |136.2|15.71|25.7|0.87|22.6|148.7|10.4|17.4|2.97|7.92|11.9]|1.98(75.2
Average 47.62 48.04 65.10

HipHop 83.7(1.92| 0 (14.4| 0 |71.8|3.64|1.82|22.7| 0 |70.4|3.7| 0 |22.2( 3.7

*‘O,g Jazz 46.5|6.14|32.5|3.51|11.4(4.27(35.9|37.6(17.9(4.27(18.5| 21 [13.4|2.52|44.5

g Classic 5.45(5.45|78.2(1.82(9.09]1.94|1.94/90.3|1.94|3.88| 2.8 |0.93| 85 |0.93(10.3

E’ Rock 63.9| 0 0 |34.3/1.85|73.7|3.39| 0 [229| 0 (13.9|4.63(0.93|77.8|2.78

E Folk 33.6(0.93|32.7|1.87|30.8]|0.89|28.6(50.9|6.25|13.4|1.96| 9.8 |11.8] 0 |76.5
Average 46.62 46.86 66.13
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5190 6.2 A1519HAMIHINUTZLNNNAIAIUAAYUEIAY Octave-based Spectral Meaniiay

¥ v v )
Tassvwdszeaminon 2 $uTaolitau Ivualusunsnig waz¥unad 36 1rua

druauTuteu = 2 susutuualutuusn = 18 smaulwuslugui2 = 36

drausevlunstinaau 50 100 300
o o o o o )

WUNAY §§§§§§§§§§§§§EE

HipHop 74.6]4.39(0.88|19.3|10.88|73.6|7.27|0.91{9.09(9.09|69.4|8.33(0.93|20.4|0.93

§ Jazz 10.6/15.4|34.6| 24 (15.4]16.8|22.1| 23 |7.96/30.1/13.5|35.1]9.91|10.8(30.6

g Classic 1] 0 [91.3/2.88(5.77|0.95| 1.9 |85.7/0.95/10.5| 0 (0.93(90.7|2.78(5.56

E_’ Rock 7.84|2.94| 0 |83.3|5.88| 11 |7.34| 0 [79.8/1.83|13.5(3.85| 0 |78.8(/3.85

E Folk 0.93(5.56)|44.4|23.1(25.9|7.55(15.1|28.3|5.66|43.4(1.87|18.7|7.48(3.74(68.2
Average 58.11 60.94 68.48

HipHop 75.9|2.68| 0 |18.8(2.68|72.3|3.57|1.79/16.1|16.25|76.6(5.41| 1.8 |14.4( 1.8

% Jazz 12.6/16.8|38.7(18.5|13.4| 13 [23.5/27.8|6.09(29.6| 14 |27.2|13.2|5.26|40.4

% Classic 0.93| 0 |925/1.87(4.67[0.94|0.94/82.1(1.89|14.212.88(0.96{83.7/1.92(10.6

2 Rock 9 2 0 | 87| 2 (11.2|10.93] 0 | 86 |1.87|8.26(3.67(0.92(83.5(3.67

E Folk 1.72|3.45|48.3(18.1|28.4|9.62(16.3(26.9|1.92(45.2|2.83| 16 |9.43(3.77|67.9
Average 60.13 61.81 67.77

M0 63 A151INANTHENUTLIAMNAIAIWTAYMEIAY Octave-based Spectral Mean

v EY Y '
uazInsevrodszaimiion 2 sulaelisuiuTvualudunsn 60 wazsunans

120 Triun
§ruaututeu = 2 druailuualutuusn =60 Swauluualugui2 = 120
Fausaulunistingau 50 100 300
a o a © a ()
HipHop 77.1|7.34/1.83(10.1|3.67|73.9/9.01| 0 |16.2/ 0.9 |79.4|561| 0 | 14 |0.93
§ Jazz 10.3{51.7| 19 (12.1| 6.9 |14.8({33.3] 13 |8.33(30.6/13.5|37.8|9.01/13.5|26.1
g Classic 0 |6.73/88.5/3.85(0.96] 0 |0.96|89.4/2.88|6.73| 0 | 1.9 |89.5| 1.9 |6.67
2  |Rock 206(8.41] 0 [ 71 | 0 |18.3]6.73| 0 |72.1|2.88|14.2[1.89| 0 [80.2[3.77
E Folk 4.72|43.4/17.9|10.4|23.6{4.85(17.5(10.7|9.71|57.3|2.94|19.6| 7.84|5.88|63.7
Average 62.37 65.21 70.14
HipHop 77.9|7.08/|0.88(13.3(0.88{76.6|4.67|0.93|15.9(1.87|78.5/|5.61|1.87|13.1|0.93
§ Jazz 13.1/53.3/16.8(8.41|8.41]|15.3(28.8(13.5|5.41(36.9|17.9|29.5|13.4|8.04|31.3
g Classic 1.89|7.55|86.8(0.9412.83|12.86| 0 |85.7|2.86(8.57| 2.8 | 2.8 |83.2| 2.8 |8.41
2 |Rock 19.6(3.74| 0 |74.8|1.87|14.6|3.88| 0 |78.6|2.91(|9.62(2.88| 0 |84.6|2.88
E Folk 3.64(42.7|18.2|5.45| 30 [2.75/11.9| 11 |4.59|69.7| 1.9 |15.2|7.62(3.81|71.4
Average 64.54 67.91 69.44




76

TN 6.4 MTNHANTHENYTLAMINAIAWANYULIAY Octave-based Spectral Meanlloi®
3
Tasavdszenmiiion 1 ¥u TaolidauInua 24 Tvua
druauTuteu = 1 4ruaulwualutuusn = 24
Fususaulunistinaay 50 100 300
=Y o =Y o o o
WUTNRY %gggé%ggﬁgﬁggggé
HipHop 486 18| 0 [495| 0 | 79 |4.76] 1.9 [13.3]0.95]75.9(1.85|0.93|15.7|5.56
§ Jazz 22.9]17.4|38.5(15.6| 5.5 |12.414.9(14.9| 14 |43.8]21.7|9.57|9.57|5.22|53.9
g Classic 0 |841| 85|28 (3.74] 0 0 |92.6/1.85|5.56| O 0 |89.4| 0 |106
8 Rock 9.35| 2.8 (0.93| 85 |1.87|17.9|4.72| 0 |75.5/1.89|18.9/1.89| 0 |72.6| 6.6
E& Folk 6.03|16.4(49.1( 6.9 {21.6]4.59|6.42|33.9|6.42|48.6(4.85|5.83(10.7|2.91|75.7
Average 51.55 62.12 64.66
HipHop 486/ 0.9 |45 [459| 0 |78.7]|3.70.93(14.8|1.85|77.5| 3.6 | 0.9 [17.1| 0.9
§ Jazz 21.1(21.1| 43 [12.3|2.63| 14 |12.3(16.7(7.89]49.1(21.7(10.8|13.3|1.67|52.5
5} Classic 1.89(8.49|85.8|2.83/0.94(1.87/0.93|87.9| 2.8 |6.54| 2.8 | 0 |83.2/0.93|13.1
g Rock 5.88|0.98|0.98/92.2| 0 [13.9/6.48|0.93|77.8/0.93|15.4(1.92] 0 |77.9/4.81
E Folk 5.26/12.3|50.6|7.02(15.8|2.78|4.63|26.9(6.48(58.313.81(0.95|8.57(2.86/83.8
Average 52,70 63.17 66.64
M50 6.5 A1THAMTHINUTLANINAIAIANYULIAY Octave-based Spectral Meanilde
Vv
Tnseiedszaninon 1 ¥u Taotisiuaulvua 36 Inua
druaututan = 1 sruaulwusluguusn = 36
druausaulunisiinaay 50 100 300
wons (2 8§ 3 5|28 3 5 o£|2(8|8 33
gﬁgo%u?%%gc?u‘?%%gn?ﬁ
HipHop 37.5|3.57|3.57(48.2|7.14|65.2|4.46(2.68|22.3|5.36|79.6(2.78|0.93| 13.9|2.78
§ Jazz 6.31| 36 (22.5|12.6(22.5|15.8| 36 |20.2(10.5(17.5|16.8({22.7| 8.4 [10.9]41.2
g Classic 0 [6.73|88.5/1.92(2.88] 0 |1.89|92.5(2.83(2.83| 0 |1.85| 88 (0.93]|9.26
cg” Rock 2.91/0.97(0.97|89.3|5.83|19.2|0.96] 0 | 76 |3.85|14.4(/0.96| 0 |80.8|3.85
E Folk 4.42)138.9| 23 |3.54|30.1|3.67| 22 | 22 (6.42(45.9|2.88|7.69|7.69(2.88|78.8
Average 56.28 63.09 69.98
HipHop 50 |4.46(1.79{40.2(3.57|76.4|1.89/0.94(18.9|1.89/76.8|1.79| 0 |16.1(5.36
§ Jazz 10.6({45.1|16.8(7.08|20.4(12.3|42.1|{17.5|5.26|22.8| 20 (18.3| 13 |4.35|44.3
% Classic 0.94|10.4(82.112.83|3.77|1.87|5.6188.8| 2.8 (0.93|2.86|2.86|84.8| 0 |9.52
E’ Rock 3.74|1.87(0.93|88.8|4.67|14.6(3.88] 0 [79.6(1.94|9.35(1.87| 0 (B2.2|6.54
E Folk 3.54|41.6(18.6/4.42(31.9]|4.85|24.3|17.5/4.85(48.5(2.91| 6.8 [9.71(2.91|77.7
Average 59.57 67.09 67.94




7

M3 6.6 A1I1IHANTUENUTLNMNAIRWANYULIAY Octave-based Spectral Meantinz

¥
Tnsavwdszanidion 1 ¥u TaolisauInua 120 Tvua

Sruaututeu = 1 d1uauluualuduusn = 120

Jususavlunstinaeau 50 100 300

WUANRA §”§§§§H'§§§§N§§%

R R EE R I

HipHop 65.8(5.41| 0.9 [24.3| 3.6 |67.6/8.11| 0 |21.6]2.7 |81.5/6.48) 0 |11.1]0.93

E Jazz 14.4/129.7|18.9(7.21|29.7|5.61[41.1|10.3|10.3/32.7]|9.91|44.1|7.21/|10.8/| 27.9

g Classic 0.94(1.89(93.4/1.89|1.89] 0 |2.94|91.2|1.96|3.92| 0 |2.91|89.3|0.97| 6.8

2 Rock 15.1|0.94|1.89({75.5| 6.6 [6.86(1.96| 0 (87.3|3.92|11.7|1.94| 0 |83.5|2.91

E Folk 11.2(12.1|22.4|3.74150.5|2.86|16.2|15.2|3.81|61.9|6.42(15.6|9.17|3.67 [65.1
Average 62.97 69.81 7272

HipHop 71.6/2.75| 0 (23.9|1.83]| 75 |4.63| 0 |16.73.7| 79 | 1.9 | 1.9 |13.3]|3.81

E Jazz 23.7|28.1|14.9(3.51/|29.8]12.1| 31 |15.5(5.17(36.2| 18 |41.4|12.6] 3.6 [24.3

E Classic 0.93/4.63/89.8|1.85/2.78(0.93|3.74| 86 |1.87(7.48]|1.92(4.81|86.5/0.96|5.77

2 Rock 11.4| 1.9 (0.95| 80 [5.71(8.41|1.87| 0 | 85 [4.67]|10.6(/0.96] O |84.6(3.85

E Folk 11.2|111.2|17.8|1.87(57.8|2.88|17.3|12.5|4.81|62.5|2.94|18.6/10.8|2.94|64.7
Average 65.48 67.91 71.27

A151990 6.7 A5 19HANITHENUTLANNAIAWINYMLIAY Mel-Frequency Spectral Mean

' - & & g ol . o
wazlaseviedszamon 2 ¥ Taelisnuiu Ivualusuusn 48 waztunaos

96 Tnun
druaududeu = 2 druauluusluguusn = 48 druauluualugun2 = 96
Fruqusavlunistinaau 50 100 300
WUILWAY §ﬁ§f‘£§“§5£§ﬁ.§ﬁ£
%qgéu‘:%qg&’&%gg@&
HipHop 56 |11.2|2.59(26.7|3.45|60.9|14.5(0.91|21.8|1.82|76.1|12.4|2.65|6.19|2.65
§ Jazz 17 (56.3(10.7|6.25/9.82|10.7 [66.1|5.36|5.36 [12.5|12.8 | 71.6|3.67[2.75(9.17
E Classic 0 (2.88{90.4/1.92|14.81] 0 |0.99|89.1{1.98(7.92] 0 [0.97(91.3/0.97( 6.8
E:’ Rock 17.3/4.81| 0 | 75 |2.88|5.66|1.89| 0 (88.7(3.7715.88(3.92| 0 |89.2(0.98
;‘_-EE Folk 6.84|36.8(12.8| 9.4 [34.2|5.66|10.4|4.72|3.77|75.5|4.95|6.93|3.96(1.98|82.2
Average 62.37 76.05 82.06
HipHop 55.9|9.91| 0.9 |31.5| 1.8 |58.2(13.6] 0 |25.5|2.73|75.7/9.91| 0.9 [9.91| 3.6
% Jazz 17.6(51.9(13.9/5.56|11.1|12.1|56.1|5.61(5.61|20.6|6.31{68.5(/5.41|5.41|14.4
2 Classic 2.94/0.98/90.2(2.94(2.94|3.85|0.96|86.5(2.88|5.77|1.85(2.78|89.8|1.85( 3.7
CE” Rock 11.7(3.88| 0 |81.6(2.91|7.77|0.97|0.97(86.4(3.88|7.69(1.92(1.92|87.5(0.96
E Folk 3.88|38.8(16.5/5.83| 35 | 0 |11.5(5.77(2.88|79.8|2.91|10.7|4.85(0.97 [80.6
Average 62.88 73.40 80.41
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d' 9/ s 1
M1319N 6.8 m15Nmamsuunﬂszmmwmmuaﬂymzmu Mel-Frequency Spectral Meanlloig

¥ ¥ ¥ '
Tassviodszamiion 2 ¥4 Taodsuiu Ivualudunsn 96 wazsunany 192

Tnua
fruaututeu = 2 Swauluualuguusn = 96 drusulvualudun2 = 192
Fruausavlunstnaau 50 100 300
a ) a ) = )
LUILHAY ggégﬁ%gggé%gégf
HipHop 48.3(16.4(1.72| 31 |2.59|74.8(9.01| 0 |12.6| 3.6 |82.1|11.3| 0 |4.72|1.89
g Jazz 12 |163.9|7.41(7.41(9.26|12.7|62.7(5.45|8.18|10.9|13.1|72.9)3.74(0.93|9.35
g Classic 0.97|0.97|95.1(0.97|1.94|1.87| 0 |89.7| 2.8 [561] 0 |0.98|92.2/0.98)|5.88
E’ Rock 6.93|1.98/0.99(85.1|4.95|6.73|1.92| 0 |87.5|3.85|5.66(/2.83| 0 |88.7|2.83
E Folk 4,67)|35.5(11.2|8.41|40.2|8.41(11.2|4.67| 2.8 |72.9|4.81|4.81|3.85|1.92|84.6
Average 66.53 77.52 84.08
HipHop 51.4|14.7(0.92|30.3|2.75|65.5|11.5|2.65(18.6|1.77| 78 |7.34]|0.92(12.8(0.92
§ Jazz 8.41)|62.6/9.35|6.54|13.1]|9.43|55.7|5.66|7.55|21.7|7.41]63.9|6.48|5.56 | 16.7
g Classic 2.78|2.78(88.9|2.78/2.78/1.89|1.89|87.7(0.94|7.55]11.92|1.92|87.5(1.92(6.73
g’ Rock 4.81(1.92|3.85|87.5/1.92|9.62| 0 [0.96(85.6(/3.85|7.92| 0 (0.99(88.1(2.97
E Folk 2.73|30.9|14.5(1.82| 50 (0.93(15.7|8.33|2.78|72.2|2.91|7.77|4.85|0.97|83.5
Average 68.08 73.34 80.20

M3197 6.9 A151INAMTHENYTLANINAIAIUTNYMUZIAY Mel-Frequency Spectral Meaniiaz

¥ ¥ v v
Tasevwdszartmiion 2 $u Tastis o Ivualuduusn 192 wassunaos 384

Tnua
duaududeu = 2 duaulvualuguusn = 192 Suaulwuslutuii2 = 384
Fwausavlunisinaau 50 100 300
Q o a 2} a o
UUANAS i;g;égf%gégﬁ%gég?
HipHop 69.6/14.3|1.79/13.4|0.89|76.5| 9.8 |1.96|8.82|2.94 8;1.7 8.26|0.92(6.42|2.75
§ Jazz 13 |60.2|4.63(8.33|13.9)|16.1{69.6|3.57|2.68(8.04|10.2|78.7|2.78|2.78|5.56
g Classic 0.95/0.95|89.5| 1.9 |6.67/0.95|0.95/91.4| 1.9 |4.76| 0 |0.96|94.2(/0.96|3.85
2 Rock 7.62(1.9| 0 [86.7|3.81/4.81|3.85| 0 |90.4/0.96| 5 3 0 (91| 1
.Ei Folk 12.6/18.4/8.74|3.88|56.3|9.43|12.3|3.77|1.89|72.6|5.94|1.98|2.97|1.98(87.1
Average 72.47 80.11 86.54
HipHop 67.9/9.82(1.79(18.8|1.79|69.5(9.52|0.95| 20 | 0 |72.6|10.4(0.94|12.3|3.77
§ Jazz 12.4(57.5|4.42(7.08|18.6(8.33|63.9/6.48|6.48(14.8|5.61|65.4|5.61(6.54]16.8
g} Classic 283 0 [89.6] 0 (7.55/1.9(1.9|88.6/0.95|6.67|0.94|2.83|89.6|0.94|5.66
g’ Rock 7.62(1.9(1.9(87.6/095|6.6| 0 |0.94/88.7|3.77|7.84|0.98)|0.98|88.2|1.96
E Folk 1.89(13.2|10.4({0.94|73.6|/2.88|12.5(6.73|0.96|76.9|2.94| 9.8 |6.86| 0 |80.4
Average 75.24 77.52 79.26
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M15197 6.10 M5 HAMILENUTTINNINAIAWANYUZIAY Mel-Frequency Spectral Meantinig

¥
Tasevedszamiion 1 ¥u TavlidsuauIvua 96 Tvua

druaudutau = 1 41mauluualuduusn = 96

Auausavlunisinaay 50 100 300

UWUINAS §N§ﬁﬁ§ﬁ§ﬁ£§ﬁ§ﬁ¥

gt g fle S g f)g|s5|e|d

HipHop 48.2(17.5(2.63(30.7(0.88|54.2| 15 |1.87|27.1|1.87|78.1|12.4| 0 |6.67(2.86

g Jazz 6.31/62.2/9.01|7.21|15.3|7.41(69.4|7.41|5.56(10.2|12.6| 73 | 2.7 | 2.7 |9.01

E Classic 1.96(2.94(89.2(0.98| 4.9 |2.78|4.63| 88 |0.93| 3.7 | 0 |0.93{91.7|1.85(5.56

E’ Rock 3.96(1.98|0.99(90.1]|2.97| 2.8 |3.74| 0 |91.6(1.87|7.62(3.81| 0 |86.7| 1.9

E Folk 1.94(13.6| 6.8 (8.74(68.9/9.52| 19 [9.52|3.81|58.1|4.76(8.57|2.86| 1.9 |81.9
Average 71.73 72.26 82.26

HipHop 48.7(19.1|0.87(29.6|1.74(52.7|16.1]0.89(28.6|1.79| 75 |5.56|0.93|14.8| 3.7

§ Jazz 10.7|50.5|5.83|5.83|27.2|4.67|65.4|7.48(6.54|15.9|8.04 |65.2|16.25|7.14(13.4

UEJ Classic 1.96/1.96|84.3(3.92(7.84(1.89|3.77|90.6( 0 [3.77|0.96/2.88|88.5| 0 |7.69

2 Rock 3.88|0.97(0.97(89.3|4.85(3.85|0.96/0.96{90.4|3.85(9.71| 0 (1.94(84.5/3.88

E Folk 0.95|6.67|6.67(2.86(|82.9(2.88/20.2|8.65/|0.96(67.3]2.83|12.3| 6.6 | 0 |78.3
Average 7113 73.27 78.28

M50 6.11 ATNHAMTUINUTLINNINAIAWANYUZIAY Mel-Frequency Spectral Meantiny

Tassvwdszamiiioy 1 9y TasliswauTvua 192 Trua

{raududau = 1 drwaulwualuduusn = 192
druqusavlunisenaay 50 100 300
a (] a o (=8 Q
WUINAY §§§§§§§§§§§g§§§
HipHop 60.4|10.4|2.83|23.6/2.83/63.2(|15.8(1.75(15.8(3.51| 85 |8.41(0.93(4.67|0.93
g Jazz 13.8(/59.6/12.8/|7.34|6.42(16.3|64.4|5.77|3.85(9.62|13.6(74.8|2.91|1.94| 6.8
g Classic 2.8 (0.93|916(1.87|28| 0 0 [90.6(1.89|7.55| 0 (1.96(89.2|10.98(7.84
2 |Rock 4.81|2.88| 0 [90.4(1.92] 5 | 3 |0 |91| 1 |5.71]476| 0 [88.6]0.95
;_E: Folk 7.34|120.219.17|7.34 .56 6.8 |10.7|4.85(1.94(75.7|6.67| 1.9 |2.86| 1.9 |86.7
Average 71.59 76.98 84.85
HipHop 53.9] 13 [0.87(29.6/2.61|63.5/9.62(|1.92| 24 (0.96|77.1|7.34| 0 [13.8]/1.83
§ Jazz 9.17|57.8|6.42(8.26|18.3/9.09(68.2|5.45|6.36|10.9|7.48|65.4|4.67(7.48| 15
E Classic 2.86/0.95/90.5(0.95|4.76(0.93|3.74|88.8|1.87(4.67|2.75|1.83|88.1(0.92|6.42
E’ Rock 6.93(0.99/0.99(90.1(0.99|4.72|0.94| 0 |91.5|2.83|7.77| 0 |1.94(87.4|2.91
E Folk 3.88(25.2(9.71|1.94|59.2|3.96/15.8(3.96| 0 |(76.2/2.86(11.4|2.86/0.95|81.9
Average 70.30 77.64 79.97
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K ” ,
M13199 6.12 MT1HAMTUONLTLNNINAIAWANYUZIAY Mel-Frequency Spectral Meaniinz

v
Tasavivdszanniiion 1 %4 TaolisuauInue 384 Tnua

Aauduteu = 1 duauTuusluduusn = 384

Fruausaulunistinasy 50 100 300

WUANAY §N§é£§”§%£§‘d§ﬁf

%—‘Eg&ﬁgﬂ;géfgggn‘éf

HipHop 67 [17.4]1.83]|12.8/0.92|73.3]|9.52| 1.9 |12.4|2.86/80.9{9.09|1.82|4.55|3.64

§ Jazz 7.62|66.7|8.57(8.57(8.57| 12 |71.3] 3.7 | 3.7 |9.26[11.3|75.5(1.89|1.89|9.43

% Classic 0 [19]914|1.9(4.76] 0 [0.93]90.7|2.78|5.56] 0 (0.94|91.5/2.83(4.72

2 Rock 1.9 (3.81| 0 [92.4]1.9(3.92(2.94| 0 |91.2|1.96|4.72(2.83| 0 (89.6(2.83

E Folk 9.17(7.34|7.34| 5.5 |70.6| 6.8 |9.71|4.85|1.94|76.7|3.96(3.96(2.97(1.98(87.1
Average 77.62 80.65 84,93

HipHop 55.9(16.2| 0 [27.9] 0 |70.3|8.11| 0 |18.9] 2.7 |75.9/8.33|0.93(13.9(0.93

§ Jazz 5.77161.5/6.73|8.65|17.3|8.57|56.2|6.67(6.67(21.9]|5.66| 66 |3.77|7.55| 17

% Classic 1.9 10.95(89.5| 1.9 [5.71]1.85|0.93|90.7(1.85(4.63|0.94 | 1.8989.6|1.89|5.66

g’ Rock 6.54| 0 [0.93({91.6(0.93|5.61|1.87|0.93|89.7|1.87|8.74| 0 |1.94|87.4|1.94

E Folk 1.94|14.6(7.77(1.94(73.8/0.98|12.7|7.84|0.98|77.5|2.97| 9.9 |3.96|1.98(81.2
Average 74.46 76.87 80.03

M3199 6.13 M1T1IHANTHENUTLANINAIAWANYMULIAU Octave-based Spectral Contrastiinz

v ¥ ¥ '
Tasevedszamifion 2 Fu TastiduauInualuduusn 12 wagsunaes

24 Tnua
fuaututau = 2 Srusuluualuduusn = 12 $uauluualugui2 = 24
Tuqusavlunistinaau 50 100 300
WUILNAS J%-”é%ﬁ%“%ﬁf%”ﬁ%é
= 8 = ¢ & s 5 8 g & s18|8|2 i
HipHop 53,3{27.1(1.87|13.1|4.6781.7|4.59|0.92|4.59|8.26|82.3|18.85|1.77|0.886.19
§ Jazz 22.9(42.4(4.24|16.9/13.6|32.4{13.5/10.8| 3.6 |[39.6]| 3.7 | 88 |0.93|2.78|4.63
g Classic 1.94(1.94|86.4|3.88|5.83(1.94|0.97(90.3|1.94|4.85| 0 (5.71|91.4{0.95| 1.9
E’ Rock 7.48(3.74| 2.8 |84.1]1.87|6.54| 0 |0.93]| 85 |7.48]2.91|1.94|0.97|90.3|3.88
;‘_E“ Folk 6.36(27.3| 10 | 10 |46.4]|0.96|2.88|8.65/6.73(80.812.88|10.6| 0 |2.88|83.7
Average 62.51 70.25 87.13
HipHop 67.3/21.8/0.91/9.09/0.91|77.1{4.59(0.92|8.26/|9.17|69.4|14.8| 0 |10.2|5.56
% Jazz 32.1|39.6| 6.6 |7.55(14.2|24.4|13.4{13.4(10.1|38.7|2.88{70.2|/6.73|3.85(16.3
% Classic 4.63(4.63|79.6/6.48|4.63| 3.7 |2.78|84.3|2.78|6.48| 1.9 |3.81({90.5| 1.9 | 1.9
2 Rock 8.41|7.48| 0 |81.3|28|9.8| 0 |0.98/82.4/6.86|8.91|5.94| 0 |82.2(2.97
zg Folk 4.63|34.3(16.7|10.2|34.3|2.78|7.41(8.33| 3.7 |77.8| 3.7 |22.2|4.63|2.78|66.7
Average 60.42 66.98 75.79
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M13199 6.14 M1319HANTUINUTLIANINAIA WA N ULIAY Octave-based Spectral Contrastllne

v ¥ ¥ '
Tasavrodszaamion 2 $u TaoisuiuIvualuduusn 36 wazsundans

72 Trua
druoutugau = 2 Swautwualuduusn = 36 Suauluualuguiz = 72
Fruausavlumsinaeu 50 100 300
a o =3 2 Q o
WUAANAL égggﬁggggé%_%%gﬁ
HipHop 703/ 18 | 0 |4.5(7.21|80.4|5.36|2.68|4.46|7.14(88.9| 3.7 |0.93|2.78( 3.7
§ Jazz 19.4(51.9/11.1/9.26|8.33|12.3(62.3| 6.6 |1.89| 17 |3.77|87.7|1.89|0.94|5.66
g Classic 7.77|1.94(81.6/ 6.8 [1.94| 0 |6.42| 89 |1.83[2.75| 0 |4.67]91.6/0.93( 2.8
2 Rock 3.88(2.91/0.97|85.4| 6.8 |7.62|2.86|0.95(84.8/3.81 1.9 |0.95|0.95|92.4(3.81
E Folk 4.63|16.7|13.9/10.2|54.6/1.85|8.33|8.33|4.63/76.9/1.96|8.82| 0 |2.94(86.3
Average 68.75 78.65 89.37
HipHop 67.9/11.6/1.79/10.7|8.04| 78 |8.26| 0 | 5.5 |8.26{76.5|7.84| 0 | 9.8 [5.88
g Jazz 11.6|54.5|6.25(9.82|17.9| 10 |54.5|7.27|5.45(22.7] 3 | 74| 4 | 4 | 15
g Classic 5.61(3.74|82.2(5.61]| 2.8 [1.89(3.77(84.9|5.66(3.77|1.92|3.85|88.5|2.88|2.88
‘g‘ Rock 7.62|4.76/0.95( 81 |5.71(8.49(4.72(0.94]78.3(7.55|7.69|6.73| 0 |82.7|2.88
E Folk 8.49(20.8|17.9|4.72(48.1|5.83|11.7|15.5/2.91|64.1|6.67| 19 |4.76| 1.9 [67.6
Average 66.73 71.96 77.85

M319N 6.15 M3 HAMTLENYTLANINAIAWANYULIAU Octave-based Spectral Contrastiing

¥ 3 v v
Tnsavrodszamiion 2 $u TaoddouTnualugsuusn 120 wazFunans

360 Inua
Frusututeu = 2 Suoutnualuduusn = 120 4wauluualugui2 = 360
Aausavlunstinaau 50 100 300
a o = o a 3
WUILNAY §§§§§§§EE§§§§§§
HipHop 81.8(2.73/0.91]|3.64|10.9/83.5/4.59|0.92|3.67|7.34|89.8(4.63| 0 (2.78]2.78
§ Jazz 16.4|56.4|5.45|3.64|18.2|9.35/|76.6/4.67|0.93(8.41|2.75(91.7|2.75(0.92/1.83
g Classic 0.96/3.85|90.4/1.92|2.88]0.95|2.86 92.4 1.9 (1.9 ]0.96{1.92 93_.3 0.96(2.88
2 Rock 6.93(0.99|0.99}86.1|4.95|3.74|1.87(0.93 8_9.7 3.7411.94)10.97|0.97 93._2 2.9
E Folk 2.91(11.7|7.77|3.88(73.8/1.92|12.5|2.88|4.81(77.9/0.98(2.94| 0 |1.96{94.1
Average 77.70 84.02 92.43
HipHop 78 (7.3410.92|7.34(6.42|75.2|7.96|1.77(6.19|8.85(72.6|9.43|0.94|11.3|5.66
§ Jazz 10.5|54.3|7.62(4.76(|22.9/9.65| 64 [7.02|3.51|15.8|6.54|66.4|6.54| 2.8 [17.8
g Classic 2.83| 6.6 |82.1[1.89| 6.6 [2.83|4.72(84,9(3.77|3.77|2.83|3.77|86.8(1.89|4.72
E’ Rock 7.69]4.81(1.92|78.8(6.73/10.5|3.81|0.95| 80 (4.76]9.35(4.67(0.93|81.3(3.74
E Folk 4.63| 13 |6.48|2.78|73.1|1.94|15.5|8.74|3.88(69.9| 4.9 [12.7( 4.9 [1.96|75.5
Average 73.27 74.81 76.52
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M13190 6.16 M5 HANTHONYTLIANINAIAWANYULIAY Octave-based Spectral Contrastiiny

¥y
Tassvwdszamimeon 1 ¥u TaelisiuiuIvua 24 Tvua

drurutugay = 1 AwauTuualuduuen = 24

druausavlunisinaau 50 100 300
o o o o o o

LULWAL §§§§§§E§§§§g§§§

HipHop 67.9| 16 [0.94|3.77|11.3|78.8|7.96/0.88(3.54|8.85|84.7|5.41| 1.8 | 1.8 |6.31

g Jazz 26.3| 43 [9.65]|4.39(16.7|17.9}52.7|7.14|5.36| 17 [11.1{65.7|4.63|1.85|16.7

g Classic 5.71(3.81(78.1|6.67|5.7110.94(2.83|91.5/0.94|3.77|1.85|6.48| 88 [1.85/1.85

E’ Rock 7.84(1,96(0.98(82.4|6.86|4.76(0.95]|0.95/89.5(3.81|7.77(0.97|0.97(88.3|1.94

;‘_\% Folk 9.26(25.9]15.7| 3.7 |45.4|2.86(8.57|8.57|6.67|73.3| 3 5 2| 4|86
Average 63.35 77.16 82.55

HipHop 71.6(17.4|0.92(7.34|2.75|77.1|7.34|0.92|8.26|6.42|78.2|9.09|0.91|5.45|6.36

;: Jazz 21.6|43.2(7.21(7.21{20.7(14.7|52.3|16.42| 5.5 (21.1]|6.4858.3|9.26|5.56(20.4

g} Classic 6.42|3.67(74.3|7.34(8.26(2.91)|1.94|88.3(3.88|2.91]|2.83|3.77|84.9|2.83|5.66

E’ Rock 10.6(9.62| 0 |76.9/2.88]|8.74/2.91|0.97|81.6|5.83| 13 (4.63]|0.93(77.8] 3.7

E Folk 6.36|22.7|17.3|4.55|49.1]|2.88|17.3|13.5|5.77|60.6|8.41| 14 |4.67| 2.8 |70.1
Average 63.03 71.97 73.86

M13197 6.17 MIHANMTUINUTTANINAIABINYULIAY Octave-based Spectral Contrastilng

¥
Tasausszanion 1 94 Taslisiuiu Ivua 72 Tvua

druoududau = 1 41uauTuusluduusn = 72

{mausavlunistingau 50 100 300
2 o o Q 2 o

WUWAL %gggé%gggf%gggf

HipHop 73.6|7.27|2.73(6.36| 10 |76.9|7.41(0.93|4.63|10.2|90.7 |4.67|1.87(0.93(1.87

§ Jazz 17.4156.9/6.42| 5.5 [13.8/11.6|63.4{7.14|1.79/16.1]|4.63|86.1|1.85|1.85|5.56

g Classic 1.9 |5.71{78.1|5.71(8.57| 0 |2.91]91.3{1.94(3.88|0.98|2.94(94.1/0.98|0.98

2 Rock 6.73(2.88(0.96(82.716.73|3.88/2.91/0.97{89.3|2.91|2.88|0.96|0.96|92.3|2.88

;._% Folk 9.62(9.62(3.85(6.73|70.2/1.96( 9.8 |2.94| 4.9 |80.4| 1.9 |[5.71]| 0 | 1.9 |90.5
Average 72.30 80.24 90.73

HipHop 77.114.59(0.92( 11 |6.42|77.6|5.61|1.87|7.48|7.48|72.1(9.91| 1.8 |9.01|7.21

g Jazz 19.6(49.1)|5.36(6.25|19.6|11.7152.3|9.01(5.41)|21.6|6.31{65.8|5.41| 3.6 [18.9

r.‘%. Classic 2.91/2.91180.6/4.85(8.74]1.96|3.92(86.3(3.92(3.92|1.85|4.63| 87 ?.78 3.7

g Rock 8.41(1.87| 0 |83.2|6.54|8.49(2.83|2.83(82.1|3.77| 9.9 |4.95(0.99(79.2(4.95

E Folk 9.8 (19.6/6.86/8.82|54,9|0.93|16.7|5.56|4.63|72.2|3.88(20.4|5.83|1.94| 68
Average 68.97 74.08 74.41
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= o '
f131497 6.18 G]'l‘j'I\3F~Iﬁﬂﬁuﬂﬂﬂiﬁlﬂﬂl‘ﬂﬁﬂﬁ?ﬂﬂﬂ‘ﬂmzlﬂu Octave-based Spectral Contrastilfi

v
Tasevdseemiioy 1 ¥u TasiidnuTnua 360 Tnua

druautudau = 1 d1uuTuualuduusn = 360
Fruausaulunistinaay 50 100 300
AR EEIERE EEIHEIEE
HipHop 85 |467| 0 (561|4.67| 86 [561| 0 |3.74(4.67[93.3|10.96/0.96/2.88|1.92
§ Jazz 10.4|68.9|3.77|4.72|12.3(10.2|77.8(2.78(1.85|7.41| 2.8 ([916| 28| 0 [ 2.8
g Classic 0 |4.63|86.1{4.63{4.63|] 0 |3.77{91.5/1.89|2.83| 0 |1.96/ 98 | 0 0
g’ Rock 4.72|1.89|0.94(88.7|3.77|3.880.97/0.97191.3|12.91|2.88(0.96|0.96|92.3|2.88
E Folk 3.74121.5|4.67|6.54|63.6/1.98] 9.9 |3.96|/2.97|81.2{0.97|12.91| 0 |1.94(94.2
Average 78.45 85.54 93.88
HipHop 72.719.09(/0.91(10.9|6.36|74.5(8.49|10.94]|10.4(5.66(73.5|/11.5| 0 |8.85|6.19
§ Jazz 5.77(63.5(8.65(5.77|16.3|7.55|62.3|5.66|2.83|21.7| 4.9 |[70.6(5.88|2.94(15.7
g Classic 0.93|6.54| 85 |3.74(3.74(1.98|5.94|86.1|3.96|1.98|1.85|4.63|84.3/4.63|4.63
E’ Rock 4.81/4.81)|1.92|82.7|5.77|12.7| 4.9 [0.98|77.5|3.92|6.86(5.88|0.98|83.3|2.94
g Folk 3.88|18.4/8.74|4.85|64.1|3.67|17.4/8.26|0.92169.7]3.81(15.2|6.67| 1.9 |72.4
Average 73.60 74.02 76.80

M54 6.19 A5 1INAMITHUNYTLANINAIAIWANYULIAY Mel-Frequency Spectral Contrast

' a > Ao - 2 4
waz Insevnedsgaminion 2 ¥4 Tastisau Ivualuduusn 96 uazsunass

192 Triun
druududau = 2 uulnualuduusn = 96 Swuauluualutuie = 192
Fuausavlunistinaau 50 100 300
aQ 2] a 1) a )
WUANAY éggggggggéggégé
HipHop 69.2110.3|3.74(12.1|4.67|78.2|8.18|3.64|7.27)|2.73|86.7|3.81| 1.9 |4.76(2.86
§ Jazz 10.2159.3|5.56(7.41|17.6|8.77| 64 [5.26|7.02|114.9|2.88]86.5(3.85(0.96|5.77
g Classic 1.87|3.74186.9(4.67| 2.8 |0.9412.83/89.6|2.83|3.77| 0 [3.77(92.5/1.89/1.89
g’ Rock 12.1(3.74(1.87|73.8(8.41|17.3| 0 |1.92| 76 (4.81|3.74| 28| 0 |91.6/1.87
E Folk 1.92(9.62(8.65/11.5(68.3|3.88|7.77|2.91(8.74|76.7|0.96|1.92/0.96|1.92/94.2
Average 71.49 76.90 90.30
HipHop 65.7| 13 | 0 |13.9|7.41| 73 [9.91]| 0.9 |9.01|7.21|63.3(20.2|0.92|7.34|8.26
§ Jazz 13.6| 50|11.8(8.18|16.4(10.6(51.3| 15 |4.42(18.6(9.09(53.6|12.7|3.64(20.9
E’ Classic 2.83|2.83| 84 |5.66|4.72|2.86|4.76(86.7| 1.9 |3.81]2.86(8.57|82.9| 1.9 (3.81
E’ Rock 11.8/12.7|0.91| 70 |4.55|17.1|6.67| 1.9 {70.5/3.81|11.3|5.66(2.83(74.5/5.66
E Folk 2.78|11.1]|9.26(11.1|65.7|2.91(8.74|4.85|5.83|77.7|4.85/5.83|3.88|3.88/81.6
Average 67.09 71.82 71.18
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13197 6.20 M3 1INANTHINYTZIANINAIAWANYULIAY Mel-Frequency Spectral Contrast

¥ ¥ Vv 1
uazIaseviedszamiion 2 Ju TastisauTnualusuusn 192 wazvunaes

384 Tnua
duaututau = 2 duauluualuduusn = 192 Suauluusluguiz = 384
Fruausaulunistinasy 50 100 300
a o a © a )
WUINAY ggggé%g%gﬁ%gggf
HipHop 78.4(6.31| 2.7 |9.91( 2.7 |79.6| 6.8 [1.94/10.7|0.97|89.7| 2.8 |0.93|3.74| 2.8
§ Jazz 12.3151.8/7.89(7.02|21.1|6.67|64.8(5.71|7.62)|15.2|1.83(91.7|1.83|1.83|2.75
g Classic 1.83|3.67|87.2|3.67(3.67|1.89|3.77(86.8{2.83|14.72| 0 (1.92|93.3{0.96|3.85
g Rock 13.1] 0 |1.87|79.4(5.61|15.1/1.89(1.89]75.5/5.66|3.92(0.98| 0 |94.1/0.98
E Folk 3.7 |6.48| 3.7 [10.2]75.9/0.93|5.61| 2.8 [{6.5484.1]0.98(1.96)|0.98|1.96|94.1
Average 74.53 78.15 92.59
HipHop 74.1(7.1411,79/8.93(8.04|72.1|126| 0 [9.01(/6.31]68.2(15.9|1.87(10.3|3.74
§ Jazz 15 |45.8]12.1|8.41(18.7[11.7|52.4{15.5|3.88|16.5)|5.26 |60.5{12.3|4.39|17.5
g Classic 3.88(1.94(83,5(5.83|4.85] 0 |5.71{85.7|5.71(|2.86]|1.83(7.34|84.4/1.83|4.59
E’ Rock 15.2|6.67| 1.9 [69.5]6.67|14.4)|7.69(1.92|72.1(3.85|13.2| 6.6 |0.94{73.6|5.66
E Folk 1.85(7.41|5.56| 12 [73.1|2.83/10.4|3.77|4.72|78.3|5.66| 6.6 |5.66| 6.6 |75.5
Average 69.21 7213 72.44

M50 6.21 MIINAMSINUTHANINAIAWANY UTIAY Mel-Frequency Spectral Contrast

v v v v
uaz Iasevnsdszamnon 2 9 Tastduau Inualusuisn 384 Lasyuneaod

768 Triun
drvaududa = 2 druauTuualutuusn = 384 drusuluualugun? = 768
Frususaulunstinaau 50 100 300
=1 o a 0 a o
WUIANAY :;gégfgg%gﬁ%gggé
HipHop 73.7|8.77(3.51|11.4|2.63|80.7(8.26/0.92(9.17|0.92191.6|1.87]0.93| 2.8 | 2.8
g Jazz 11.7|57.7|7.21|9.91]13.5|11.2{69.2| 2.8 |3.74|13.1|1.85|90.7|0.93| 3.7 |2.78
g Classic 1.87|1.87|92.5|1.87(1.87| 0 [2.94]/91.2(1.96|3.92| 0 | 1.9 [94.3/10.95|2.86
2 |Rock 10.2| o [1.85(83.3/4.63]14.60.97|0.97(80.6|2.91]|2.83|0.94| 0 [95.3[0.94
;‘_-EE Folk 2.91|1.94(3.88(7.77|83.5/0.97[4.85|1.94|3.88|88.3| 1 0 1 2 | 96
Average 78.14 82.00 93.58
HipHop 71.9(10.5| 0 |9.65|7.89|71.4|12.5(0.89|9.82(5.36|72.7(11.8|1.82(10.9]2.73
§ Jazz 13.8| 44 (13.8]/7.34|121.1(11.8|52.7|14.5/4.55|16.4|6.36|59.1(12.7|4.55|17.3
g Classic 4.72|14.72| 84 (2.83|3.77| 2.8 (4.67(86.9| 2.8 | 2.8 |2.88|7.69)|84.6/|1.92|2.88
E’ Rock 13 |4.63| 0 |75.9(6.48(14.5/9.09/0.91]70.9|4.55|8.82(7.84(1.96(75.5|5.88
E Folk 3.88(10.7|3.88/|3.88(77.7|1.85|13.9(7.41|2.78|74.1]3.77(2.83| 6.6 |3.77| 83
Average 70.70 71.21 74.99
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M319M 6.22 A15HANSUINYTTIANNAIAIWANYULIAY Mel-Frequency Spectral Contrast

¥
waz Inssdszamiion 1 94 TasdismiuIvua 192 Tvua

duaututay = 1 {waulwualuguusn = 192

{ausaulunnstinaau 50 100 300
o ) o I o )

WUIANAS ﬁ;gggﬁ%g%gﬁ%gégé

HipHop 77.8(5.56(2.78{10.2| 3.7 |77.9(7.69/0.96|11.5/1.9287.3|4.55|0.91|3.64 | 3.64

§ Jazz 11.4|57.9|6.14|5.26|19.3|9.35|67.3|3.74(4.67| 15 |4.59]80.7|4.59|2.75|7.34

g Classic 0.96/2.88(88.5/3.85(3.85/0.96|2.88|88.5(2.884.81|0.97|2.91(92.2|0.97(2.91

2 Rock 12.7(1.96|1.96|76.5|6.86|14.8|1.85/0.93|77.8(|4.63|6.67(0.95| 0 [89.5|2.86

E Folk 2.97/8.91(4.95/8.91|74.3| 1.9 |6.67(3.81(4.76(82.910.94(2.83|0.94/1.89(93.4
Average 74.97 78.85 88.63

HipHop 73.6(7.27] 0 [118|727|776]|9.35|093|7.48|467]|69.6(14.3/0.89/8.04|7.14

§ Jazz 13.9| 50 | 12 |6.48|17.6|14.2|49.1| 16 [3.77| 17 |6.84|58.1|12.8|2.56|19.7

g Classic 0.92(7.34(83.5| 5.5 [2.75] 1.9 [4.76(83.8/|5.71|3.81|2.86(9.52|81.9(/0.95(4.76

g’ Rock 14.8|8.33| 0 [72.2|14.63|14.7|9.17|0.92({70.6(/4.59|10.6(10.6| 0 |73.1|5.77

E Folk 1.9 |6.67|4.76|4.76(81.9]{1.96|11.8{3.92(2.94{79.4|1.94|7.77|3.88(1.94 | 84.5
Average 72.25 72.10 73.44

A1519N 6.23 A1THAMTUINYTLANNAIAILANYYULIAY Mel-Frequency Spectral Contrast

¥y
waz Inseviedszaniiion 1 54 Taolisuiu Tnua 384 Tnua

duaudutau = 1 Swanluuslutuusn = 384
Amqusaulunistingau 50 100 300
o 0 a ) a o
WUINAY %gggé%gggé%gégﬁ
HipHop 73.5|8.85|3.54|12.4|1.77(82.1(5.66|1.89|8.49/1.89|90.6|3.77(0.94|2.83| 1.89
§ Jazz 7.62| 59 |110.5|10.5|12.4|2.75(76.1| 5.5 |3.67(11.9/2.78| 87 |2.78|2.78|4.63
g Classic 2 2 90| 3 | 3 |097(291(89.3[1.94|4.85| 0 |1.85(93.5/0.93| 3.7
g Rock 10.7|0.97|1.94|79.6| 6.8 |11.9]/0.99|0.99|84.2|1.98| 6 1 0 |93 0
E Folk 0.93(7.41(4.63| 13 |74.1|0.97|2.91|0.97|3.88|91.3] 1 2 1 2 | 94
Average 75.24 84.59 91.62
HipHop 74.1(9.26/0.93|8.33|7.41|70.1| 15 |0.93|7.48(6.54|70.9(13.6| 0 |9.09)|6.36
§ Jazz 12.3(49.1| 16 |4.72|17.9|7.48| 57 [13.1|4.67|17.8|12.3|56.1|11.4/3.51(16.7
g Classic 0.93(5.61| 86 |3.74|3.74|1.87|5.61| 86 |3.74| 2.8 |1.89(7.55|85.8/|0.94|3.77
E’ Rock 13.1|5.61(0.93({72.9|7.48|13.8|6.42|1.83|73.4(4.59|14.7|49 | 0 |73.5|6.86
E Folk 3.74|9.35|6.54|6.54|73.8/2.86|9.52|5.71|3.81|78.1| 3 5 6 3 |83
Average 7147 72.91 73.89
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M3 6.24 AITTIHAMIUIAYTLANINAIAWANYMULIAU Mel-Frequency Spectral Contrast

v
uaz lassvsdseanimon 1 ¥4 TasdisauTnua 768 Tvua

{aududeu = 1 druanuluualutuusn = 768
Fruqusavlunstinaau 50 100 300
a o _ o o =y o
WUAWAY §§§§§;§§§§§§§§§§
HipHop 77.1(6.42|3.67|10.112.75]182.3|5.31|1.77(7.96|2.65|87.7(3.77(2.83|3.77|1.89
§ Jazz 11.4154.4(10.5/9.65| 14 | 3.6 |74.8|5.41(6.31|9.91]4.7682.9(2.86/|3.81|5.71
g Classic 2.78(7.41| 87 |1.85/0.93| 0 |2.83/91.5/2.83/2.83] 0 (3.81/93.3/0.95| 1.9
g’ Rock 11.8(3.92(1.96|78.4|3.92|8.65(1.92|0.96{83.7|4.81|7.77(1.94| 0 [88.3|1.94
;‘_E Folk - 1.98(13.9/14.95/12.9166.3(/0.94 (4.72|1.89|4.72(87.7/0.98(0.98(0.98(1.96|95.1
Average 72.65 83.99 89.47
HipHop 76.7| 6.8 [0.97(9.71|5.83]73.1| 12 | 0 |8.33|6.48|72.9(12.1(1.87|8.41|4.67
§ Jazz 15.7150.4(14.8(5.22/13.9110.8{55.9/9.91| 4.5 [18.9|11.2|57.9|11.2|3.74|15.9
g Classic 2.7818.33|80.6|4.63| 3.7 [3.96(6.93(85.1(0.99/2.97|0.96|7.69|86.5| 0 |4.81
E’ Rock 10.6|8.65(0.96| 74 |5.77|15.5(9.71| 0 [70.9/3.88| 11 | 5.5 (0.92|73.4|9.17
E Folk 6.6 [13.2|4.72|11.3|64.2|3.77(10.4|4.72|2.83(78.3|3.81|4.76| 2.86(3.81|84.8
Average 69.18 72.67 75.11

M3 6.25 A1519NANTUENUTLANINAIAWANULIAU Octave-based Spectral Histogram

v Vv ¥ '
waglasevieszammey 2 $u Taslduiu Inualuduusn 60 uazsunans

120 Tnua
Swaututeu = 2 Sauaulualuduusn = 60 druaulwusludui2 = 120
Frurusavlunistingau 50 100 300
WUANAL §§§§%§§§§%§H§§%
AR EEIERE ERIFILIEIEIE
HipHop 86.4(3.88/0.97| 6.8 |1.94|84.5|7.27|2.73|3.64{1.82|94.3(2.86( 0 [0.95]| 1.9
‘E Jazz 30.3| 37 |10.9] 4.2 |17.6]14.8|55.6/11.1| 3.7 |14.8|8.41|66.4(4.67| 2.8 |17.8
g Classic 2.88/0.96(83.7|8.65(3.85| 0 0 {96.1|2.94(0.98] 0 [0.97|94.2|1.94(2.91
E’ Rock 5.512.75(0.92|82.6(8.26|1.87]0.93/0.93} 85 |11.2]|1.92|0.96|0.96|87.5|8.65
E Folk 8.85(18.6| 23 |13.3(36.3]|3.74|9.35|12.1(13.1|161.7]|0.95(12.4]0.95|8.57 | 77.1
Average 65.18 76.58 83.89
HipHop 73.2(6.25|2.68|12.5|5.36|72.5|14.7|2.75(6.42|3.67| 83 [5.36(1.79|8.04|1.79
% Jazz 19.3]38.5(12.8|9.17|20.2|8.11(57.7|8.11| 0.9 |25.2]|8.33|67.6| 3.7 |2.78|17.6
g Classic 1.92(3.85|84.6/5.77(3.85(1.83(0.92(81.7(6.42|9.17|0.92|0.92|81.7| 5.5 | 11
_Ué’ Rock 6.8 10.97(2.9183.5(5.83|6.67| 1.9 [2.86/81.9|6.67|8.41|1.87|1.87|77.6/10.3
E Folk 16.3(18.3|20.2|9.62|35.6/6.48/13.9/16.7[4.63|58.3|7.55[17.9|5.66|3.77|65.1
Average 63.09 70.40 74.99
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M3190 6.26 A1T1INANTLUUNUTLANINAIAIWENULIAY Octave-based Spectral Histogram

y - - .4 o o
uaz Inssvivdszanniion 2 ¥y TaolisiuauTnualudunsn 180 uazsunaos

360 1run
duaututeu = 2 dwaulwualutuusn = 180 srusulwualudui2 = 360
Fuausaulunistinasu 50 100 300
WUIANAS I%”'§§§§“§§%§“§ﬁ°—‘
g8 g2 uwflg S g L|g|S5|¢8 e
HipHop 88.8 2.8 [0.93(6.54(0.93|92.6/2.78(0.93(1.85|1.85(94.5|1.83(0.92|1.83|0.92
§ Jazz 20.6(53.3(7.48|3.74| 15 [15.3|60.4| 4.5 | 4.5 (15.3|5.41| 73 |45 2.7 [14.4
g Classic 0 0 |89.8|4.63(5.56] 0 0 |925(3.77(3.77| 0 [2.97|94.1| 0 |2.97
E’ Rock 2.8 (1.87)|0.93| 85 [9.35|2.83(1.89|0.94| 84 (10.4| 0 |1.89|0.94|87.7|9.43
E Folk 2.83| 16 [2.83| 16 [62.3]| 1.9 [12.4| 1.9 |12.4|{71.4| 0 |8.57| O |2.86(88.6
Average 75.84 80.16 87.57
HipHop 80 (9.09]1.82|7.27|1.82| 75 | 12 |0.93|8.33| 3.7 |82.2(6.54/0.93|7.48| 2.8
§ Jazz 7.62|58.1(7.62(2.86(23.8]13.8|54.1|6.42(1.83|23.9(10.6/70.2(2.88|0.96| 15.4
3 |[Classic 2.83| 0 |79.2| 6.6 |11.3|3.88|2.91|78.6(5.83(8.74]2.91|0.97|82.5|4.85|8.74
E’ Rock 6.8 [2.91(0.97|85.4(3.88(5.71| 1.9 | 1.9 |81.9(8.57|7.55(2.83|1.89|77.4/10.4
E Folk 6.93(17.8(6.93(6.93|61.4]8.7414.6(3.88|5.83| 67 [10.1|17.4|3.67|1.83| 67
Average 72.83 71.33 75.86

M3 6.27 AT1IWAMIUENUTLAMINAIAWANYMULIAU Octave-based Spectral Histogram

¥ v ¥ '
uaz Insevsdszannminon 2 9u Tasdsau Ivualusuusn 360 uazsunass

720 Tviua
duutuga = 2 4wauluualutuusn = 360 Auaulnualuguiz = 720
Furusavlunistinaay 50 100 300
a ) 2 ) o g
WUINAY %gggf%gégi%gggé
HipHop 89.8(4.63|0.93|1.85(2.78|93.4|1.89/1.89(1.89/0.94|94.3(2.86| 0 | 1.9 [0.95
§ Jazz 16.8|57.5(7.96/2.65| 15 |15.9]|60.2|5.31|4.42|14.2|15.61|77.6|1.87(3.74|11.2
g Classic 0 [0.97(94.2|11.94/291] 0 0 [95.1/0.98/3.92] 0 [0.96(92.3|1.92(4.81
E’ Rock 3.9211.96/0.98|82.4/10.8]2.83(1.89|0.94| 84 |10.4/0.95/0.95| 0 |88.6|9.52
E Folk 2.8 [13.114.67|13.1|66.411.92|15.4|10.96|11.5(70.2| 0 |9.43| 0 [3.77|86.8
Average 78.04 80.57 87.91
HipHop 75.2(10.1(1.83|7.34| 5.5 [81.9(7.62| 1.9 (4.76|3.81|75.7|11.7| 2.7 [6.31| 3.6
;'% Jazz 10.8(56.8/8.11| 1.8 |22.5/11.6|64.3/2.68(0.89/20.5|10.9(71.8|3.64(0.91|12.7
% Classic 0.93| 2.8 |81.3|14.67(10.3|7.34/0.92|77.1| 5.5 [9.17]2.91|1.94|83.5(4.85| 6.8
g’ Rock 4 3 4 | 83| 6 |566(2.83|/1.89| 83 (6.6 |4.72(2.83]|2.83|78.3|11.3
E Folk 10.1(/13.8|7.34|8.26/60.6/9.43(12.3|2.83|4.72(70.8{4.72| 16 [3.77|0.94|74.5
Average 71.37 75.41 76.76
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M319N 6.28 MTNHANTUINUTLANINAIAWANYULIAU Octave-based Spectral Histogram

v
waz Insavwdszamiioy 1 $u TaetisiuiuInua 120 Tnua

{audugau = 1 {1waulwualutuusn = 120
Auausadlunisinaau 50 100 300
WUINAL §N'§%*§N'§6EI‘%“-§§£
2 5 8 ¢ &g 3 g ¢ £fg|8[8)1&|c
HipHop 84.6/3.85|2.88|5.77|2.88|81.3(10.7(1.79(4.46|1.79/90.8|2.75)|0.92| 3.67(1.83
g Jazz 20.4| 54 |16.19(4.42( 15 | 14 |55.3|5.26(3.51|121.9/11.2|63.6|5.61|3.74|15.9
E Classic 0 [1.92(86.5(10.6/0.96] 0 (0.96|92.3(5.77(/0.96| 0 |1.85(88.9| 3.7 |5.56
E’ Rock 2.86| 1.9 [0.95(84.8(9.52|2.86( 1.9 |0.95(83.8/10.5|2.86| 1.9 (0.95|85.7|8.57
;‘_E Folk 2.83|8.49112.3(20.8|55.7|12.83|15.1(4.72|19.8|57.5| 0 |8.82|2.94|10.8|77.5
Average 73.11 74.04 81.29
HipHop 75.5) 6.6 [1.89(12.3|3.77]70.1/16.8|1.87|10.3|0.93182.4|5.56(1.85(6.48| 3.7
§ Jazz 8.26(46.8(6.42|7.34|31.2|7.55/53.8|8.49(3.77|26.4|9.43(68.9(2.83| 0 |18.9
E Classic 0.96(3.85|83.7|4.81|6.73(5.61|1.87|78.5|6.54|7.48|2.88/0.96|83.7|3.85(|8.65
E’ Rock 5.56|2.78|2.78(82.4(6.48|4.85|2.91(0.97(87.4|3.88|5.94(1.98|1.98|81.2(8.91
E Folk 5.45(11.8|11.8|14.5(56.4|5.83|14.6(13.6(11.7|54.413.74|15.9|3.74| 2.8 {73.8
Average 68.94 68.82 77.99
A1519N 6.29 A1THANTHINUTLANINAIAWWINULIAY Octave-based Spectral Histogram
v
wazIasaviedszamiiion 1 ¥u TasiisuauTnua 360 Tnua
druaududeu = 1 Swuluusluguusn = 360
dmausavlumstinaau 50 100 300
2 o g 9 2 Q
WUANAS §§§§§§§§E§§§§;§§
HipHop 84.8(10.5/0.95(3.81| 0 [89.5/4.76|0.95/3.81|0.95|94.3(0.94/0.94/2.83/0.94
§ Jazz 12.7| 60 [5.45|4.55(17.3|13.5{63.5/3.85(4.81(14.4|10.1|71.6|3.67|2.75/11.9
:9'5) Classic 0 0 |92212.94|149 ) 0 |0.96(92.3|11.92|4.81| 0 |1.996.2/0.95(0.95
E’ Rock 1.92(0.96(0.96{85.6/10.6| 2.8 [1.87]0.93| 85 |9.35(/0.94|1.89(0.94|86.8(9.43
E Folk 0.94|13.2|7.55|15.1/63.2|0.98(13.7({0.98|13.7|70.6| 0 |7.62| 0 |8.57(83.8
Average 77.14 80.19 86.54
HipHop 71.6|16.5(1.83|6.42|3.67|76.1|/12.8|1.83|6.42|2.75|81.8|6.36|1.82|5.45|4.55
§ Jazz 11.1]60.2(5.56|0.93(22.2]|9.26|61.1|4.63(0.93|24.1|9.91|68.5| 2.7 | 0.9 | 18
g Classic 1.85|2.78|80.6|5.569.26(4.67(3.74|80.4|4.67(6.54(2.86| 1.9 |81.9(6.67|6.67
g Rock 4.67(28(0.93| 86 |5.61|4.72(3.77|1.89|80.2(9.43(6.67| 1.9 |2.86( 79 |9.52
E Folk 8.18(15.5( 10 [8.18]58.2|5.61| 15 |4.67(3.74| 71 |3.67|14.7(4.59|3.67|73.4
Average 71.29 73.77 76.93
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M3197 630 MITNHANIHYAYTZIANINAIAWANYMULIAY Octave-based Spectral Histogram

Vv
wag Insavivtszamiion 1 $u TaelisuauIvua 720 Tnua

Suaututeu = 1 Smauluualuduusn = 720
Tuausavlumstinaay 50 100 300
=y ) E 2 S )

WUILNAL %ggéé%ggéﬁ%gggﬁ

HipHop 85.5|3.64(3.64|4.55|2.73|87.2|6.42|1.83|2.75(1.83|92.6|2.78|0.93(1.85(1.85

5 |Jazz 14 |67.9(5.26(3.51(19.3[13.6(68.2|4.55(3.64| 10 |6.67|77.1| 1.9 |2.86|11.4

g Classic 0 | 0O [896(3.77|6.6| 0 [0.93(925]|28|3.74] O 0 |94.3|1.89|3.77

g Rock 2.88|0.96|0.96|83.711.5(2.7811.85/0.93{84.3/10.2/0.94|0.94 [ 0.94 | 88.7|8.49

E Folk 1.89(12.3(2.83({13.2|69.8] 0 [14.6(0.97{11.7|72.8] 0 [7.77| 0O [4.85|87.4
Average 77.29 80.99 88.03

HipHop 82,6(6.42|1.83(7.34(1.83]76.8(8.93|2.68(8.04|3.57(80.2{9.01| 1.8 |7.21| 1.8

& |azz 10.4|54.8/7.83|2.61(24.3/9.01| 64 | 4.5 | 2.7 [19.8|9.82|69.6|2.68|2.68|15.2

% Classic 3.7 [0.93|78.7(5.56]11.1|0.99|1.98|83.2|16.93|6.93|1.82(1.82(80.9(6.36|9.09

g’ Rock 3.74| 28| 2.8 |80.4/10.3|5.61| 2.8 |1.87|82.2|7.48| 4.9 |2.94(2.94|80.4(8.82

E Folk 5.71|16.2|7.62|2.86|67.6]5.71/16.2|4.76(5.71|67.6/5.83|15.5(2.91|3.88|71.8
Average 72.81 74.76 76.59

M3199 6.31 A1THANISHIAYTZIANINAIAIWANYULIAY Mel-Frequency Spectral Histogram

v ¥ v N
uazlnsevnedszaniony 2 ¥u Tastidudu Ivualusuusn 120 uazsunaog

360 11iun
Sauduteu = 2 draulsualutuusn = 120 Swsulwualutuin? = 360
Frususavlunistinaau 50 100 300
a [&] o (5] o (2]
HipHop 81.5/8.33/0.93| 3.7 |5.56]04.2|1.04| 0 |1.94[1.94[08.1]0.97] 0 | 0 |0.97
§ Jazz 8.33|74.1|7.41|1.85|8.33| 0 [88.9] 3.7 |0.93|6.48| 0 |96.3/0.93(/0.93|1.87
;05 Classic 0.95|0.95(93.3|0.95/|3.81| 0 0 |98.1]0.97(0.97 0 0 |98.1|0.95/0.95
E Rock 0.96| 0 | 0 [98.1/0.96/0.98) 0 | O [97.1(1.96] O 0 0 | 99 (0.96
E Folk 1.98(6.93(3.96(2.9784.2|0.97| 6.8 |[1.94| 0 |90.3] 0 | O 0| 0 |100
Average 86.22 93.69 98.29
HipHop 77.3[12.7(1.82|5.45(2.73| 86 |5.61/0.93(4.67| 2.8 [80.4|8.04|1.79(6.25|3.57
§ Jazz 9.26/64.8(10.2| 3.7 | 12 |6.67|76.2{7.62|2.86|6.67|9.17|69.7|8.26|4.59(8.26
g Classic 2.88)10.96(88.5(0.9616.73|1.85(1.85| 88 |2.78(5.56)|2.86| 1.9 |88.6/0.95|5.71
E’ Rock 5.61(1.87| 0 [90.7(1.87|4.85/1.94| 0 |90.3/2.91]|2.88|1.92) 0 [93.3/1.92
E Folk 1.92(9.62/5.77(0.96|81.7|3.96|8.91|1.98| 0 |85.10.97(5.83(2.91|0.97]89.3
Average 80.59 85.11 84.25
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M15197 6.32 MTHANTHENYTANINAIAWANYULIAY Mel-Frequency Spectral Histogram

v v ¥y "
wazlasaviedszaminoy 2 ¥y TaelisauTnualusuusn 240 uazsunaos

480 Tnun
drusuduteu = 2 Susulwualuduusn = 240 druauluusluguiie = 480
Fsusaulunistinaau 50 100 300
LUILWAY %‘N%%*g”éﬁﬁggméﬁﬁ
g1 g2 flg g flE)8|8|2|¢E
HipHop 84.6|8.65(0.96(2.88)|2.88|94.5(0.92/0.92|1.83(1.8395.3(0.93(/0.93|0.93|1.87
% Jazz 10.2|74.1|7.41(2.78|5.56| 0 |(87.6(5.71| 1.9 (4.76] 0 [96.2(/0.96|0.96|1.92
g Classic 2.86| 0 |94.3/0.95(19| 0O 0 |97.1(0.97|1.94] 0 0 |100| O 0
g Rock 3.81]0.95/0.95/93.3{0.95| 0 0 0 (98119 0 | O 0 |99 [0.95
;_‘:‘_’ Folk 0.94|4,72| 6.6 |3.77| 84 |0.98/0.98/0.98( 0 |971] 0 | O 0 0 |100
Average 86.05 94.87 98.11
HipHop 82.4/8.33|0.93|5.56(2.78183.8|/6.31( 1.8 |7.21| 0.9 |[87.7|6.6 | O [566] O
% Jazz 6.19/68.1/8.85(6.19|10.6(7.34|70.6(/9.17(2.75(10.1|8.04(72.3{8.04|2.68|8.93
g Classic 2.91|0.97|91.3/1.94]12.91(3.81|0.95(86.7(0.95|7.62|0.96(0.96{90.4|1.92|5.77
_g’ Rock 491098 0 |93.1|10.98|2.83(3.77| 0 |90.6(2.83|2.83|1.89| 0 [94.3|0.94
E Foik 3.88(8.74|5.83|1.94(79.6|2.94|8.82|1.96(0.98|85.3|1.98(4.95(2.97|0.99}89.1
Average 82.91 83.39 86.78

M15197 6.33 ATIHANTHINUTLNNINAIAITANYULIAY Mel-Frequency Spectral Histogram

' a & Ao o &
uaz Tnssvrodszamiiey 2 ¥ TastidduTnualusuusn 480 uazsunaos

960 Triug
{uaututau = 2 4rwsuluualuduusn = 480 Srusnluualutui2 = 960
Tuausavlumsinaau 50 100 300
a o a o a o
UUILWAY §§§§§§§§EE§§§§E
HipHop 86.8| 6.6 (0.94|0.94|4.72|96.1|1.94| 0 (0.97(0.97|94.3/0.94)|0.94|1.89(1.89
§ Jazz 11.1|74.1|6.48(1.85(6.48|1.89(86.8|4.72|12.83|3.77| 0 |96.3(1.87( 0 (1.87
& |Classic 1.87| 0 |94.4(0.93[2.8| 0 99| 0 |0.96] O 99 | 0 (098
2  |Rock 4.85(0.97| 0 [93.2]0.97| o | 0o | 0 |99 [0o98[ 0 | 0 | 0 |98.1|1.89
E Folk 1.87{9.35/3.74|1.87(83.2] 0 2 3 119410 0 0 0 |100
Average 86.33 94.99 97.55
HipHop 81.4|9.73|1.77/5.31(1.77|85.5(7.27|0.91(4.55| 1.82|81.1|8.49| 1.89| 6.6 | 1.89
§ Jazz 7.96/67.3|110.6/3.54(10.6] 3.7 [71.3]/10.2(5.56|9.26|2.78|78.7|7.41| 3.7 | 7.41
g Classic 2.75/0.92|89.9/1.83(4.59]1.89(2.83{90.6(1.89|2.83|0.94|0.9493.4|0.94|3.77
2 Rock 2.97(1.98] 0 [94.1(/0.99|2.94|1.96] 0 |94.1/0.98]0.97|3.88(0.97|92.2|1.94
E Folk 2.97(8.91/1.98/1.98(84.2/0.95(10.5(2.86| 0 |85.7| 0 |8.91|5.94|0.99|84.2
Average 83.36 85.43 85.92
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M13197 6.34 MTHANTHENYSLANMINAIAWANYMULIAY Mel-Frequency Spectral Histogram

v
waz Ingeviedszanminoy 1 ¥4 Taslsiuiu Ivua 360 Tvua

frusuguteu = 1 4wauluualutuwsn = 360

Jruausavlunistinaau 50 100 300
a o a 2 =3 )

WUANAY §E§§§§§§E§§g§§§

HipHop 85.3|6.42|1.83(3.67|2.75|88.7|5.66/0.94(0.94|3.77|97.1|0.96|0.96| 0 |0.96

é% Jazz 11.4|75.2(4.76| 0 |8.57|2.78|86.1|5.56| 0 [5.56| 0 [96.2/0.96(0.96]|1.92

g Classic 1.9] 0 [93.3/0.95/3.81{0.99| 0 | 97 |0.99(0.99] 0 97.210.94|1.89

2 Rock 6.8 |12.91(0.97(87.4|11.94{0.96/0.96| 0 |97.1(0.96| O 0 0 |99 099

E Folk 1.94(12.6|8.74|1.94|74.8] 0 |7.55/1.89(0.94|89.6| 0 0 0 0 (100
Average 83.21 91.71 97.89

HipHop 81.3|11.2(1.87(3.74|1.87|82.9/9.01| 1.8 |5.41| 0.9 |81.5|8.33|0.93|6.48|2.78

§ Jazz 8.04(63.4/13.4|12.68(12.5|6.31|71.2(9.91| 4.5 |8.11| 3.7 |77.8|7.41(5.56|5.56

g Classic 1.96(1.96{92.2] 0 [3.92|0.94|3.77|91.5( 0 |3.77|2.78| 0 (89.8|2.78(4.63

g Rock 4.9 (2.94) 0 |91.2(0.98|3.74|3.74| 0 (90.7|1.87]|2.94/0.98| 0 |95.1(0.98

E Folk 0.93|8.41(6.54|1.87(82.211.89|12.3(2.83| 0 | 83 | 0 (9.52|3.81| 1.9 [84.8
Average 82.06 83.85 85.79

M15197 6.35 M5 19HANTHENUTLANINAIAUANY LAY Mel-Frequency Spectral Histogram

v
uaz Insavnedszammoy 1 ¥4 Tastiduiu Tnua 480 Trua

fruaududau = 1 aruauluualutuusn = 480
Trurusavlunistinaau 50 100 300
WUILNAY §ﬁ§ﬁ§§ﬁ§ﬁ£§ﬁ§f£
5 3 g ¢ &g 8 g £f(g|S|8|2|¢
HipHop 82.4/9.26(0.93| 3.7 | 3.7 |86.4|8.18|0.91(1.82|2.73|94.5(1.82|1.82|1.82( 0
§ Jazz 7.08/72.6(7.08(/0.88]12.4|3.67|80.7|9.17|0.92| 55| 0 [95.2]1.92/1.92|0.96
g Classic 0.95(0.95|90.5|2.86{4.76f 0 [ 0 |96.3/0.93/2.78| 0 0 |98.1(0.97)|0.97
E’ Rock 3.81] 0 [0.95/91.4|3.81|1.94| 0 0 |95.1]2.91| 0 0 0 [99.1/0.94
E Folk 0.95/13.3/13.3/2.86(69.5|0.99(|7.92(3.96/0.99|86.1] 0 0 0| 0 |100
Average 81.28 88.94 97.37
HipHop 815|111 0 [3.7|3.7 |83.7/9.62(1.92|3.85(0.96| 85 (6.54(0.93(5.61|1.87
§ Jazz 8.18(62.7|11.8|2.73(14.5(7.7770.9|11.7(3.88|5.83| 3.7 |77.8|7.41|4.63|6.48
E Classic 1.96(1.96/92.2| 0 |3.92/0.93| 2.8 |91,6/0.93(3.74/0.96|1.92|89.4|1.92|5.77
2 Rock 2.83(1.89| 0 |91.5(3.77|12.91|3.88| 0 [92.2|10.97|2.86(/0.95/0.95|93.3( 1.9
E Folk 0.93|13.1(6.54|3.74(75.7|11.96|10.8|7.84(0.98|78.4]10.93|9.35(1.87| 0 |87.9
Average 80.72 83.36 86.69
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M13197 6.36 A3 1IHANMTUUALSLINNINAIAWANYULIAY Mel-Frequency Spectral Histogram

) = : A o
waz Insevisdseannieon 1 %4 TaedidiuInua 960 Tnua

{autudau = 1 4ruanluualufuusn = 960
Fuausaulunisindau 50 100 300
[=8 [&] [=% Q [« (8]

WLIAWAY %Eégé%g;ﬁgé%gggé

HipHop 86 |7.48(0.93|1.87(3.74{90.6{4.72/0.94/1.89(1.89|94.4(/1.87| 0 |1.87|1.87

§ Jazz 6.42(79.8|6.42)|0.92|6.42|1.96/88.2| 4.9 |0.98(3.92| 0 [94.5|2.75|0.92|1.83

g Classic 0.97( 0 |94.2{1.94|291] 0 0 (98.1] O |1.89| O 0 [97.2(0.93(1.87

2 |Rock 3.81]0.95| 0 [93.3[1.9 (283 0 | 0 |953[1.89] 0 | 0 | 0 | 99 |0.95

E Folk 0.97|5.83(4.85|1.94|86.4|] 0 [4.95(5.94|0.99(88.1| 0 0 0 0 [100
Average 87.94 92.06 97.03
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Rock | 2 | o433 [MelFrequency Spectral 480 | 240 480 | 300
Histogram
3 | o411 [Mel-Frequency Spectral 480 | 480 960 50
Histogram
1 gg.3 |Mel-Frequency Spectral 480 | 120 360 | 300
Histogram
Folk 2 goq |Mel-Frequency Spectral 480 | 240 480 | 300
Histogram
3 g7 [Verrrequency Spectret 480 | 480 . 300
istogram
Mel-Frequency Spectral
1 86.78 Histogram 480 240 480 300
Average | 2 86.69 ﬂ.e"':req“e”"y Spectral 480 480 - 300
istogram
3 | ssgz [MelFrequency Spectral 480 | 480 960 | 300
Histogram
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TUsunsunanuagnidou Tao14T1lsunsy MATLAB ju 6.5.0.180913a Release 13

1 3/ d
1. M3 udoyanInIna .wav

MusicData = wavread(['F:\Music\HIPHOP\HipHop1.wav'],[1 44100]);
= 9 Y = w d‘. o .
Aemaadoyadai 1 838990 44100 910 1Wd HipHopl.wav

SongSize = wavread(['F:\Music\HIPHOP\HipHop1.wav'],'size");

AonsmvuIAtoyavouNal HipHopl .wav

2. M311 Pre-emphasis

Preemph = 0.7;
MusicData = filter([1 -Preemph], 1, MusicData);

Aomsi Frequency Filter Aum Pre-emphasis Factor 0.7

d o o
3. WeNTUNIIH Power Spectrum @2871591 Short-Time Fourier Transform

PowerSpectrum = powspec(MusicData, 44100, 0.2, 0.1)
#DM3M1 Power Spectrum #28m37H1 STFT 91ndo1ya MusicData il Sampling Rate 44100 uagdi
window size = 0.2 U7 UaY hop size = 0.1 Jun
Tﬂﬂﬁ Function "powspec" fo
function y = powspec(x, sr, wintime, steptime)
% compute the powerspectrum of the input signal.
% basically outputs a power spectrogram
% each column represents a power spectrum for a given frame

% each row represents a frequency

winpts = round(wintime*sr);

steppts = round(steptime*sr);



112

%to find the match number of FFT and the Sampling Rate
NFFT = 2*(ceil(log(winpts)/log(2)));
WINDOW = hamming(winpts);

NOVERLAP = winpts - steppts;

SAMPRATE = sr;
% Values coming out of rasta treat samples as integers,
% not range -1..1, hence scale up here to match (approx)

y = abs(specgram(x*32768,NFFT,SAMPRATE,WINDOW,NOVERLAP))."2;

4. P31 Mel-Frequency Scaling

sr=44100;

nbands = 50;

minfreq = 0;

maxfreq = 22050;

bwidth =1;

MelSpectrum = audspec(PowerSpectrum, sr, nbands, minfreq, maxfreq, bwidth);

MelSpectrum = postaud(MelSpectrum, maxfreq);

Aomsuas PowerSpectrum 1ﬁﬂ§1u Scale Y93 Mel %ﬂﬁ’luﬂ‘i MelSpectrum Tawdl sr fio sampling
rate = 44100, nbands AD$1UINU Mel AADINS = 50 Mel, ATWAMGATIRDIMSIIA3 0 Hz, A2 11D
qagafidoamsulag 22050 Hz

Tﬂﬂﬁ Function "audspec” o

function [aspectrum,wts] = audspec(pspectrum, sr, nfilts, minfreq, maxfreq, bwidth)

% perform critical band analysis (see PLP)

% takes power spectrogram as input
p p p

[nfregs,nframes] = size(pspectrum);
nfft = (nfreqs-1)*2;

wts = fft2zmelmx(nfft, sr, nfilts, bwidth, minfreq, maxfreq);



wts = wts(:, 1:nfreqs);

% Integrate FFT bins into Mel bins, in abs domains:

aspectrum = wts * pspectrum;

U Function "postaud” fio

function [y,eql] = postaud(x,fmax)

% do loudness equalization and cube root compression
% X = critical band filters

% rows = critical bands

% cols = frames

[nbands,nframes] = size(x);

% Include frequency points at extremes, discard later

nfpts = nbands;

bandcfhz = mel2hz(linspace(0, hz2mel(fmax), nfpts));

% Remove extremal bands (the ones that will be duplicated)

bandcfhz = bandcfthz(1:nfpts);

% Hynek's magic equal-loudness-curve formula

fsq = bandcthz.”2;

ftmp = fsq + 1.6e5;

eql = ((fsq./ftmp).”2) .* ((fsq + 1.44¢6)./(fsq + 9.61¢6));

% weight the critical bands

z = repmat(eql',1,nframes).*x;

113
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% cube root compress

z=z . (.33);

% replicate first and last band (because they are unreliable as calculated)

y = z([2,2:(nbands-1),nbands-11],:):

5. M3 Spectral Contrast

for j = 1:50;
SortSpectrum = (sort(MelSpectrum(j,(1:100)"));
(o5 a1y Mel Spectrum 100 Frames finnuda ﬁj)
Valley = log{mean(SortSpectrum (1:2)));
Peak = log(mean(SortSpectrum (99:100)));
(V1 Peak 11Dy Valley mnﬂ'mﬁ'ﬂ‘um Spectrum 2 ’ljﬂﬁﬂﬁwlmz 2 AALLIN)
SpectContrast(j,i) = Peak - Valley;
SpectCpntrast(j+50,i) = Valley;

end;

6. Neural Network

InputData =[SpectConHipHop SpectConJazz SpectConClassic SpectConRock SpectConFolk];
net = newff(minmax(InputData),[360 720 5],{'tansig' 'tansig' 'tansig'},'trainscg');

(%13 Neural Network Tn1i%iia Feed Forward TagfiFusou 2 $1 $uusnil 360 Node 47
2 31 720 Node ua:mia:‘i'?u“l%' Function Tan Sigmoid 17 Train 1%’%11?1814%0 Scaled Conjugate

Gradient - trainscg)

net = init(net);

(quansuduveaimiinuag luuee)
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net.trainParam.epochs = 100;
net.trainParam.show = §;

¥ ¥ ]
@a8112u5ouTUMT Train = 100 AT LAZUAAINAYAY 5 TOUNRINT Train)

OutputData (1,1:100)=1;

OutputData (2,101:200)=1;
OutputData (3,201:300)=1;
OutputData (4,301:400)=1;
OutputData (5,401:500)=1,

¥ » . ¥
(A3 Output §1M5V Output Node 1iilu 1 ogrimsudin nput Midhumasmniug)

net = train(net,InputData,OutputData);

(ﬁﬂﬁ Train Neural Network)

Result = sim(net,InputData);

(mAaauen152iNA18 Neural Network #1 Train 1183 498 Tnput Data A7 1% Train)
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Automatic Music Genre Classification Using Artificial
Neural Network

Nuntaput Ampawanon and Yuttana Kidjaidure

Faculty of Engineering King Mogkut's Instute of Technology Ladkabang
Ladkrabang, Bangkok 10520 Thailand
Enail: amman2 13 a hotmail.com and hky nitan @ knutLac.th

ABSTRACT

This research is abour clissification of nusic genre
into hip-hop. jazes. classic. rock and folk that is alwas
seen i the pre-set equalizer of stereo, Difticully s the
variety of msic. Spectial fealure seems 1o be the most
appropriaie feature so we propase a new madel thit uses
speetrnl based called Spectral Histogram. Using Mel-
Fregueney scafe and Octve-Based scale, we con reduce
the number and variation of spectral data, Three Kinds of
spectral feature -Speetral Mean, Spectral Contrast ond
Spectral Histograme. are tested with Neuml Network fo
compare the perfonnance of cach feature. In tns paper
we use Buck-propagation Neural Network with scaled
conjugate gradient traming method for data classifving.
Ihere are 1000 songs in the darbase. Five-hundred songs
are tmining-set data and other 300 songs are test=set dawa.

Keanords: Music Genre Clissification. Nearl Network,
Scaled Conjugate Gradient. Spectial Histogram. Spectral
Contrast. Mel-Frequeney. Octav c-Based

L. Introduction

Musical Genre s anomportant description for imusic
classifying which can represent the fype of instrument
being played in the song and s configuration and also
represent play ing sty les, votes and scales of music.

Nowadays. music in digital media s very popular.
Digital songs e distnbuted  thronghour the  mitermet,
Database manageneut is nnportamt for i large hbrary of
songs. When people scarch the songs. they would talk
about artist mame. albim name and genre. Autoniitic
mosic  genre  classification is helpful. Music  genre
whennhication can ilso be the new feature of digital media
player both in soltware and hardware,

Autongnic Music Genre Classification 1s attracting
interest from the researchers. Since 2000, there are many
iescarches in this lickd. Many kinds of feature are tested
with vimons classificrs. In carly work |1}, MFCC (Mel-
Frequency Ceptral Coclficient) 35 wsed as [eature with
GMM (Ganssian Mixture Modely and TreeQ 1o classify
175 songs mto 6 genres The accuracy is 92% in GMM
ankd V0%, 1 Tree() In 2] Trametakis compared 3 feture
sels inchuding Trimbral Texiure, Bear Histograom: and
Piteh Content with GMM classifier. classifics 1000 songs
into 10 genres and ger o1% accuriey. Dan-Ning Jiang |3]
can reach 2% acenraey with the new feuare Spectral
Contrast in classilfying 1500 songs to 5 genres. This new

feature is very imeresting because 1f combines spectral
data and temporal data. Li [4] used Daubechies Wavelet
Cocllicient Histogrun with 4 classifiers GMM. K-NN,
LDA and SVM. The accumey of 79% in SVM classilicr
is the best performanee. In |3] ey tried o classify 1,699
songs mio b genres consisting of Pop. Rock. Jazz and
Classic with e highelevel  featnre that they - call
Instrumental Feature, Fhis feaure retneves the hind of
instnunent using m the songs. This kind of feamre is
eoad for classifving Jazz and Rock music. In the reeent
work [6-8]. they used MFCC as leatres and ned (o
develop the classifier woxdel Tor the higher accuracy

Principal Component Analysis 1s often used as the
pre-processor before the classificanion. This way. the data
would be destroyed. Also, MFCC produced from Mel-
Frequency  Spectim via DCT destroys  some ol
inforuation. This makes limitation ol the classification
method. Thus we selected the Amficial Neural Network
that ¢ be used with many kinds of feature, T is o very
Mexible  classifier.  Furthenmore.  the  trmined  Neurl
Network is very ¢asy o iplement, both in software and
hardware. Three features used in this paper are Speetral
Mean, Spectrat Contrast and Spectral Histogrim.

In section 2. we will deseribe the features extraction.
Anificial Nenral Network that is used is described in
section 3. Experimental configuration is explained in
section 4. ‘The resnlts are shown in section 3 and the
conclnston provided in section 6

2, FEATURES EXTRACTION

In this paper. we will focus on spectrl features
because high variation of music tempo would not affect
the classification. Mel-Frequency Scaling and Octave-
Based Scaling are nsed (o reduce the rmmber ol spectrum
Log scale is used lo reduce the varmance of spectril
amplitude All power spectmuns are reineved from audio
signal by Short-Time Fourier Transferm (STFT). Three
features -Spectral Mean. Spectral Contrast and Spectral
Histogram- are compared based on both Mel-Frequency
Scale and Oclave-Based scale, Spectral Histogram is a
new feature that is the improved version o Speetral
Contrast

2.1 Spectral Mean

First. the audio signal would be equalized with pre-
cmphasis. Then we perform the STFT on the signal to get
the power spectrum with the windew size of 0.2 see and
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hop size of 0.1 se¢ and all frones are smoothened by
Haming's Window. We scale the spechums with Mel-
Frequeney seale 1o rednee o munber of spectiims o
SUONels i also seale these spectiums with Oclive-
Based seale 10 rednce munuber of than 1o 6 Octin e-Based
sub-bands. We ten tike log w equahize amplhitude of the
spectrums, Finallv, we average 99 frivmes of spectnnn to
one Came of spectral mean. This kand of featwe can
represent the overall tone of the song

2.2 Spectral Contrast

I [3] we have seen that speetral contrmst can make a
Ingh accuraey for classification. The speciral contrast is
e duflerence between the strength of spectral peak. and
the strength o spectral valley. First the audio signal is
caualized with pre-emphasis. And then the STFT s
performed on the signal with window sizc ol 0.2 sec and
hep size of 0.1 sce Like the Spectral Mean to gel power
spectiums. Fhe spectruing would be sealed with both
Mel-Frequency sealing and Octave-Based sealmg. Then
e scaled spectnims are soted in descending order in
cach band. We can ger the speetral peak and the speciral
valley by taking log 1o the average value in the small
neighborhood around the maximum and minimumn value.
In |3]. they use 002 of the total number of frames in cach
sub-band and also used in this paper. To hecp more
spectral anformation. the strength of spectral valley is
kept in the spectral contrast leature.

The strength of peak and valley can be represented in
these equations:

1 72l )
Peak, = log{—ﬁz Y m
alley, = log 5. - (2)
And (heir difference is:
SC, = Peak, - Talley, )

where Nis the total number in &-th sub-band. k]1.6] in
Oclave-based scale and ke |1.30) in Mel-Frequency scale.
and \ 15 the sorted power spectrum in A= sub-band.

WSO altevy s used as the Spectral Contrast
teature. The strength of spectral valleys is also contained
inthe featre 1o keep more spectral information.

2.3 Spectral Histogram

From the Spectral Contrast feature, soned spectrums
in cich sub-band contain  some information.  They
represent the distribution of power m cach band of
frequencics. Therefore. we call it Specirml Histogram. In
Spectral Conteast, only the difference between spectral
ptk and spectral valley is used. However, the shape of
spectral distribution is significant.

To get the Spectral Histogram, the scaled spectums
wust be soried  In this paper. we have 99 feones of
spectnuns Thus, the sorted spectmms necd 1o be sampled
lo redoce the mnmber of featnre Aler the samplmg, we
will get 10 values meach sub-band. winch are woally 500
values on Mel-Frequeney scaling mput and 60 values on
Octve-Based sealing nput.

Comparnson of calculation proceduie ol these three
Teatnre extractions 1s shown in ligure 1.

Seang

2
prerd
hton
»| = lez -
13
M Fajetay i
B T LA ~~~p—| Lig =
<

Fig.l: Procedure of fap Spectral Mean 1b; Speciral
Conrrpast ees Spectral Histogram

3. NEURALNETWORK

The neural network that is used in this paper is Muhi
Layers Back-Propagation Neural Network, There are 400
nodes in the [irst layer, 800 nodes in the second layer and
3 Output nedes. The number of Input Nenrons depends
on the number of dimensions of cach feature. We nsed 6
and 30 dimensions with Octave-Based Spectral Mean and
Mel-Frequency Spectral Mean, 12 and 10 dimensions i
Qctave-Bused  Spectral  Contrast  and  Mel-Frequency
Spectral Contrast, 60 and 300 dimensions in Octave-
Based Spectral Fistogram and Mel-Frequency Spectral
Histogram respectively. The Qutput classes are Hip-Hop.
Jaze, Classical. Rock. and Folk. Tan Sigmoid function is
used in all lavers. The Neural Network is tained using
Scaled Conjugate Gradient method (“trainseg” procedure
in MATLAB 6.3) in [9]. This riming algonthm was
developed from Levenberg-Marquardt algorithm and
Conjugate  Gradieur — Algorithmm 1o decrease  lime
consumed by Conjugate Gradient algonthm and also use
less  memory  than Levenberg-Marquardt  algorithm,
Structure of the Neural Network is shown in ligure 2.
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[ Rock [0 |
{ Folk 7 e

wr i
4=

Table 3: Confirsion Marix of Using 6 Ocrave-Bused
Spectred Histogram Featires

HipHop | Jazz | Classic | Rock | Folk

HipHop 80 Y 0 11 0

Jazz 3 70 3 0 18

a FoMopan areF Lwigp 3 0L weh Classic = 1 80 3 3
0 ol LSV ET LW I - b Lot Rock 4 1 | 89 5

Folk i 12 3 2 80

Fig, 2: Siructare of e Newral Senvork
Iy ol

4. EXPERIMENTS

All songs in our expenments are collesied from
www.amazencom [10] and wwaw download.com |11] in
the free download section. They are full MP3 files
including 1.0GO songs in 5 zenres In each genre, he sets
ol 200 senps are divided mio 100 songs ol triming-sel
data and 100 sangs of westing-set dita Afierwirrd we
convert MP3 files 1o WAV files with 44100-Klz
sampling rte, 16 Bits of depth in mono type. Then we
ke a 10-sccond clip from (e middle of cach song, All
clips are cqualized with 0.7 pre-cmphasis. STFT is used
1o get the power spectrums of audio signal with 200-ms
window size and [00-ms hop size. Thus, 99 frames are
obtained from a chip. A set of feature is extracted from
these 99 frames of spectrum, All sets of leawre in all
penres are used 10 trun the Neural Network for 100 times
in barch mode. The target valves are set 1o | Tor ngh
penre class and 0 for (the wrong ones.

5, CLASSIFICATION RESULTS

Results would be represented in confusion matrix.
These are the results of classification in 1esting-sat data,
Using  Spectral Mean Features,  accuracy  of  1he
classification 1s shown in lable 1 and 4 Table 2 and 3 15
the results of using Spectral Contrast features, Table 3
and 0 shows the results of wsmg Speciral Histogrmm
features.

Table 1: Confision Marrix of Using 6 Ociave-Based
Speciral Mean Features

HipHop | Jazz | Classic | Rock | Folk
Hipllop 82 | 0 17 0
Jacs 8 S50 7 2 27
Classic | 4 86 2 7
Rock 12 8 1 it |
Folk 3 40 i 0 4%

Table 2: Confieston Niatrix of Csmg 6 Octenve-lBaved
Speciral Contrast Features

HipHop | Jazz | Classic | Rock | Folk
HipHop 83 ] 1 6 1
Jarz 10 O3 2 ] 22
Classic 2 ] 84 N b

Table 4: Cunfuxion Nawriv of O sing S0 Nel-Freguenes
Spectial Mean Features

HipHop | Jazz_ | Classic | Rock [ Folk
Hipliop 80 8 (0 10 2
Jasz 10 59 7 4 20
Classic 2 1 94 1 2
Rock 7 [0 3 88 2
Folk 1 17 7 1] 75

Table 5: Confision Mawix of Using30 Mel-Frequency
Speciral Contrast Features

HipHop | Jazz | Classic | Rock | Folk
HipHop 78 9 0 9 -+
Jazz i 03 ki 2 I8
Classic 2 3 $9 | 3
Rock 10 4 1 83 2
Folk 9 15 Y | 06

Fable 6: Confusion Marrix of Tsing 50 Mel-Freyuency
Spectral Histogram Feoarwves

HipHop | Juzz | Classic | Rock | Folk
HipHop R0 9 () 6 3
Vs 10 74 6 3 7
Classic | ) Y3 1 0
Rock 3 2 | ) 4
FFolk | O 5 3 85

Table 7: Comperison of Overail Classification decuiracy

SM 5C SH
Octay e-Scale TO0%, 76.6%% §2.2%
Mel-Seale 79.2% 76,2% $4.4%

Table 7 is the companson of overall clssification
accuracy of cach feature where SM is Spectral Mean
Featre. SC s Spectral Comtrmast Fealre and SH 15
Spectral  Histogram  Feature.  Using  Spectil - Mean
Featnre, we obtain a noticeable  difference between
Octave-Scale and Mel-Scale because there are oo few
dimensions  of  Octinve-Seale  feawres, The best
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perfonmance feature is Spectral Histogmm with botl the
Octave-Scale and Mel-Scale,

120 .
80 L
70 | L
50 i
30
4 ke
30 i
20 = |5
19 — -

HipHop  Jazz  Classle  Rock Folk

| OSpectralhlean D Spectral Contrast O Spectral Histogram |

Fig. 2: Comparison of Ocrave-Bused Fewinres

In Fig. 2. we compare cach feature in Octave-Based
Scale. There s a lintle difference between the features in
HipHop and Clussic type while in Jasz und Folk, the
classilication accuraey s higher in Spectrl Contrast and
highest in Specirt Histogram In- Rock  tvpe. the
classification is the best when we used Spectral
Histogram,

Jazz  Classic  Rock Folk

i OSpectralbean B Spectral Contrast T Spectral Histogram ;
i }

Fig. 3: Comparisan of Mel-Frequency Featnres

Figure 3 is the comparison of the features in Mel-
Frequensy Seale. In Jazz and Folk type, we can incrense
the performance with the Spectral Histogram femure. The
classification accuracy of Jazz is always low in many
researches becanse of its variety,

6. CONCLUSION

The proposed feature, Speciral  Histogram  can
perform the best classification with Neurl Nemwork, It
can reach 34.4% of accurcy mose than Spectral Mean
and Spectral Contrast on the 10-second music clips. With
this kind of feature. there is a lide difference bemween
scaling with Mel-Scale and Octive-Saale. As i result, i
we would like to aveid the tnne and memon consumed.
we am use Octne-Based Speairl Histogrm 1o gel

higher accurney . Classification aceuracy of Jazz and Folk
can be incrensed because it can represent the shape of
power distnbution of cuch freqneney band. This shape of
power distnbution also contams the temporal belavior of
music sigml that could play an impoermn role in
identify ing the genre of musics,
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