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ABSTRACT

Genre classification is a process of grouping similarities, such as patterns, styles, or
objectives with management data as already in the music (e.g. pop and rock). It is used
along with the classification of topics.

This paper will classify songs from the audio signals to a hierarchy of musical
genres by using feature extraction. Trimbral texture, rhythmic content and pitch content
has been used as the main feature sets. Feature selection was selected by using
Particle Swarm Optimization (PSO) and sent selected feature to classification. The result
in classification has low accuracy. Thus, using stacking ensemble method is to improve
the prediction.

In this paper, the purpose is to improve the prediction by using stacking ensemble
method. Stacking ensemble has consists of two levels, base classifier and meta-classifier.
In base classifier consists of 5 classification; K-Nearest Neighbors (k-NN), Decision Tree
(DT), Random Forest, Support Vector Machines (SVM), and Naive Bayes. This process was

generated to build multiple classifier predictors and sent to meta-classifier. In the



process of meta-classifier will create a new model to predict test data. The new model

has been created from neural network which train data is the output of base classifier.
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2.1.3 EDM (Electronic Dance Music)
EDM #30%aifn 9 11 Electronic Dance Music tutuivesnundflasuainuionlu
fsUsemeduagaunn suinnnatedununInsenandnlunal FauInunswuyU EDM Aagly

isesnunsBdnvsedinduasinaluladilundn iwugduuuibianuddnaun ATuAse 08N9Y



anvundu Ingazegluguuuues Digital Famsileelsuniuunn dwsulufiedvenzsiuw

ado ! a Y a

AUMSNILIUBLNAURAUINTT “LNAIRA” LD

9

a

aumswuBlannIedndiiintuanlauiuudy Weswsinenusenteiusineg Aeeisunva

a

Tunuaadu EDM Talaurunnil Inea1in EDM iudennadonlavunnlugie 10 nnd9iknumn

i a =

109 9LENAUVDUNATNIIN House Music iinTunanauglsuilumaiinnanioguriua

q

£ '
Y = A

leAnAuTuuliosnitlidesnismasuiifeniuiuauiig Tudiavategs 70 Gaasdugn 80
Jugefiauiadisulasuniseensuuniuses s Tudisnaifanaamaswu Soul, Funk, Disco
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UL LARIANUNLUNIINNITLAUIUINA 995 8 I UU UL AUUIUNSBINAILAULNIANNNIN
suwssvilinszuamaitusuiess) sudilvluldeandnn nanedunmsunnwauanisiuauns
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2.1.4 Reggae
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2.1.5 Music Box

o a o

! a oA : oy sl va A v o
nNaoInUA3 138 Music box TauAndau1nseasluluadnldfiiouaniial aangs fiu
sedivintawsn waszdaluaruazluasiidesasiuanmany naifudazliswdudsanas
aenilafidsnne wasdgninunldiuedaunsvateunauyniudnfe masnalumes visu
(Westminster Chimes) HuLa4
U Aufl. 1796 W1e a8wmau #1iag (Antoine Favre) 313illa9alin Ussinaainiwesiauni
a Y o - ) Yoo ¥ a v A v
wetleaadeanainsydaudaudas Insldundansiazgnauluinununauveslesienyn
wian W liduwnindesauns U a.a. 1802 wiweasmiu Ws ladmanuussivgainan
weadiuldatlunaasetng iWundeseninginas (Music snuff box) Fsdioilusuwuuveinass
¢ 1
AURSIULIAGENN
Tuga9l a.A. 1850-1870 fevdutaefifinisyszAvgnaetaunsiiusednngansludiy
Heunauwaziindes ntulugaet a.e. 1880 anaiunssunisuannsyuantane (Cylinder)
Y d' ' [ A a ! Y va o o ! a a [
Wewlun Wendeunasdunfeuwnsvaty Jaguulalimsiaunindesauniundadumadly

sULuuras mp3 lngvihnisdndsaiieseseenluaumaaurdung wagyiues
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foslunandu q fefuwasarielsdumasiidoudalisuamuiaurioryn wiaznauasloma
uavazdinmaidsuulamanszuatouegurnii axliresiimaseunzni sumasgnijsuazgn
N3

Tuduvesuszmdlnglfinsussmamadlnganauulvidsiiensesemuliude as
anssnouly ldiedontnaufnnfidundn rundafon Adumeadida Sudueildsuauien
98139110 N1endWnnsAngy 2521 wasanselasuanudenduagiain inenunilnge
usndusuaumin uenanimasandsdaduiiteulunainaudstiagtu Aalluniermunifidu
29an3e 1w 29MUTH 29DnLed, 2auamauay, Juvvyiaaes Hudy
2.2 Adpiieatas

U EiF UL UITEVe T George Tzanetakis waw Perry Cook [1] dufunu
NguKINe ﬁﬁuﬂ%LLa33%’8Lﬁmﬁumﬁwmwyjummum% ngldwmadia timbral texture,
rhythmic content ag pitch content lun1suenamantfveusnsUseinnuuInue3 waglden
UNUIZANUUY K-Nearest Neighbor %"‘Nm‘iﬁ’aﬁﬂﬁmmﬁmmmgﬂéfawszmm 62%

TurAdeiiniddsugsnmahuisnaresnisiananuuinus? Tasvhnmaduiinos
Trnndunnauidedisld 30 faedifu 43 Maes uarldinata Stacking snrelun1suiuuss

nsviungliA1ANgNARININTY

2.3 nsugnAmanuay (feature extraction)
nsuenAudnuzinTeIfunsanUSnuvessuIudeyafifosnseSunsyndeyavuin
gy Lﬁaﬁmﬁ’jmeﬁsi’fayuaﬁ%’u%au wilslutlaymifidrfinaindiuaudaudsinieades ns
Ansgidefmussinunniaeilufenismieanudtunisiwrasnn envilidanesfiu
M5 mundszianiin overfit fudayanisimsu uazinlinuninvesdoyaluisinas nsuen

[

andnuuzdudnyiiiludusuisnsateedsausesiaudsiitouslodgmunani lnediag

oSuetoyaremumiugTifisme
TusAteiildynamandivdnauusenisdmiunisueniioes Tngldyaiiinosnaiu i

.@uslag Tzanetakis & Cook [1] Hiaesldarusautseenifuarungs 1dun iz (Beat

related) , LUpLds9 (Timbral texture) way seauLded (Pitch related)
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2.3.1 Rhythmic Content Features (Beat)
AaautRlom o dudnvaznisndeulmvesdygyramasdeonarivlydiileed

Toyavesdynnegie 1Y ANNABAAIDIUBITINIE 1AT9AT1NTMIgNATIITUANTEEZANT

Y

s o

m'u%’mﬁqmaaﬁfgzgwm Induiinesiiruralnel¥8alaunsumuiaen (Beat Histogram) [1] #
Salaunsuanunsoadisldannisuladyaanian Tnsuendyaimeonifunuiuuy octave
bands \ieusnarmdoonudnhlusiusinsosmududnidyyiamvinsaadeya (down
sampling) mmfuﬁwmauﬂ"]La?iasuaaéi’zgmmiuwiamwuﬁ sSentuneunTidinisuen
nseudaayas (Envelope Extraction) antuthdaayiadisiunisii Envelope unsauiulaeis

Autocorrelation wdavhn1sidenegegnesneundyaitaamusditiuvindugalawnsy

2.3.2 Timbral Texture Features
Tngvluiaes Timbral aglinadesmn wagnisiindomn InsuonuezauuaN19wes
= % & Ao o = = 1% Y wa & o !
Hueagilanildanaziileunsendtgiu [2] lunisuenpuandfiveuileidgsagiug
Tygandeeeniludunandng wilsenisthdyaranuvasdunsesluginiaisudu (Shot
Time Fourier Transform) wiathAflauinainasilaganisuuassieslugisiaduduen

Adaeaazlaiduaiannsu

2.3.2.1 dulnnsalrunsasn (Spectral Centroid)
AauantRninanasviounudiuvesdygyrandssuasamailugeaunavesaiuna sy loy

o | = a o Y1 o/ & =
UIAIAIUNVDILFYINIATUIEY a]zlmmamﬂmamumaam AYFUN1IN 2.1

N
C ! Zn:lMt[n]*n
N N
Yn=1M¢[n]
oo M, [n] fe Ausinfanvas Fourier transform Myl £ wavawidi bin 1
t 7

2.3.2.2 d@ldnnialsasanl (Spectral Rolloff)

awnnia roll off AvdnTINITaANEUYBIRY Y IMABTILIUAMLRTIUABULU AruAALR

R = R () Tdenmdasiiu r% vean1snszaevwinwiindyn Tuawidedlden rolloff r = 80%

YR M [n] =7+ ¥N_ M,[n] 22)
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2.3.2.3 dwnndanand (Spectral Flux)
awnniandndgnimualiluitauinisvesanuandeunaazgnauiaduaiy
1 <@ a 1 ] [ 1 ¥ [ [ 6 @ [ a
LmﬂmwawmmLLuﬂugmsmNLWimﬂwuuﬂmWimawm alnpsunangdunisinusune

nsdvullasaidnasuanizd (local spectral)

— N 2
F = n=1(Nt[n] - Nt—1[n]) (2.3)
Ino?l Ni[n] and N._;[n] fe n1sueuelsduiiniigaues Fourier transform

PUWN E Ay t — 1 AUaINU

2.3.2.4 ¥13paaa%s (Zero Crossings)

s

Flsnsoatauiaduilosegrmaunuludyaufdneaddyuiunisiu Nesdoniuuali
&

< T U

aglulamreaian Faluszlenilunisnsraaeuusunuvedsssuniu (noise) ludyayin

N_{lsign(x[n]) — sign(x[n = 1])| (2.0)
Taeitileitu sign 13u 1 dwdunsdoudadavinuas 0 dwsunstaudadeay

2.3.2.5 AULINLHYS

AU LA NI AIUINAAINENT Root mean square (RMS) ialdlun1sdnuun

[

UseLanveinun3laggainaauidueudes miuduvendewnnasduiuaun i w

2 ¥

faUNLAsap szt dulLIAUAS I IIZEN

v(n) = \/ % SNESE(D) (2.5)

=y 1 £ =

1ng v(n) AB AIAINULTLLEES
N Ao BnU sy
Sp (1) Ao dudnegedifun i vaunsud n

n A8 a1RUTBLNTY

2.3.3 szautidades (Pitch Content Features)
FanNeITINN1INTITUTEAULELY (pitch) [4] o5unelne Tolonen wag Karjalainen [3] Pitch

[ a4 o = & A 2/ = ! 1 a a wva
L‘U“LJWN&IﬂWU%WU‘U@QﬁiUQJ}']mLﬁENY‘\Ij@ Wummimummmﬂmg%ﬂisLmuimwmimmmamum

«a o
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YO9ITAULEY NMsAnwmraIliiasan ANl pitch, 1n153LAT1ERN19EDRY0IALRABVBITEAU

e uazduleauuannsgu dyaa pitch gnasieliuiiiasninnisduasiieuveddessos

IumiLLané’aumunm?wﬂﬁaeﬂu‘lmL:uusuaﬂmmﬁLiﬁmﬁamﬂﬁﬂﬁuﬂisﬁwémﬂam%’mmmu
Auda (Mel-Frequency Cepstral Coefficients, MFCC) [1] LL@%ﬂ’]iLLUﬁﬂWﬁLEJ'%GIJ"NL’Janu
(Short Time Fourier Transform) MFCC ifudnwagisuiiuiuusanandulssaviiedanfuund
fensuivainaveaanaiulieguuainaiminzand miunisuilavesuyud Faldinng
gonuuvanavesailnasuliaunseiusisandenve sy iendesiieninudnilduinndd
Boni1 anawia (Mel scale) gnslumsutamhennidsmdldilunievesanama faaunsi

2.6

m = 259510g10(% + 1) (2.6)

laen m fio Anudluniisvesdinaia waz f Aornudveudssluluidunss undyqn

12 i

nlaarnnisideuntidisluriunszsuiuniskuasnSiedI93aidu (Short Time Fourier

o

Transform) tewAeudaaandestioglulamuniiug

A

2.3.4 n’l'iLL‘tJaW\IﬁLEJ%ﬁ’NL'Ja']ﬁu (Short Time Fourier Transform)

Wunszuiumsnmeadaaansiivesuislasediiwesseuudgyaniiussnousmodyyin

o

laNEnane s dee N sannu SuannishenUasdygrandulawuninud (frequency domain)

>

myendygalulamunateasauina18Ismeiuu N1TATzdygIulag
mauUaaySieslugiaiaidudu (Shot Time Fourier Transform) Wuignisnilsdmsunisuans
duaralulawunaiwazauilagendamaia Fourier Transform 38n15v19ulngagLden

USRI Y IUNFDINITIATIINAIAN UL YIINITAIM Fourier Transform Uasdeyayio

a

Moglu window vinlnlavayaaiudiiaiug seul e window function UIuLIaUYDS

U 2

dryynas wa2¥I1n13AUIn Fourier Transform vinwiuilluizasq aunsudygi gavineazle

<

€

o

Uoyavesdngalulaunaliazaiig

Y
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sweces [N
TS

SPECTRAL
FRAMES

g‘dﬁ 2.1 Shot Time Fourier Transform

2.3.5 miulaaanian (Wavelet Transform)
a Iy Y A Yo @ = % Yy
mMaaseidygramedimuUataniaalasumsiauieldlunsuidagmaliaunse
Anfiunsiatuniswvasisiosuasnisulasysioslugininidudu lnganuisausugisiaiuay
ANNALIINEENANAINABINTS A MInUgesIawesilantuntsnslrieiTudmalvidoya
YIANUDATAINNINTS hazarantanaarvesilenduniisslilasassvdnalvivoyadae

a4 a = w W -
AIMUDENUAINULNEINTIYUNU muam‘iugﬂw 2.2

Wavelet

Scale

Amplitude
w
=]
(=]

J Transform

0 1000 2000 3000 4000 0 02 0.4 06 0.8 1
Time Time

JUN 2.2 mliasgvidanaensuasavian

i

FINTIATIENAYIMITENsUUALINaRIzLARITRY AR ILAE IR d1U13alNTS

A7}
v =

¢ o Ay v a o a a0 a & o [
PIIERd QI UL IENLe Tnsnwiaaldnvusilawndinyfe auntnvesilenduraandu

[

WIULANIINAULUUSURYINUY LazAULUUAINaUEENIT Wlaawd (mother wavelet) &9

)

AaunNianlukdaznduiinannsusvananianinIstansenavaiianiyl uagn1saou

o 1 dl L dl
FLAUINLLAAIUULNULIAT ANFUNTITN 2.7

Yap(t) = \/ia lp(%) 2.7)
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”ﬁgzgmﬁmumzmuﬂmwaaL’;‘V\ILamxﬁmswﬂé’cgﬁg’]miugﬂmaqL’;WLamLLm’ImﬂﬁmiU%'U
anauaziuisiunnssiueenly Geannsautsguuvunsuvasavianyialld 2 Ussuande
nswdadianuuurailas (continuous wavelet transform) wagn1suUadINiankuuLiy
1y (discrete wavelet transform)

1.nsuasaianuuusedies (continuous wavelet transform) Tésunsauifieudle
PomesmisulasiBiosluraainadudu faruedeedsiuluduvesdyganfuargnamude
laiunmian fnsudasFesluranaduduiuazgnanmeiisidundiig Tnsmnuniaes
mﬁwhﬂummﬁamwLamzm?{ammaﬂﬂﬁam naANITIATIEd Ity ANesAINd

2.n1sutasanaaluudNnUle (discrete wavelet transform) ﬂ’@umﬁmﬁauf“ﬂmﬂmm
gaan1suUasnanLuUsaLiies Imaﬁgmwumiﬂ%'uamaLLazmiLfﬁ'au&?%mﬂﬁué’ﬂwmzﬂw&w6]

Ao oA Y}
Pluvoiiinaiu

- A

2.4 n13aaLaan feature (feature selection)
Tunasdauanynaaudinlilunisesuigdegiduyadea Wesanniaesniusslevi

finarhisarmihdadifwesdiwiuannieldesuiemedgislugadeya wiuladadtlilidees

gj Ao 6 o U U 1A 5 al 1 d‘ v =) g i a a [

Mauaniuselevddmiunisianuiany fnesnlineitewmsed denannanUsed@nsninnsin

Iy [5] dane3fiunisimundsznndnyszaulymainifvesdayaiiosaniliaesdnuiu

s N A

wintugadeya deiunisdeniiweinienieniinisidendnusesgniauailutunaunis
Ussanaradeyadimiiiieaavseidaniaaiilineitesuasi1dou
n1siaenilinesgnimualaedniTevatgauainyulesiuanaeiu widulngaiy

pdneadeny (5] Temwseluilidumdarinauiinsourquuesnisidonilias

[y v o = = & A = 1 | 6
- MIUTUUTAINGNADIVDINITNIUNUTZLAY: NTEDNWLIDT ADNITLADNYALDEVDINLIDT
dmsunsusulaseansainnsdaviiavy vieananududouretiuuitasdlaglian
AMULUUEINTUNTIUNUSLNNVDIFTILENUSLANTNAT19TU
& = & & 9 | | < a Ao & ~ P
ANUMINEaN: N15Ranillaes AensAunengasvuIngavualanigandnlunasiiisanefiay
adueveya [10]
Feature selection a1u1sawusaantau 3 35 lown A50awes (Filter Method), 35usutla$
(Wrapper Method) waz35#67 (Embedded Method)
1.33 Filter Wunisaadaniiaasiasldniseuiamnaidintdngsenvazidumainudunus

syinufazillesuazaaaniey Lavazidenillaeslagsesainuauainutniaiuialaudd
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' v
= s 1 o

donllesniaiminuinninfidesnisuildausely 15019861991035015 Wrapper #537

—

(%
=]

FEnstarliifinnsadslumaiiedndoniiaes wmedalunisiuaniing nvediaedineg i
1a1e75 1w Information Gain, Chi-Square %39 Correlation

2,33 Wrapper [7] funisfnideniiwessiensadialuna (classification model) Jusn
Pnasvestiiaesiinmunliazinussansannisviauvedluea wazdenamvesiiaesiiviily
Tunafiuszansamanndigaunldau wu Tumafiliaiainugndes (accuracy) undign n1g

Andeniliaasmeisnistuusdesladu 2 uuulugq Ao Forward Selection WWun1sasaluna

{
1 oa

Tngnsifiniinesiias 1 Waes drlwesnladulrlssdnsamnnnasiiulivazidenfliaesous

<

yiiusalUauyseansnimeedunalilefduiasnenyinau

9

Backward Elimination tJunasasaslataafisuainnislaiiassianunnaulazdn (eliminate)

v
o v a

Hwesnlddngnsluiagiimesiusz@ninmauidailinesous mely
3.35 Embedded 1W1asnn1seatdansanusidudiundslunszuiunisawunilsenneis

Aa o

Tnevinnisidanwng e NIfLUsimzalukiaztunauls wiauldiunisasismwuudnsuy

a1 A a o

nsuuNUsELAN F93sRsdnwaMzanenUITLIUWe s sHnAnAuIsNsTkunUseLnni
RINILRNLDI weldalunsUsEananatagnIIswsUlas

g.J/ [ £ A8 i 1 aa (3 . A

wa1e9 Astlun1sdmunyssinndeya (classification) agwuiuwennidag (attribute) w38

395 (feature) TN LU N1TIMUNUTLANTDAUTAUAR (sentiment) aantdulTauan

(positive) MsoLT9aU (negative) HuardsruuAludonIumeg Aluduiliaesdwiuunn faes
1 dy v & M va o w I < a & a Y @ 6’5 =

wianduwsunldladannudAglunisuvatenaaia (class) oontdudsuiniolisauld Atuia

o

o & v o o A a sa o v Ay & a vao .
T\]WLUu@aﬁmqﬂqiﬂ@La@ﬂWLﬁ]@iWaqﬂmﬁquﬂﬂqu IUQWU’JT\]B‘NLa@ﬂI%QSﬂqiﬂJ@Q Particle Swarm

]

Optimization (PSO)

2.4.1 MsmATmENZaNTIgALUUNgNaUNIA (Particle Swarm Optimization)
NSYIANMNNEANNAAKUUNGUBUAIA (Particle Swarm Optimization) [8] #58 PSO
WauTulnedluesansalaziAulun (J.Kennedy and R.Eberthart, 1995) lagfiuuiAnN1a1nn1g
1889TTNMIMANNULAUNFAIINNYANTIUNITAUN VIO MNT VR SR Lagiangglaun
NaUan
Y
) 1 oA =% o W a [ P S S P S Va2 A a
megrady dungwmilaidedudumemsegiuivils Neediamsegiie@unedluuiiou

1al o 1

W unyndrlinermsegiduni vy uiduingruwinduiinduegvininemisvinlng

Y

Tngilonindutululuusazyas winduazmsveeiweaiuanumaweIvng wasuniiageaziden
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Sumuuniiieglndomsnniian mndumindufiazdutisioly Taeflunfssgyindgudly
3oy aumnsuduunfunaseinns 91niBnsmenmnsvessunisaziiuin lunisdmun
Munsszezvinsvesdnsiuainumase s uaznsinduladumuundafitusglndundiotnis
uniign luusagdisagliinantesinn susgmilousudumenguiuluuuudelies

PSO \fumssiaosnismeoimsvesgsun Tumsmemnefigauuuil unuazslugsay
gnunusigeynia (particle) lusyniausaziiaxilal Anda (fitness value) fluandeszozing
VBIITUIINUNA D INNS TmEJaymﬂﬁy’wmwﬁumuagmﬂ‘“ AflniiinfiAnanlunsazdae/sou
(Iteration)

LUANYBY PSO agiEudufenIsdumIdLmavetaynia @siunisengg veseynia

@A o

Y A v X = Y @ ' A v o '
wiatuffemeeuulule) Yuingeanils anndufagmenminzauigaanensUSuU A tue

az5aUVRINNIANAULY InegTieunIALsarfI3Eiin1TUSUUTeAA8N SIURBUA LA UATR

!
d =

4n (Best) ¥ad 2 A1 loiun

A . A 0o | Aaa cs' Aa
- ANANENTIDYANIA (pbest : particle best) ABAIANLANNANIEAVBINITLARDUNVINIUNY

YDIANULDY

- A1MANgAYesaIna (gbest : slobal best) AoAnTiluaniiad mmsmaauﬁﬁmummaaﬁq

nau (59)

mM3viauved PSO 1unsyuiunisivhauduseu (Iteration) FeluurazseuueIn1syineu

[

< ! LY Y N o A o v A
ﬂ’J’]ZLILi’J‘U@\‘iE]Lqm’]ﬂLL@]ﬁSC‘I’J%%QﬂUSUﬂEQZﬂSNW}LLUi‘V]’ﬁ’]ﬂQJ, 3673 AB

- anuditligiuvessuniatiu (velocity)

puaneun1alet (pbest)
Y 9 U

e

- doyammasoumeiang (gbest)
ndsantuoymauiasiasysuiumisssiulaeldnudalmisunnld Tnefiarsan
naunsiaelud
- AnnuAtALslrdveteunIAnINEaNNTT 2.8
Vit + 1) = woi (0 + e (pi(®) — x:(D) + €212 (pg (8) = x,(8)) 29
- USudsadsumislnaiveseunianuEunis 2.9
xi(t+1) =x;(t) +v(t+1) (2.9)

9l c;,c, AAIAIT UASIYNITENTT AuAmesn1seus (e bidsininaaudi)

Tneluazindu 2 uananansaldmaus 16 Ineaziivaesewing [0,4] w5e 0 69 4
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auns fitness Tdiitemeimanzaudian TuanAdeilddduwuntssinnimnvinduaunis
#landu fitness lnensAuInAIANgNABYBIWarfLeNUszIn Mg IdkenUszianviiale
i fitness lanvian wsenAsliiAaugnaedligegalaenidnuiulszying wagdnuiuns

danaasiwmilouny

2.5 F/MsuenUszinn (Classification)

nsvimilesdioya (Data Mining) Aenszulunisiinsesindudeyadiuiuanniioduny
sUuvuLazAuduRusTigeuagluyadoyaduls] Sududutaslunstafuuasfinumaie
foyannifuiinsdmfudoyasgiaiieg ungmsiafulusnuugruteyafiannsafsdoya
asaumannldfmadafidenld fo nasduunusziandeya (Classification) dudunszuaunis
alunadievinunendguvestoyalmilasfoyarsmunaziinsuisoondu 2 nduienduioya
aou (Training Data) \uyedeyaiitunumlunisadidumasinunussinndeyatunuagngy

Joyannaeu (Test Data) {uyadoyauseidiupugnsissvedluaalaenszsuaunisasisiluma

Y
o ¥

uunUssivdoyanusesniu 3 Tunoudsil
1.msasdlmeanisduunusziamduiuneuiiordensieusandeyaaouiildtnun
Usennl i3y usaeie
2 msvspdfiunalumafuiunsunsaaeunnugniedaslidoyanaaou wazuiuuge

Tuwaduwundszinmaiunhiazlarmanugneeddussauiivensuld

3. nsthlaealUlden WuduseunsiilumaduunUssiamiiasisduunldiutoyaily
eLLInn e ekazirun nauliiuteyatiu

Classification tUun13dnUszinndeyandanvazimediulioglunquineady WWunidy

a v

FBnsisvusuuviinieldligaeu (Supervised Learning) ks doan3eusi10819 (Training Data)

Y

1 =

Tnuszuunau lnekmagfatnwaansiazdtaninu (Label) LiaUsnNINH29819bAaL AU
Wulszanle d9lusddeilddmendseinnimduindeunazinunldauladediuiug 6 vie A
K-nearest neighbor (KNN), Decision Tree classifiers (DT), Random Forest, Support Vector

Machine (SVM), Naive Bayes waz Neural Classifiers

2.5.1 K-nearest neighbor (kNN)
K-nearest neighbor [9] {uussinnvesdana3iiunisiseusniudiedns ol kNN dmu

N133ANUIANYIUILAIUINTEEENTENTNAIRELUYANAADU kagnnieg1lugnnITmTY

kNN finundegrmageulifupanaiinuniniigalunyiteudunlndigalaen k idudiuiuiy
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Y 1 o

vintagiiluazdvunaiin win k = 1 dAregrmaaeuazgnimmuabituaaiavediioudiud

1%
A

IndiResfignduioariniu defveisnisil Aearusalinauszavsnmidd training data
VALY

T¥n13insgeernawuugadieu (Euclidean Distance) Huf30819 x AI8LINLADS
ARANYLY
x = <a; (¥), az (), ..., 3, (0> WALATUINTEELNNTENINAUIABEN X LAY X Funudag

dlx; , x; Neaaunisi 2.10

d(xi,xj) = \/Z?zl(ar(xi) — ar(xj))z (2.10)

+ Al + "'- .I'.\ +
— ‘-‘+ - J" +‘\ _" + “
’, b ’ - . ' - '
¥ b ' X p ] X '
‘s_,' LY ’ | ] :

- + oA ‘“- - " + _“ l’ +

+ > + \‘.---‘,

+ + 3 + + +

(a) 1-nearest neighbor (b) 2-nearest neighbor (€) 3-nearest neighbor

JUA 2.3 K-nearest neighbor 7if K sin99) Inedlgn X udiiey

v

2.5.2 Decision Tree classifiers (DT)

n1si3eusuuy DT Wudanesiinlunisyszuailaiduniinliseiios [9] 35015989

[X

Decision Tree Aawmatiaflvnadnsludnuuzidulasiasrswasduls nreluduliiazdsznavuly

aaglnun (node) Taunazinunaziitoulvvesnudnwazidudimaaou Asveassulyd (branch)

) ! v

o 1 aa % o =i = < a A o
wansfsrdululsvesnadnuusngnidennaaey wazlu (leaf) Wudsnegdasanvewiulivand

Y q

[

fanguvesdeya (class) NReradnsAlaannsneInsal Fadefvesisnistl Aslinanisnensali
walugn

v W

ANsas9luLma decision tree E¥IN1SAALABNLIANIUINNLAITLAUNY

[y

SAumanaNINTIgN
dy & [ S aa & o =
Juundulnuauugauad tree (root node) ndsNUUAIENILoANTUIAGALULTO8 ) Tun15u)
ANUAUNUSVD

LEANSUIRNAZ1TRINA ASen31 Information Gain (IG) AfRAIUIMLAANNALNISA 2.11



19

|Sv|
IG(S,A) = Entropy(S) — Yvaiues(a) ST Entropy(Sv) 1)
1ne A g Attribute A
|Sv| Ao aundinves Attribute A fflan v

|S| Ao FruauaunTnveIngufiiegs

— c
Entropy(S) = Yi—1 —Dpi log,p; (2.12)
18 S A Attribute N1UNIAAT Entropy

p; A9 dAEIUVITIWIUANITINVDINGY T AUTIUIUABNNIMUAYBINGNT 8L

| age
young senior
middle-
aged
| Student? | yes | | Credit_rati
LW
yes excellent
yes | no | yes

JUN 2.4 wansegvesnisindulanuudulil (Decision Tree)

2.5.3 Random Forest
9ane37u Random Forest Ain N13a319luLAan2875n13 Decision Tree Yun1mans<|luina
lae3snsdudiuds ustnailaudazluesunmuiunsautdviwiunandduivgriuuinign

afnesnunlunadnsgaiing
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Random Forest Simplified

Instance
i ‘—\..__‘___\“-
Random Forei/ // /‘ ““‘mh,_
“ Y

dbdbdbdd dbdbcjb L d% dAN
Tree-1 Tree-2 Tree-n
Class=A Class-B Class-B

- - ~[Y\-i;!_im'ilg-'-\"uting; - - —
{Final-Class |

JUN 2.5 uanasiiee19uae Random Forest Tnathsuliivate s duunsiinig vote

2.5.4 Support Vector Machine (SVM)
SvM wisn1sSeusidundey wwafnuanves Support Vector Machine [9] Aan1swmn
szunun1sindulalunisuisdeyaseniliuassdiu lnsazneneauaiiaduwus (Hyperplane)

v

L‘fJmé’umqiwiwﬁaﬂmwmﬂéumauaiﬁﬁszwﬁmwﬁwwaummmﬁaaama’mmﬂﬁ qn lag

Y

Y a

LﬁuVLUsT@Lé’uLLﬂﬁLwﬂmjm’Iagavmeam (optimal separating hyperplane) Lmamwmimwauam

q

Usznaushedeya 2 nauesannsi 2.13

D ={(x;,y);i=1,2,..,n} (2.13)
e X; = (Xjq1, Xiz, viey Xi JER™

yi€{1, =1} e 1 Aedoyands 1 uay -1 Aedeyanay 2

Fudunsimuangutmangli SYM laei SvM dusjaidniiemiladdunisinduled

aAnsanuaenAnlinsulanaaunisi 2.14

FOO) = sign{Zr, wepr (D@ () + b} @1a

WALANNISHENAANELUUNT (k = 2) TNABUasNYINUINAINEDIATY L51FIMATYNINITINUA
Usztnvuaneaana (k> 2) An151995n15999 Error Correcting Output Codes (ECOC) [13] 121

1A TeYI
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2.5.5 Naive Bayes
fhauunUszivuuuugegsieAeluinanisiunUssiandeyaiilindnannuiagidud
azviuuﬁjugmsuaﬂ Bayes’ Theorem [12] LLazamﬁgmﬁiﬁmiLﬁmmmesaicvhﬂ 9 1udaszeio
fiu frivuald P(h) anuiazfudiaziinmenisal b uag P(hD) Aemutaziduiiaziin
wan15el h dedamanisel D andanUsiidmun is1ansaiuieimenisalifiansanain
wasaling q Tefsaunst 2.15

P(h | D) = P(D| h)*P(h) / P(D) (2.15)

2.5.6 Neural Network

1AseneUTza N wae Yiesnulszaniiien (artificial neural network) A® Tulaani
AMIANATENINIO LULAANNADNRINDTAINTUU TN TAULNARIEN I TATUIULUUADULUATY
T (connectionist) WinAnisudureswadailfuanmsanelasaelnihdinm
(bicelectric network) Tuaues Fsuszneusie Llwadusyay (neurons) wag gaUszaUUTEAM
(synapses) pailinadl deeuUssaminannsdeusestwirimasUssam auduaetng
fivhanus sy

Unisedulvglutlagiuiupsesiuindisnudsyaniiendlasesawnndnsein
Peuluaues widumilouaies luiiitnenulszamifies Aensrunguuuuruiues
MgUTzINaNage?) LLazmsL%amiaﬁﬂudauﬁﬁ@ﬁﬁﬂﬁﬁﬂaﬁﬂa,;zgwaqsdwmu e
fsanvnaud aussdivinalngniitenulsvamiisnethsann sumaagdszandd

£ L2

ANUTUEIUNIIMIEgREURNEY B lsARUTNTId AU IaLD Wun1sseus dang

o

a1111509n31001VUDY BBV UUTEEMN

inputs output

5Ufl 2.6 sULUUHUFIU Neural Network
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2.5.6.1 Wwaauseaiigy

1 (3

WUUINADIVBNYARUTTANNITININ ViseNBenNIwadUsza ey (Artificial Neuron)

v A 1

wanslaraguin 2.7 Tneuseneumelassaineiugiunddgeie il (Node) #3e giln (Unit) 67

o
1%

wlsawdn (Input) fakdsanuean (Output) wagA1aUdmln (Weight) G‘z’iqmmiaagﬂ
iU s LrasUsTa e ieuarwad Ussamidiousll nisUsvanana axifinduy
Tumhisdszananagesie e (Node) %3e giln (Unit) Bss1assananndnuaznissnauvesi
wad nMsdsdyaserinmbedgduiidoufiafy uiaznsidousaUszneusieaming
uanensify TnsBuegfudninaiiuiaeagldfuanubieduy Tasahaindldsuassiinii
Laﬁaummifﬁgﬂﬂusw

WuAtyvianzedrsveamyd melumbeiiflsiduiildlunsivuadyyrufueseniioniy

Handungleu (Transfer Function) #38 flandunsefu (Activation Function)
weights

activation
- functon
. @ net input
= net
I
@ 9

X . activation
-3 o

transfer
. " function

G
threshold

JUN 2.7 wuudnassgaauszannivi

2.5.6.2 Model Neural Network
Yreaulszamuuudaulunin (feed-forward) Usenauaieianuadtn (node) #9919
gnimualidudndune (input nodes) twie1dne (output nodes) 13 Unegseninenansdy

Y
a v A a

8N Unduwy (hidden nodes) INSIBUADTEWINUN (M5010750U) IAYMNRUAAILNATIN

—

[y

(weight) frfuegdudeunndy Wetisnubuvihnu aiimsimuasiliuitindunn Tnee
wanil 9199 lAu19INNIsAMUALALNY B PSR WionaanTusunsudug
MniuwBuwn awdeiilédsy lumududounesn tnefidiidsoonluazgnamiudthmiin
veuduidey Inlududallazsue Fadunasiuantnng udideduinmnagnade

Tnynluaglafsitudnuesn (sigmoid function) uddsrludetudaly nsAuimtuiag
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Neduluisess Navdu audadweordng lnglugawsn (313 A.A. 1970) Iwrutuazgnivuall
Jurasi wilulagiuiimsihduneudsideiugnssy itgeenuuulaseasnwesingu

ﬁﬂiﬁhqﬁﬁu (Neuroevolution)

2.5.6.3 lassvnguszammifisunuuunsdounau (Back Propagation)

lasaingUszamigukuuwnsgoundu Usenauniedusdiag Aetudunm (nput layer) fiu

Qe

FuLeWinm (Output layer) aghvay 1 Fu wazdudou (Hidden layer) Feazagseninadudunniu

L3 dd‘gj < v A v A 1 [ . . = a1 [
Fueiny anunsadintuile yenanlifdinuauluda (Bias Unit) Baazliandu 1 taus lng

Qe

Weuleaiunng Inualundardu JUN 2.8 uandlaseaiieveelaseingUseamiiguuuuing
dounau
Bias Unit Bias Unit

Output

Yip)

n Weights | Weights m

Input Layer Hidden Layer Output Layer

5UN 2.8 lassaiavedlasatigyseamiieuiuunsgoundu (Back Propagation)

2.5.6.4 Msispuivaslassiiguseamiiisuuuunsdaundu
mMaseuivedlanvestamiisaiuuinsdoundu esuiadudunausingg Al
1. wlgudeyaaglvlassieiFeuiantuinuadiuiulvunvesdudunm, I1uulvunves

FULLIMNY, TIUIUINUAVITULOU, TIUIUTULRY, I1UIUTOUAIEALUNITITEUIRATAIAINY

9

Aananangauiule
2. AnuaAIlUwUAL (Momentum) WazdnsIn15i38us (Leamning Rate) N1siSeusLuy

wnIdounau AzimunsnsInsiseusnia1des s lneiluazedsening 0.05 - 0.25 duen

Tudiunldaveglugig 0 fu 1
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3. quandrsimdnlidudon sewindluusluusasiuliinsy Tnsadasduaednauaied
fantony msdmuaAssivinGudulnedluazdualugasseming -0.5 uay 0.5 vietas
5391919 -1 wag 1 videenaazegluriaseninsaila g AmnzaumuanautRnisesnuuulasade
e

4. futeyaogratnilvuadunn ilellasseUszamifionFous

5. AwanAwadnsvedlasadisszamiioy wiourasuadiaimidnvedaseig
qunspiislassngldnadnstarndimneniimualy Basduauazaunsililunsnuadng
fanan fwiolud

Tudruvesnisduraludranid (Forward Pass) aunisillunisduianinasiuves

Fryaadunniialldueadusezam j (nun j ) lududeumeaunisi 2.16

xj(p) = T=1 x;(p)w;j(p) + b;(p)w;(p) (2.16)
o p unugadeya (Pattern)
n uwusuilvmavevmelutusumm
x; (p) wnuteyasogsiidunilyunduwnsd i
w;i(p) LmummaﬁmﬁﬂﬁL%mwdwﬂwuﬂ@uwﬁﬁ i lUglvun |

a1 [

b; (p) wiluda siewviniu 1

w; (p) wumdssuwidnidessgvindludaniulue |

a 3

miﬁﬂmmﬁumﬁwmmL%ﬁﬂizmmﬂ%ﬁqﬁ“i'fuszmmam ANUANNISN 2.17 UIYN1S

° 41' 1Y Aa o v ya o v & ¢ &
AU Lu@ﬂﬁ]']ﬂﬂ']ll’]ﬁﬂLLﬂﬂﬁy)ﬁqWNﬂjqﬂﬁUsﬂ@u%Qiﬁﬂ ﬂ’]'ﬁu@l'ﬁ y] (p) LUUL@WV]V!V]GU@QGUU%EJU

v

ke

)=t 217)
Yi\P) =T -

' 1%
CY Y

3 & 1 ] | @ a Yo o 1 v/ 24 cga o 3
wvinlutugeulzgnasioiudunnlvivtuselyaunseiadsiuganiedaneduia1ving

' i
a v v

ANasINvesdy B uniinluduraduszam k (nuak) Aduenvinm X (p) wazan

0w Vi (p) dmnaldanaunsd 2.18

Xk (D) = X521y, @Iwi (@) + b (@)wy (p) (2.18)

W | NUILIUIAUANINUA LT UL DU

¥ 3 d’ 5 1 (Y dl .
Yj (p) wnudeyaevinmiteonainluualutugousia |
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Wik (p) wnudrdahminfienssnindlvuatudewsinf | ldilvua k
by (p) wnulusa fAnviiu 1

Wi (p) wnuAsrsimdniiwesswingluda fu luua k

ArPuAaIALAAaUsEI e INTAWIalAA U IWMTIReIn1s e (P) vesnisinaeu
lasseluwdaryadeyanldinaeu e ldlunisusumdinihwninlutudeu awnsamwale

INFUNISN 2.19

ex(®) = yax (@) — vk (0) (2.19)

e Vg k (p) wnuanervimmilvsneiidesnis

i I3 A o v 1 a
Vi () wnudnovigndidnaldainlasaieyssamiioy

aunsuFumaanhminlutueving Analaainaunisin 2.20

wix (@ + 1) = wir(p) + Awj (p) (2.20)
lo wi(p + 1) umuenmathwrdnvesduevinnitusulal
Wik (D) uwnuesasimdnAuesiueving
Aw;i (p) uuAfieuaaURnam Ui usmaimdnluasiteu (Weight

Correction)

a0

lun1sUsudeuazdianfeganeeusulafeainnuaaiaiadoutads (Mean Square Error:

9

MSE) Wam1 MSE fsaieausu lasangagngaianisusuaey waziiaradmdnlulddaly

AUNSVDIAT MSE M1 laannaunisi 2.21

1
MSE = NZIIX=1(yd,k(p) D (2.21)

2.6 Stacking Ensemble

[
a

1.38n15u0nAs (Bagging) [11] adegnuasnisiiniiunnsneiu Fegnaselaenisguuaznis

wuNINYAteyantal d1usunisiln (Bootstraps Replacement) waziiusagynvean1sinyin
nsEnelilafduunene dusunisduundeyausasdidiuunlinadnsveusiaysia desn

o [ s 1 dy [ aa
aztmaansiandlunaunulaeisnisasaz iy (vote)

aa &a . a v = o 1Y o v
2.35n15yaRRe (Boosting) [10] AndnnisAeaziinnsasslinadnuunuszinndeyanany

1%
{ o

luna winglunavgldtrain data goieaiulunisaine dasaglumassiiaalsimin (Weight)
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Wi Ineenmadmdnilaunainanugnaesensiseuiuuyateya dmsuAinauanying

YIMIVINUMEIsyYadatiuagld Bnstmsnuuisdmdnuaimuangulvdeyalni mema

& a )

Immwmnwam (Majority Voting) 38n1531uundeyalagnislyyan Rafifiuse aVIQﬂ’l‘WL‘U‘L!‘Vli dn
Tnevhluiwu Losyar (AdaBoost)

3.38msaudinna (Stacking) fiAuadneiiu Boosting wain1suuinseusidunane nau
wdondoyariaualinduusnEou uduerdmeuraanguusninrnfundidstelingusolusn

Sousegiuly

Stacking \un1ssimaiiavesdauenUsetnnuagstaiunna1aiy Jeuana1931nisnng

U84 bagging ay boosting #435N15704 stacking @11150¥11N153UN VIS8 regression Juagiiu

= 'y a | o ° .
N15LABNAILYNUILLAN NLANAISNY LAZITUIUVBY stacking folds

wafla Stacking wundudeaduvresnIsunUszan waigul,m%i%’@hLLEJﬂUizmwﬁugm
(base classifiers ) uaglifusnyszinmnniiudei ludufisesiulfiZoudimduunainduun
(Meta classifier) 31nNaUDS base classifiers Lﬁaiﬁlé’fwaé’wa‘mﬁmun%qmﬁm (final
classification) atfusanesiia Stacking agldina1uanninfasauunay 9 1y bagging waz
boosting Tun1saseuuuitass waldda Stacking fanisinadnsfiudazlunavas base
classifiers (level 0) anadrnfludunmueadu Meta classifiers (level 1) iiloas afulunal)

wenhlldvinneiudeyalnin

Base Classifier 1

S Base Classifier 2
s o
'l'rahunz Daﬁ.

Prediction

Meta Classifier

Base Classifier3

Base Classifiern

Level 0 Level 1

Qe

U 2.9 TunBUN13YIUYBA Stacking Ensemble
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A5ANHUN15IY

}74
3.1 vayainay (Data set)
A av &g a ¢ & o °
waanldluawddedidumadng lnenisinanmnaannainduwasiis ngyinn1sawun
UTELANYDUNAINNLUUVBUNAL MY TALA LHAgNIje, INAIRNNTY, LHAWIALY, INaIanTINg
F9m291 (slow), NAINAWAAUMS (Music box) WaLLNAILALSG (EDM) WARLUTLLANYBILUILNEAY

dae9ay 100 imas Mamuaidnwiy 600 iwad lasfusavinasiinite1d 60 Junil lneidendeya

1
av A

Tugr9A U NaIuvIn153ms1e9 Tuauddedlaaueidies 60 Juaiiasaintoiailunis

Uszananalkiduiuuinin

3.2 msﬁaqmé’nwm:ﬂ (Feature Extraction)

/ Rhythmic
Data Set — Feature ey Timbral
Extraction \ Texture

Pitch

5UM 3.1 UaumnIsLenANGNYUTYeItoya

TudunduUDINTATeT in1suUsdyramemalianingig (Hamming Window) L

[ 1

inbiindayaagesdugidiviigiu anduidgaranely viseruniswiasBieswuy
.57 (Fast Fourier Transform : FFT) iialilsdoyavesdedlulamuanud uazihdeyaninudves
W@uau11 995199 Lawn Spectral Centroid, Spectral Flux, Spectral RollOff, Spectral

Contrast, Spectral Mean

lun1smiliaes MFCC vinlagintayaniudve g HIUNITNTBIAIEYARINTOIUUY
anudsufiaseananama (Mel scale) Fanstdfinssawuvaumasunasisananawadu

A a9 v o v gy a
LW@UQWI%UanLﬂaﬁﬂ@QaL‘Uﬁ@iﬂﬂﬂ@%‘UuaLﬂaWL‘Wll']gall
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Hamming window (ay = 0.53836) Fourier transform

T T T

1
-10
-20
-30
-40
-50
-60
-70
-80
-90

-100

-110

-120

-130

-40 -20 1] 20 40

samples bins

0.9
0.8
@ 0.7

decibels

£ A

gﬂﬁ 3.2 AMUEIIABATINUTLINIY Hamming Window tag Auwua@e Fourier Transform

Y99 Hamming Window

lun1smaiiees MFCC vinlagindoyani1uaueudesIdIuN1INT o IEYARINTOILUY
anudeNiassaInanawa (Mel scale) Fannsldmnseswuvanumisufiadisnnanawadu

wellanlduuanavesaansilieg uuainaivnyay

‘ > frcq
' Y

5 = Energy in

3 ] ™| Each Band

HMELSPEC

g‘l.lﬁ 3.3 Mel Scale Filter Bank

(%

Tun1511 Beat Histogram A15AUAMTLRRSHSINDINTATIT UM Inanendynyie

[ e

panluAIudLUU Octave Bands uaaldnisuuasdganivianuuuiiuniig lnsindygie

WHUAINTDIAIINDAT (low pass filter) hagaI1uDga (high pass filter) L av1n15UeN
aadusznaudyayaeeniludiuniiniuie (approximation) wazdiuiiiaudgs (detail) lng
deyeyraunlauuuaziugnstguas (down sampling) fe 2 vinliduiufieg1 (sample) va3

o PN

Haanslaanansvilavesdyay iy daanslusun 3.4 ndaRntuiidygyunciunisyia
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NFEUIUNISNNAINIAINIAUAILRAVDIF YY1 VOILARZETULAIINITA Y QY184 NN
Envelope U89LARZEIULAIUIAIEAU AINTUAIUIUAIAIIUTUNUSVOId Y ey 18uA2875
autocorrelation UANTEONATIGIAAVBMBNNAIANIAALALYBY autocorrelation WIHTE

\Judalaunsuazlél Beat Histogram muguil 3.5

1000 samples
Samples
i ' )
High pass Low pass
I
©
Approximation Detail
500 coefs 500 coefs

JUT 3.4 Mauvasaiaauuuiiuvuie (Discrete wavelet transform)

Discrete Wavelet Transform Octave Frequency Bands

Full Wave Rectification |
T - : |
| \
| Low P"EF‘I Flltﬁrmg ’ Envelope Envelope Envelope
! Extraction Extraction Extraction
Downsampling T 7 —=
i L\l
| Mean Removal —l ' ) f L
: 1 widlinpul s \w
Envelope Extraction B =\ ‘|> ]
Ay

Autocorrelation

Multiple Peak Picking
|

Beat Histogram

JUT 3.5 UNUATMLAAINIIAILIUMN Beat Histogram



M13199 3.1 Taedenag Ngnianlduenaudnuazvelaya

Feature Description
2 Standard of Spectral Centroid

4 Standard of Spectral Flux

A;:S%;Eﬁ‘sf ; v

Frequenc
!
-

:ﬁﬂej@nefﬁﬁh Mel-Frequency Cepstral

Coefficients

20 Standard of second Mel-Frequency

Cepstral Coefficients

&z = Y o [ v = = " 1 2 o ¥ L% 1%
enansiiluenansnanulidmiunisldanuienisfinwvinngu eygnlniluliussleviaunisa

Lidnsdilag vsdu BnveinudilvidauUaiion wazaesdedaduinvetenalsynasaisinisunluly



M13199 3.1 (d0) Waessiney Ngnuunlduenaudnuuzvestoya

Feature Description
21 Standard of third Mel-Frequency

Cepstral Coefficients

A‘*S%anaf@‘gd@f fifth Mel-Frequency Cepstral

3 gl - J
j;;"f@grar%gf ﬁeat

39 Mean of Pitch

41 Mean of Pitch Strength

43 Sum of Pitch Strength

&z = Y o [ v = = " 1 2 o ¥ L% 1%
enansiiluenansnanulidmiunisldanuienisfinwvinngu eygnlniluliussleviaunisa

Lidnsdilag vsdu BnveinudilvidauUaiion wazaesdedaduinvetenalsynasaisinisunluly
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3.3 3§ﬂﬂiﬁﬂL§aﬂ@mﬁnwmz (Feature selection)

v
ad

lunisAndenaudnuuzilaaiauuinanaudnuvaenvue lunuidedldisnisves

= ' 1 a

Particle Swarm Optimization (PSO) 183910418690 151d9ULaziIIued19lUszansnin

D

v a A I %

dwsunsunUgmeganaiiiol uilsilivaldsferazguiInaunaINauals

Y
=

35A15909 PSO WWuluy wrapper approach Asidun1sAnidenilinesienisasialuing
(classification model) FiaasTusnanenvesilaasimmualiiasinlssansammsyiues
Tuina uazideniemyeaiivililunaiiussansamannigaunldony 1wu lunailiriniug ndes
(accuracy) 1nitan TnelunuAeiilddeyainsu (Train data) 480 wazdoyannaey (Test data)
120 Tuimaves PSO Flduwuy continuous

[

v I o U O o o [ [ v
gﬂmﬂammmL.Lmuﬂmemumumaumimmmaq PSO a19uUNSNIULUURASU

[ Initialize particles ]

L 2
.[ Calculate fitness ]

Current fitness value
better than best?

-
Assign current fitness [ Keep pbest ]

as new pbest

2

Update
pbest value to gbest

\ J

Update positions and
velocities

v

Target or maximum
epochs reached?

End solution
(gbest)

5UN 3.6 JunounszuIuNITn PSO
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1 deAnsuduresianusine teun aaedl (C, C,) Wu 2, Ardaetmdn w) @ 0.2,
UIUTOU 100 S8, WIS (3, 5, 7, 9), IwuUszrIns (20, 50, 80, 100)

2. @Al fitness arnlanadisivuals 1éun kNN, SVM wag DT Inevindiazluina 94
fitness value AuIaLlAINAIANNABIVBIUsRLLNNE

3.99150177A1 fitness AN3AN fitness WuNSBL 8161 fitness AludAnInAAn TiAy
Jualvdues pbest a1l TiAu pbest ALfu

4.v19uAsUUIUYTEAINTArUaLT Inefiussvinsuaagiiagiiiuiuinesigniden

5.¥hnsenan pbest AATIgALTY gbest
6.Li1pauN13¥NUAElART sbest NRTIanveITauN 1 lnadnionaindiuiulseyinsinall

[ o 1 I3 PN o & o 1
T.2NAAF LR UILAETAIIULIINUGFUNITN 2.8 g 2.9 f1UaIny IWUﬂiQLLiﬂ'ﬂ%‘WWﬂW?E’jZJ

%

Hwesuineu nasanyiaulaan ebest Jsoniandiuntanazadniisilvl Tnenfaesnanasll

[N

A ulaasiwg NauTaasrduIwnud

q

8.9 ANAUATUIIUIUTBUNAIMUALY (Seudinludl gbest AA1ANI1AT gbest Lan T

Aaa 1

swanadu gbest Tual) azlgian gbest NAngavausazling

3.4 Stacking Ensemble

18921071 PSO wda9glaiiaesngniaanul 20 TULNINNTINTEUIUNITVBY stacking

Y

(%
U [

ensemble JUYNAIUAAILHUNINEUTUADUNITNIUVBY Stacking Ensemble d16UN13

o [~ [ r-:’lj
NNULU U

| Classifier 1 [ Predict1 [
| Classifier 2 [ Predict2 H . S
—_ U w
= LR
& M®| Classifier 3 | Predict3 [ £ %2 P A
7, —
© g
P Classifier 4 [P Predict4 [ =
| Classifier 5 [ Predicts
| | | |
Base Classifier Meta Classifier

JUN 3.7 UHUANULAASISN15VBY Stacking Ensemble
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3.4.1 Base Classifier

p 10-fold cross - Base Model .
| Classifierl | | yajidation i g — Predict 1
10-fold cross N
—{ Classifier2 | —| idation | | ose Model | predict 2
Training classifier 2
Data | 10-fold cross | . Base Model
—1 Classifier3 | — S &
validation classifier 3 Predict 3
Classifier 4 10-fold cross - Base Model .
validation classifier 4 Predict 4
Classifier 5 10-fold.cross |~ Base Model _ | ..
validation classifier 5

JU# 3.8 15n1991191Uv81 Base Classifier

1.ﬁﬁsﬁagaﬁmu%umaumsﬁw PSO 1wUssUu Train data 80% uaz Test data 20%

2. ludruvesdeyaiimnnsuindigisnisves kfold cross validation Tneudadeya
oonidu 2 du Ao druiwsu 72 uazdndiaaey 8

3 ihdayamsuanld Classified wsiaws Gadf Classifier AldlusuAdeifidetu 5 fldud
Random Forest, kNN, SVM, DT waz Naive Bayes

g pnsduthluaiilfanmsmsudeyaves Classified udagsh uniuneradng

5.4 maansnlaannsviueignseuiun1s Meta Classifier

3.4.2 950159049 k-fold cross validation
Cross Validation 1Hudsndaulunisyinauide wisldlunisvneasulszansnimvesluina
~ Ay va oA A Y] a a Y aa h 7 ° v
Wenuanlafinuuiiieis nsindssdndnimaae3s Cross-validation aviinsuustoya
sonlunanediu ([nazuanadiaen k) 1w 5-fold cross validation Ao innisuustoyasenilu
5 d7u lnefiunazdruddiuaudeyanindu ndwindudeyaniediuazldiludmageu
UszanSainvadluna vinullwudauasudtuiruinueld Tuauidedls 10-fold cross

validation
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training training fraining training training

model Tl el g “model g model Tl |'101ch
v v /

¥ : ¥
7 o] [0] NN [0
T ng '01: "3 :o;i:\u testing festing

2
TIteration 1 Tteration 2 Iteration3 l&mﬁnwt Il:emihns

gﬂﬁ 3.9 35n1159M9uY k-fold cross validation

mﬂgﬂﬁ 3.9 LamI3BN15MN9UB9 k-fold cross validation

1 utsteyasenidu 10 duu Tnofludagdruildnaudeyawing fu

2. wistoyalintepdmiuluteyanndeu deyadn 9 wnivaaidudeyamsu wu deya
¥l 2, 3,4, 5, 6, 7, 8,9, 10 \udeyamsu deyaved 1 iudeyanaeoy

3.vhgduneuil 2 uidsugadowanadeu wWu 4ei 1,3, 4, 5, 6, 7, 8,9, 10 1Judeyawm

u Yeyayad 2 \Hudeyanaaeu ig1auNsEATUTILIL 10 58U

3.4.3 Meta Classifier

Predict 1
N\
Predict 2 >y A Train 70% ~
Predict3 | =>| Neural | = | Test15% | —> | New Model
Network
e \.A validation A
”

Predict 5

g‘dﬁ 3.10 350159191489 Meta Classifier
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dinadnsildainnisvirungvenszuiunis Base Classifier iudoyamsuynlmives

[%
Y [

JURaUNI31I Meta Classifier wa211L41 Neural Network Taglu Neural finnsuwdsdoyaidu
Toyamsu 70%, Toyanadau 15%, Yayansivdeu (Validation) 15% Lileduganssuiunisagle

lumadmsumsvinnedeyanadey

3.5 Neural Network

Fupeunisvindisou thnadnsildanmsyunglunssuiunisyin Base Classifier 118ady
Hudunmvesiiseu Faadwsildainnisiuismaindisauunyseianuuy Random Forest,
kNN, SVM, DT uag Naive Bayes lagdl label Lﬁmﬁuﬁ’aﬁmumLmasmsﬁmwmﬁ@agﬂu

nguluy deguin 3.11 dlaAdunsiuiieshe Fnueed (Sigmoid) 1¥i150uLUY patten

recognition [6]

- EDM
Random A0y
Forest
S —> | Music Box
ecision | _
Tree
Hidden Layer Output Layer
- . - Slow
w1 el (el
g I
= e Reggae
sV\m | —>
Nave |, ™| Luk Thung
Bay
Neural Network - Luk Krung

5U# 3.11 3519911911309 Neural Network
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XK
,O:v‘@«&’
STHX

X

Input Layer : 5 (1x480) neural

Hidden Layer : 10 hidden neural

Output Layer : 6 Classifier

SUT 3.12 Tnsev18904 Neural Network
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N1INANADILASHANTINAE DN

4.1 Feature Extraction

Tutunounmsueniiaesisudsyadeyalasnisld Hamming Window Ssdintidnsag 0.5
Sundt wieedaldasiinsdeusiunthaaiy 0.25 3und Tunisueniliaedausauusiiaasle
Ju 3 ngulnalq Ao Beat, Timbral texture 4ag pitch dlerinisueniliaesesnuiaslinadng
Juilwesdiuiu 43 Waes

nadnsAlFannsuonan v finesved Beat azld flaosoonuisiuiu 5 wis1iwes
A8 A beat per minute (bmp), first histogram peak, second histogram peak,
ratio amplitude histogram, and beat strength [1]

HadnSTliaInNIshenSneasiaeives Timbral 93ld Maeseanunsiuiu 29 wsiwes
Usgnouluaae low energy, mean and standard deviation (std) of spectral centroid,
spectral -~ flux, spectral roll off, spectral contrast, spectral mean, frequency
histogram  [1 4 ], volume, zero-crossing, energy, first mel-frequency cepstral
coefficients (mfcc), second mfcc. Third mfcc, fourth mfcc, fifth mfec [1].

nadnsfilaainnisuendneasiaosves Pitch 92ld Maoseonurdauiy 9 wisiimes
Uszneulunqe all strength of pitch, sum of pitch strength, period peak unfolded,
period peak unfolded, amplitude maximum folded [1], mean, standard of pitch Lag
pitch strength.

nsldsEsuan A Tinasurazelnfilaa1nnisyin feature extraction Tneiins WU
DuAuounanUeuAasNaY AIUNTIHMILLOULARITFUVILITBUNAT

wasdt 1-100 Wudssnvuuamasuuy EDM

wasdi 101-200 HUUTHANLUANAILUY Music Box
wasdi 201-300 HUUTZLANLUANAILUY Slow
asdl 301-600 HUUSHAVMUIAWAILUY Reggae
\wasdl 401-500 HUUITAMUUAWAILUY Luk Tung

Wasit 501-600 LHUUIHAVRUANAILUU Luk Krung
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Feature 1
0.3 H EDM
S
2 0.2 B Music Box
=
g 0.1 H Slow
<
0 B Reggae
T O O OO OO OO OO O A O
NN ™~NOANIMLWLM~NOANIN~NOANINNSNOANWLNSN ONN WS kT n
T A AN NNN®OO OO TS DLW D N H Luk Tung
Number of song ® Luk Krung
g‘ﬂﬁ 4.1 adilganiliaes Mean Spectral Centroid
Feature 3
60 B EDM
5
2 A0 | &\ Y ‘ M Music Box
= Pl R il “ 1L
g 20 Mm ) \‘u:;iu [ I “M “ A {1 u Slow
< Ml Wy w{m \TA I \u\wwu\“ww“‘ “\WW H W\w“ “MMM‘ “
0 g oo 01O  Reggae
~ [OFeEare) 0 H Al o\ o B om0 IR
Y I AN AN ANNONOOON S SN N NN
Number of song ® Luk Krung
5U 4.2 A7IlA1nTILaes Mean Spectral Flux
Feature 5
0.006 = EDM
()
5 0.004 ] Y B Music Box
= u”mw Iy | “ / i m‘ “ \h
o i A it
g 0.002 Ml 1 | uuuulum\HH"““"‘MI Ll i Slow
< 0 i ! Wmm I I \\\\HI\\\\\\I\\\\\\|\\\\\\I\\\\\\I\\\\\\I\HH\IHHNWHI“” WM\ummmummuumul
b it M Reggae
YT OO OO OO OO O A OO A O
NAREYEERNARRBSREEILERARE  miukTung
Number of song ® Luk Krung

gﬂﬁ 4.3 piiléanilaes Mean Spectral Rolloff
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Feature 7
0.6 H EDM
o
2 0.4 B Music Box
o
g 0.2 m Slow
<
0 B Reggae
T O OO OO cd O+ O+ O d O dH O O - O
NI NONINWLNOANLNONILNOANWLNOGN DN ® Luk Tung
T A AN AN AN AN OO N TS END WD NN
Number of song m Luk Krung
sUN 4.4 A171lA91nTL985 Mean Volume
Feature 9
0.15 mEDM
q’ f
g 0.1 i : ‘ r i\ B Music Box
i i \\“ Wit I “]‘ ‘ 1 | | ‘ “‘ | “h‘
g 0.05 WMW “Y‘Hmu - - “ ‘ w‘“ “ ‘W ‘“ W‘ H ¥ Slow
< i ™ . \ mw““ h‘“u\ il me\m\“ i ‘HH"W ‘HH\W“ \| ‘“ M‘H i
0 L T A M Reggae
T O O™ O O O OO OO O O - O
NN NOANINN~NOANINLh~NO AL NOANWLNSNON WL .LUk Tung
Y AT A AN ANANANOOOO NN ST D WD WD N
Number of song M Luk Krung
U 4.5 Allaa1nliaes Mean Zero Crossing
Feature 11
0.15 B EDM
()]
3 0.1 ‘ ! i ‘ : B Music Box
= Ik, Wi T )
Q h““ “ L | “ ‘H ‘HH\UH‘ H ! |
g 0.05 R T W Slow
< O ”““”HH i i i “mlmm l HH\H\HH\HIHHWHH\HIHNHHNHH HHHH\HHIHHUHHHHWMIN \\\\uwuﬂ\”‘““”“‘“ il
s il [ | Reggae
T O o OO OO OO OO+ OO A O
NIWNONINRKRONILWLNONLINONILNOGOGCN LD N m Luk Tung
T AT AN AN AN ANOOND NI DN N W
Number of song ® Luk Krung

31]17; 4.6 miiléanTlaes Mean Short Time Energy
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Feature 13
. 0.6 HEDM
°
2 0.4 B Music Box
=
5 0.2 m Slow
0 W Reggae
T O 4 O OO OO O cd O H O+ O dH O - O
NN ~NO AN L NOANILNOANULNONWLNONWLS ] LU k TU n g
T A AN AN AN AN OO SN WD NN
Number of song m Luk Krung
5U# 4.7 A1WleRnTaes Low Energy
Feature 19
. 15 mEDM
©
210 ‘ W Music Box
E‘ i ‘ i | i | \‘ | ‘HH ‘
£ 5 T N “ T ¥ Slow
< “ \“h““ ““mu “wmw UHWmew"‘ ‘M“hh\“w “mw\”m\‘h‘ ‘“‘“m \mw “‘M
0 ul I i W Reggae
T O o O 1 O O O+ O O O d O d O O - O
NN ™~NO AN ILUL~NOANILN~NO AN LISNOAN NN O AN WL S [ ] Luk Tu ng
YA " AN ANANANOOOOOOND S TSN WD NN
Number of song  Luk Krung
5U# 4.8 A1MlARNTILaeS Std First MFCC
Feature 20
. 10 mEDM
k-] | M
2 5 ‘ el Ty B Music Box
a | ““““Mm;\u\; teltplmpie gl
g h G HHHHHUH\HHHHHHHHH\LMh‘ | ] SlOW
0 B Reggae
T O o O = O+ O O O O O O+ O O - O
NN ~NO AN L N~NOANLN~NOANILULS~NOANIDNSN ON NS ] LUk Tu ng
A " AN AN AN ANOONOND TSN WD NN
Number of song ® Luk Krung

Ul 4.9 Adilsianniliaes Std Second MFCC
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Feature 21

15 H EDM
S
2 10 B Music Box
-
g 5 = Slow
0 M Reggae
T O 4 O Od O Od O Od O dH O -dH O« O -0
NI ~NOANILWLN~NOANINN~NOANINNO NN ON NS
A A AN N NN ONT T T DN WNWN W Luk Tung
Number of song  Luk Krung
JUN 4.10 Ailaaniliaes Std Third MFCC
Feature 22
15 mEDM
S
2 ¥ ~ P 4 ® Music Box
E. 5 ‘ | |
£ ekl \“ WV_"“ i | \H‘“ [ ¥ Slow
< e N by
0 AT 1 ) u Reggae
O = O o O+ O W W W0
AARBedmSYLTRAAAN ® Luk Tung
Number of song M Luk Krung
JUN 4.11 Arileanniliaes Std Fourth MFCC
Feature 23
15 B EDM
S [y
210 ‘ ' “W ] B Music Box
E ) ! | I “WU i ! |
E ° 0 o e S I T ™l T M Slow
< o uwuuuum“““w ““mummuuuuuumum ‘ i by NH M\!:::W\HH\ I W“umuumumuummﬂ “muuw““““‘““‘“
b a M Reggae
"RHRISC SR nRT8ELEEEE  mkT
A H AN NNN®OONO®NN TS DD MD uk tung
Number of song ® Luk Krung

gﬂﬁ 4.12 Fiildanniliaed Std Fifth MFCC



43

Feature 24

o 80 mEDM
5 ©0 B Music B
usic Box
£ 40
€ m Slow
& 20
0 B Reggae
T O 4 O O dOdOWcdOd O cd O dO-—dWOW— WO - WO
NI NOANINMNOANINNOANILNOANINNS O N NS ] I_Uk Tun
Ad A AN NNN®OONOON S DLW WNLW; g
Number of song ® Luk Krung
g‘ﬂﬁ 4.13 aAiileaniiaes Period Peak Unfolded Pitch
Feature 25
. 80 mEDM
349 N b W Music B
il I | | el i
£ 10 L i e L f 1 I i usic Box
3 (s i M\“ s SR R “ (1 \”‘”“HH‘ ““‘“ ‘H\ ““ L
€ 20 ‘ u\uuwuuuuhh i m“ lan e | HWW | “” il T i i Slow
I MNRT THi i ‘H T i i ‘“ ‘u I m
i 0 i “HH‘““ [l ”““‘ A A ““ “h h“‘ “‘ ‘ i ! “““mu Hh“1111‘1“‘11111““1“ i M Reggae
T O+ O OO OO dOd O dOd O 0O - O
N IO NOANILhNOANILNOANILNOANILNON WS .Luk Tun
Ad A AN NNNMMN NN OLWN NN 8
Number of song ® Luk Krung
sUN 4.14 A7leanilaes Period Peak Folded Pitch
Y
Feature 27
. 2000 mEDM
g 1500 o Music &
£ 1000 -~ “;‘Il;i%im‘: ST et
Il
i i i =Sl
g 500 W '“}“wuw\“m“ “mmmuuwmmumuu\ wwwmmummuu ow
0 il |l u Reggae
T O+ LOWdOWdWOWdwO-d0
R mmIILTIRANAR M Luk Tung
Number of song m Luk Krung

SUT 4.15 Aniildanniiiaes Strength Pitch



Feature 28

. 300 H EDM
°
2 200 B Music Box
o
§; 100 m Slow
0 H Reggae
W OO OO d OO cd OO OO -0
NN ~NOANIhLhN~NOANIN~NOANLN~NOANINS O NS .LUkTUn
A A A NN NN ONT DN LWDLN g
Number of song m Luk Krung
JUT 4.16 Fileaniliaes BPM
Feature 31
6
mEDM
()
° LD | .
g 4 MMHH“H m‘wh j‘w | FI L N W Music Box
= {aludith.” 1 2 il ‘\ dlime, ‘H\
£ 2 \ \ Wl I AN b Slow
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Feature 39

4 mEDM
3 3
2 X B Music Box
a
g 1 m Slow
0 H Reggae
T O 4 OO cdOdOWd O dOd OW-d O A WO WO - O
NP SN SSRNRRRAMmIILSTIRIAAA W Luk Tung
Number of song ® Luk Krung
5UN 4.22 Frileaniliaes Mean of Pitch
Feature 40
. 6000 mEDM
©
3 4000 o H\m ‘ B Music Box
%_ ! ikt “H f } i I
g e i HH \w ol i ‘w T }\“ i U\GL}L“““\“ ;‘ﬁu\“ﬂ ‘*W W i u Slow
Ll I | ”““ . | |
0 Pi CN\L D Hm\”“h I ‘ B Reggae
— O +d O O O O O+ O OO
NANSONNSRRREANRIILSIAANR MlukTung
Number of song m Luk Krung
U 4.23 Amilsianiliaes Std of Pitch
Feature 41
o R mEDM
]
é 2000 i‘\m o | ‘ ‘ v M Music Box
s N I ! I
E 1000 WS AP m Slow
0 muuummu “Huuuwuuw I il fil “;;mmwmﬂmw‘ u Reggac
T OO dOUdLOU-dOU O 0O O 4 OV 44 0
NPDRSNEERILZRSS 2523385 ®lukTung
Number of so m Luk Krung

Uit 4.24 AndildanTiiaes Mean of Pitch Strength

CaN



47

Feature 42
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4.1 wulmeugnaesiladanios eralumszanugideuvesdeya wiousilaesinariily

a 1) ° v a1 A A = a 2~ o & a &
WnANUFUaY MlrniswenUssinniiaineatisedauluananuduasy 15139vinnsideniiaes

Manwiu waghifinugideuvesdayauvinnisuentssnvlyg tneld38n15v ee PSO W

Tunrsamaaniliaes wsesenia feature selection

M19197 4.1 UansAANgndesuaInsitilieeiamihiienyUssnnaeimkenUssinmuin

$IN9€)

v

Classifier

Accuracy (%)

Random Forest
kNN
SVM

Decision Tree

80.83
75.00
83.33
69.17
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A15199 4.1 (sid) LLﬂﬂ\iﬁhﬂ’J’mgﬂé]JEN‘UENﬂ”Iﬂ‘?JjWLﬁ]@%ﬁ\‘lﬁuﬂﬁ’mqLLEJﬂ‘LJi%LﬂV]é]I’JEJ(;"IJ'JLLEJﬂﬂigLﬂVI

YRR

Classifier Accuracy (%)

Naive Bayes 76.83

4.2 Feature Selection

Tuduneun1sin PSO avdesiinuaaunas fitness, $1uau population La¥I1UIUVD
Haesiidesnisandentd wdeldvinmeasdaedonldaunis fitness, A1ves population way
Suvesileesiiaunnanaiu Tudruvesauns fitness Turu3dedld3in1sves kNN, SVM uaz
Decision Tree @31 population fiaualdlunsuaassddiian 20, 50, 80 uay 100 drusuau
Yosilaesidenld wldvinisnaassiicn 3, 5, 7 uay 9

sUtsdsuansaagnies lasldiusntssinvane luauns fitness Taefinamuuads

AoAMNNABINEUlA NIINKIUBUABTIWIN population WAk

K-Nearest Neighbor
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40 ~
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10 ~

® Number of selection = 3
B Number of selection =5
Number of selection =7

® Number of selection =9

Accuracy (%)

Population

gﬂﬁ 4.27 A1ANYNABIVDIALNT fitness Ingly K-Nearest Neighbor



Support Vector Machine
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B Number of selection =3
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= Number of selection =7
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Accuracy (%)
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Ul 4.28 epgndlesuasaunis fitness 1aeld Support Vector Machine

Decision Tree
100

® Number of selection =3

B Number of selection =5
= Number of selection =7

B Number of selection =9

Accuracy (%)
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UM 4.29 FraugnAeavesaunns fitness lagld Decision Tree
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A19597 4.2 uansALUTIULTEUTBIMTILUNUTZIANANGY AT populationtazduaunsiden

Haosiiasngg
Population Number kNN SVM Decision

of (%) (%) Tree

selection (%)

20 3 72.50 71.67 72.50

5 83.33 77.50 80.33

T 88.33 85.00 84.17

9 85.83 83.33 85.83

50 3 80.00 71.67 73.33

5 84.17 80.00 79.17

7 88,33 88.33 84.17

9 89.17 86.67 85.00

80 3 80.00 /163 75.83

5 84.17 80.00 80.83

y 88.33 85.00 85.83

9 88.33 87.50 86.00

100 3 75.83 71.67 75.83

5 84.17 80.00 81.00

7 88.33 85.00 85.83

9 88.33 87.50 86.33

NJUT VLI 8ABUUTEUNEUAIAILNABITIAT population 719 YaalmAazAILeN

[
a1 =

UszLan wudipopulation A 20 Wgawasiansiunldeu Wewnille population AA18UY
1 £ o a a =) = = =3 Ve ! a 5 Y
ArAMugNAeadiniA1UsranaAn lifinswasuudamuinauiuldtninuwnndis anneds

Ppanszeziallunsuszuianaasludnme 1513adenldan population 9 20

'
P

JUT 4.30 LW3BULgUAIANLYNABIYBIAITIMUNULIANA19 N9 UIUN RN W19 95T
v Ao A A s o = s Q 1 v v - a4 a o
f1afiu wudduunsiieniivesdtuiy 7 Wiaes Weaugndeslauinian Wewiudiuiu
A = § 1 ¥ dl val | Y A 2 £ A o = s ! % L gj =
nsiieniiiaesidu 9 Ameugnassnlalialndidesiuiuidenduiuiliaesiviniu 7 Auiusds

Tg3unuiaesiiden 7 Waas
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Ul 4.31 Wisuifisuminnugndosesdidiuundzianeiag Asuunsidenilioos
wiriu 7 #i9e$ wag population winfiu 20 zwulddndmduunyszwny kNN lidaugnses
Mﬂ‘ﬁ?jﬂ seaasudu SVM, Decision Tree khag Random Forest mumswﬁ 4.3 ﬁ'ﬂﬂ?ﬂums
fuaAsuduveisnis PSO 3elddasanunyszian kNN iuaunas fitness wazila

population WU 20 SuuAlesidenldviniy 7 Wiaes

Accuracy at population = 20
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U 4.30 FraugnAedvedsay classifier 191wIuNsIdeNTiasna1eiu laeilan population
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Accuracy of Classification
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JUT 4.31 Aanugnaedveswsias classifier 191wIUNTEeNTR8SMNAY 7 wag population
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A1319% 4.3 LAAIAIANNYNABIVY fitness NIFITIMUNUTEANATY 1A population WA 20

WALINUIUNISEENLRBSWINAY 7

Classifier Accuracy (%)
kNN 88.33
SVM 85.00

Decision Tree 84.17

V\Iwa%ﬁlﬁmnmﬁﬁﬂ PSO L@ wn Strength of Pitch, Std of Pitch, Mean of Spectral
Contrast, Std of Spectral Contrast, Std of Volume, Std of Second Mel-Frequency Cepstral
Coefficients (MFCC) wag Mean of Zero Crossing

(%

a ) = 1 k4 v o 1 ! vYa 6 & 4
f1919N 4.4 L‘UiEJ‘ULVIEJUWW’YJ’]?JQﬂWEN“U@QWJ‘\]WLLUﬂUi%Lﬂ‘VlG]'N‘] sennalaiaesnaun wagly

Mae5NE0NN19INITNISVRY PSO

Classifier AU Feature (%) PSO(%)
Random Forest 80.83 79.17
kNN 75.00 77.50
SVM 83.33 84.17
Decision Tree 69.17 71.67
Naive Bayes 76.83 78.33

Accuracy: 71.67%
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gﬂﬁ 4.32 Confusion Matrix 84 Decision Tree finnunsidanldiiaas (PSO)
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0.0% 0.0% 4.0% 4.5%
o 1 1
0% 0% 0%
o o 0
16.7% 0.0% 13.6%

o
@ slow
o o
=
= 4.2% 0.0%
3
5 Reoggae 1 P
0.0% 0.0%
Luk Tung 0 ° 0 °
Luk Krung 4.? b D.g o . 5.? o .
EDM musicbox slow Reggae

Luk Tung Luk Krung
Target Class
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Accuracy: 84.17%
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4.34 Confusion Matrix 483 Support Vector Machine #sinunisidentdiiaes (PSO)

Target Class

Accuracy: 79.17%
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U
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4.35 Confusion Matrix 984 Random Forest ﬁﬂi’luﬂ’lilﬁaﬂiﬁifﬂlﬁ]a% (PSO)
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Accuracy: 69.17%
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31]17; 4.36 Confusion Matrix 984 Decision Tree ﬁ‘L%’Wm
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Accuracy: 83.33%
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4.38 Confusion Matrix U84 Support Vector Machine FldTaesianun
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musicbox

Output Class

Reggae

Luk Tung

Luk Krung

Accuracy: 80.83%

55

100.0%

19

0.0% 0.0%

EDM

musichox

slow Reggae
Target Class

Luk Tung  Luk Krung

(%

gﬂ‘ﬁ 4.39 Confusion Matrix Y89 Random Forest ﬁiﬁﬁma%ﬁwuﬂ

4.3 Stacking Ensemble

PAIANNIUNDUAITYIN PSO LiNaLaanlhas

s

9

INANFAUN

1997 wudiA1AUgNABIYBLsaYHY

IuwunUseian Gipiuseansainen 113slausuusinisvinune aeldignisves Stacking 1an

478 §9I5N19911 stacking Mesaulunavesiidikunmales wuudiliveiy ieusuls

Hadnslvins L fswunUssnneiazdiutas i uluealygd Town Random Forest, kNN,

SVM, Decision Tree Wag Naive Bay

#1599 4.5 1un1svinunsnadnsvesitnunusasUszinnilaainnisvin 10-fold cross

validation el iludeyamsuyalvaives Meta Classifier

M13197 4.5 LARIAIANNABIYBINTTATINLUAAIINNTYN 10-fold cross validation

Classifier

Accuracy (%)

Decision Tree
kNN
SVM

Random Forest

Naive Bay

86.46
79.17
83.33
88.33
78.96




Accuracy: 86.46%
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Accuracy: 88.33%
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g‘iJ‘i/I 4.43 Confusion Matrix ¥89 Random Forest
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gﬂ‘ﬁ 4.44 Confusion Matrix 289 Naive Bay

sUTeUL wane Confusion Matrix 289 uunUszInmeingeg Tusiusoures Base Classifier
mmgﬂﬁ 3.7 Lﬁaﬁwmiﬁﬂmamami’hlﬂu%’aaﬂamawawm Meta Classifier Faiduni13557316a
uunUszinnvats s Auanlinaeiu Ingriu Neural Network Iumuié’aﬁﬁgmwwaﬂ pattern
recognition [6] feed-forward network Iﬂ&ﬁ@ﬂnwwvﬁ’l 514 hidden layer 10 ¥inn 5uen

L@Wﬁ‘l/!i/]@@ﬂll’] 6 Usslnn G]’]llgﬂﬁ 3.11
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Validation Confusion Matrix

Training Confusion Matrix

w w
EE 2
[&] [&]
54 s
= =
= =
&’ 5]
6
1 2 3 4 5 6 1 2 3 4 5 B
Target Class Target Class
Test Confusion Matrix All Confusion Matrix
w w
w w
2 =}
O [&]
5 s
=5 j=5
S ]
(=] (@]

i/ gi-bdiile A% /5N 5 Nf)2biilld & 5
Target Class Target Class

g‘dﬁ 4.45 Confusion Matrix ¥8331unUsZLAN Neural Network UU Pattern Recognition

3U% 4.45 fie Confusion Matrix U863 uNUT2LAN Neural Network WU Pattern
Recognition laeye9dida Aailasidudveinisdinunusznniignaos uas Yo4duns fAe
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Accuracy: 97.50%
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g‘d'ﬁ 4.46 Confusion Matrix 98401351 Stacking Ensemble

A o v ¢ ax . = a Y vas A ° v
Weuwadnsa1nisves Stacking WUSeudigununisidisaulunissuunuseinn lngld

¥

alélumsnedt 4.6

Joyailumasing 11nnwidesng wuiinisih Stacking Tinasnsnaniinisdwunussnnaue

M131991 4.6 AANUYNABIVDINITIMUNUTEANAIEITEN

Title Feature Classifier Accuracy
A Comparison of Chromagram Euclidean 65.00 %
Audio features of Feature, MFCC Cosine 71.66%
Thai Classical Music - Feature, Cepstrum
Instrument feature
Musical-scale Chromatic scale, SVM 84.30 %
Characteristics for Diatonic Scale,
Traditional Thai Mode
Music Genre
Classification
Lyric-based Lyric Features Neural Network 68.00 %

Sentiment Polarity
Classification of

Thai Songs

(unigrams, bigrams

and trigrams)

Multi-layer
perceptron (MLP)
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M13199 4.6 (D) ANANYNABIVDINITIILUNUTLNNAIEITANY

Title Feature Classifier Accuracy

&g = Y o Y v - = [ 1 v o v ¢ v 1Y
nansiiluenarsianulidwiunisidnuienisfinyivintu eyl luldusylosiaunis

Lidnsdllas visdu Bnnsnuilvidaudadilen uagsesanedsisdvesenaisynasandnisluly
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N1599150d39AUsTwHa (DISCUSSION)

Tunuifeilldgatoyainatlngdiuiu 6 Uszianuuinas vinsuenAuan vz vedaya

lnuaauanwueildUsznauluie g (Beat related) , Wawdss (Timbral texture) uag s6iu
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Y o

\deq (Pitch related) Wavinn1suenAudnuuzazlafinesesnyi 43 W3 anduiiliaes
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Feature Equation

Spectral Flux
F= Z(Nt — Ne_1[n])?

Volume

Short Time Energy Z
(x[m]w[A

Low Energy 12' ( )|2
xm

Period Peak Unfolded of Pitch

n = 12log, L + 69

(Pitch) 440
Beat Per Minute (BPM) count

BPM = * 60
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1An MATLAB Inalg35n15 PSO

% Boundary
cloumn=size(Data,2);
if cloumn<=n0OfSelection
error(Number of Selection must be positive and less than Selection boundary')
end

Boundary=[1,cloumn];

% Initialize Constants
weight=0.2;
constant1=2;

constant2=2;

% Initialize Pariticles
Positions=zeros(population,nOfSelection);
for i=1:population
tempVar = randperm(Boundary(2));
Positions(i,:) = tempVar(1:nOfSelection);

end



% velocity initialization

Velocity = ones(population,nOfSelection);

% Initialize Global best
itration = 1;
globalBest.value(itration) = inf;
%% Optimizing

Particles = struct;

while(1)
% Calculating Fitness Values
for i=1:population
Particles(itration).position(i,:) = Positions(i,:);
X = Data(:,Positions(i,:));
ctree = fitctree(X,YY); % create classification tree
an = predict(ctree,testdata(;,Positions(i,:)));
C = confusionmat(targets,an);
CC = (1,1)+C(2,2)+C(3,3)+C(4,4)+C(5,5)+C(6,6);
Particles(itration).value(i) =(CC/120)*100;
Acc(iitration) = (CC/120)*100;
end
[pointvalue,point] = max(Acc(:,itration));
Point(itration,:)= point;

PositionAcc(itration,:) = Positions(Point(itration,:),:);

% Update Position Best
[Particlesbest.valuel(itration),ind] = max(Particles(itration).value);

Particlesbest.position(itration,:) = Particles(itration).position(ind,:);
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% Update Global Best
if globalBest.value(itration) > Particlesbest.value(itration)
[elobalBest.valuel(itration),slobalBest.value(itration+1)]=deal(Particlesbest.value(itration));
globalBest.position(itration,:) = Positions(ind(1),:);
else
globalBest.value(itration+1) = globalBest.value(itration);
globalBest.position(itration,:) = globalBest.position(itration-1,:);
end

fprintf(\nlteration %d gbest value of fitness= %f',itration,globalBest.value(itration))

% Velocity Update
Velocity=(weight*Velocity)+(constant1*rand(1)*(repmat(Particlesbest.position(itration,:),po
pulation,1)-Positions))+(constant2*rand(1)*(repmat(globalBest.position(itration,:),

population, 1)-Positions));

% Postion-Update

Positions = Positions+round(Velocity);

% Boundary Checking for Position

Positions(Positions>Boundary(2)) = round(rand(1)*(Boundary(2)-1))+1;
Positions(Positions<Boundary(1)) = round(rand(1)*(Boundary(2)-1))+1;
for i=1:population

if length(unique( Positions(i,:) )) ~= nOfSelection

tempVar = randperm(Boundary(2));

Positions(i,:) = tempVar(1:nOfSelection);

end

end

% Loop Breaking is Positions all are same or itertion acheived maximum



% itertion
count=0;
for i=1:population-1;
if Positions(i,:) == Positions(i+1,:)
count = count+1;
end
end
if (count == population-1) || (itration >= itrationMax)
fprintf(\n******lteration completed******\n')
break
end
itration = itration+1;
end
Selection=globalBest.position(itration,:);

SelectionValue=globalBest.value(itration),

1an MATLAB lagl4d735n15 DT
%Decistion. tree
ctree = fitctree(a,traindatalabel); % create classification tree

DT = predict(ctree,te);

1An MATLAB Tagl435n015 kNN
%k nearest neighbors
Mdl = fitcknn(a,traindatalabel,'NumNeighbors',20, Standardize', 1),
kNN = predict(Mdl,te);

1An MATLAB lagl935n15 SVM
%SVM
traindatalabelsvm = categorical(traindatalabel);

classOrder = unique(traindatalabelsvm);
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rme(1); % For reproducibility

t = templateSVM('Standardize',1);

CVMdL = fitcecoc(a,traindatalabelsvm,'Holdout',0.30, Learners't,'ClassNames',classOrder);
CMdl = CVMdL.Trained{1}; % Extract trained, compact classifier

SVM = predict(CMdl,te);

1An MATLAB lagl435n15 Random Forest
%Random forest
BaggedEnsemble = generic random_forests(a,traindatalabel,2000, classification’);

RF = predict(BaggedEnsemble,te);

1An MATLAB 1agT435n115 Naive Bayes
%Naive Bayes
NModell = NaiveBayes fit(traindata,traindatalabel);
NB = predictiNModell,traindata);
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Abstract—Genre classification is a process of grouping similari-
ties, such as patterns, styles, or objectives with management data
as already in the music (e.g. pop and rock). It is used along with
the classification of topics.

This paper will classify songs from audio signal to a hierarchy
of musical genre by using feature extraction. Trimbral texture,
rhythmic content and pitch content are used as the main feature
sets. Feature selection is selected by wusing Particle Swarm
Optimization (PSO) and sent selected feature to classification.
The result in classification has low accuracy. Thus, using stacking
ensemble method is to improve the prediction.

In this paper, the purpose is to improve the prediction by
using stacking ensemble method. Stacking ensemble that have the
second level is base classifier and meta-classifier. In base classifier
consists of 5 classification; K-Nearest Neighbors (k-NN), Decision
Tree (DT), Random Forest, Support Vector Machines (SVM);
and Naive Bayes. This process is generated to build multiple
classifier predictors and sent it to meta-classifier. In the process
of meta-classifier will create new model to predict test data. The
new model has been created from neural network which train
data is the output of base classifier.

Index Terms—Genre, Classification, PSO, Feature selection,
Stacking.

1. INTRODUCTION

The music genres are category descriptions that use to
customize the music. The classification of music into the
genre, the perception of texture and rhythmic could be
described characteristic the particular structure of the music.
Human has distinguished [7] in a classification of music as
investigated in [6] which shows that human can accurately
predict musical genres based on 250 milliseconds of audio.
Therefore, techniques for automatic genre classification are
useful for developing information music retrieval systems.

George Tzanetakis and Perry Cook were among the first
researchers who write on the topic of musical genre
classification. The features set for timbral texture, rhythmic
content and pitch content are proposed [1].

In PSO, each particle solution of the problem is represented
as a particle, which is encoded by a vector or an array. The
particles move in the searching space to find the best of
optimal solutions. During each movement, a particle can
remember the best experience. The particle swarm searches for
the best solution by updating the position of each particle
based on the best experience of its own and its neighboring
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particles [12].

This paper is structured as follows. A dataset uses in
section 2. Feature extraction and specific feature set for
rhythmic structure, timbral texture and pitch content of musical
signals are described in section 3. Section 4 will describe
feature selection by using PSO algorithm, then categorize a
music genre for classification and stacking ensemble to
improve prediction, described in section 5 and section 6 is a
conclusions and future directions.

II. DATA SET

In this paper, we use a Thai music collection as the audio.
Each data set consists of 600 audio tracks 60 seconds length. It
contains 6 genres; EDM, music box, slow, reggae, city, and
country. Each genre is represented by 100 tracks.!!

III. FEATURE EXTRACTION

Feature extraction involves a reducing amount of data
required to describe a large data sets by using group
classification such as pitch, the intensity of music or beat is for
extracting characteristic of each music.

In this paper, we use the main three features sets for feature
extraction implements the original feature set proposed by
Tzanetakis & Cook [1]. The features can be split into three
groups; beat related, timbral texture and pitch related.

A. Rhythmic Content Features (Beat)

The rhythmic content feature indicates the movement of
the music signal over a certain period of time including
information such as the consistency of rhythm.: Rhythmic
content features calculated by beat histogram calculation are
resulting in 5 dimensional feature vector are beat per minute
(bmp), first histogram peak, second histogram peak, ratio
amplitude histogram, and beat strength [1].

B. Timbral Texture Features

Timbral features are often used for music speech and
speech recognition by distinction a variety of sounds with the
same rhythmic or similar content [2]. Timbral features consist
of low energy, mean and standard deviation (std) of spectral
centroid, spectral flux, spectral roll off, spectral contrast,
spectral mean, frequency histogram [14], volume, zero-
crossing, energy, first mel-frequency cepstral coefficients
(mfcc), second mfcc. Third mfce, fourth mfce, fifth mfce [1].
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C. Pitch Content Features

The pitch content features [4], the multiple pitch detection
algorithms described by Tolonen and Karjalainen [3] are
utilized. These features consider the subjective assessment of
pitch frequency, statistical analysis of pitch mean and standard
deviation. The features of pitch are all strength of pitch, sum of
pitch strength, period peak unfolded, period peak unfolded,
amplitude maximum folded [1], mean, standard of pitch, and
pitch strength.

The final feature vector is 43-dimensional (beat: 5; timbral
texture: 29; pitch: 9).

IV. FEATURE SELECTION

In classification, the features can describe the particular
characteristic in the datasets. Feature selection is to select
distinguished feature from overall feature for making an
obvious classification. Unrelated or redundant features may
reduce the classification efficiency [5]. Thus, feature selection
is proposed as a data pre-processing step to reduce irrelevant
features. There are several methods to find feature selection. In
this paper, we use PSO because it is easy to implement and
work efficiently for solving problems continuously, but the
disadvantage is. It will converge to premature convergence.

[ Initialize particles ]
v

:[ Calcnlate fitness ]

Current fitness value
better than best?

Keep pbest

as new pbest

[ Assign current fitness ]

v

Update
pbest value to gbest
v

[ Update positions and

velocities

Target or maximum
enochs reached?

End solution
(gbest)

Fig. 1. Flow chart of PSO

A. Particle Swarm Optimization (PSO)

Particle swarm optimization [8] is a swarm intelligence
algorithm inspired by the social behavior of birds flocking or
fish schooling. PSO algorithm is inspired on the movements of
the best member of the population by using the set of solutions
moving in a search space with the aim to achieve the best
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position or solution.

The population is considered as a group of particles i where
each represents a position x, i = 1, 2,..., M in a
multidimensional space. These particles are evaluated in a
particular optimization function to recognize their fitness value
and collect the best solution. All particles change the position
in the search area according to a velocity function v; which
consider the best position of a particle in a population p, as
well as their own best position p;. The particles will move in
each iteration to different position until they reach an optimum
position. At each time ¢, the particle velocity i is updated by
using equation 1.

Vi(tr1) = wv t)+er(p( t)—xi( t))tear(po( t)—x(t)) (1)

where w is the inertia weight and normally set up from 1 to
0 during an iteration run, c¢; and ¢, are acceleration
coefficients, generally the value is 2 but can use other values
between 0 to 4, r; and 7, are uniformly distributed random
numbers between 0 and 1. Updating velocity enables the
particle i to search for its best individual position p;(?), and the
best global particle position i is computed as

X tH1) =x(t) v (t+l) @

In the process of PSO we have many model selections
(random forest, kNN, SVM and DT) to find fitness value
called wrapper [16]. Wrapper methods is a feature selection
with modeling based on the set of features that are defined and
measuring the performance of the model then choose the set of
features that make model to the most effective, so we use
method for finding the best model to fitness function.

In this process separate dataset to train data 360 and test
data 120 to find the best fitness value by using fitness equation
with random forest, kNN, SVM and DT. In PSO is use
continuous optimization problems and set initialize value of ¢;,
crare 2, wis 0.2

V. CLASSIFICATION
Classification manages objects in a group with the same
category and the same characterize, which have many different
classification algorithms in machine learning. Six popular
were use in this process are K-nearest neighbor (KNN),
Decision Tree classifiers (DT), Random Forest, Support
Vector Machine (SVM), Naive Bayes and Neural Classifiers.

A. K-Nearest Neighbors (k-NN)

The k-neighbor neighbor classifier is the type of learning
algorithm [9] by wusing the calculated distance between
samples in the test suite and every case in the training set.

B. Decision tree (DT)

DT learning is an algorithm to estimate discrete-valued
functions [9], created by selecting the best feature to extract
training data and expand the leaf node of tree until reaching
the threshold.
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C. Random Forest

The Random forest algorithm is a machine learning
technique by randomly selected attributes from many different
sets and creates a model with several decision tree techniques.

D. Support Vector Machines (SVM)

SVM is a popular machine learning method [9]. This
method is based on the concept of decision planes that define
decision boundaries. This paper applies multi-class SVM by
using the Error Correcting Output Codes (ECOC) [13] method.

E. Naive Bayes

Naive Bayes Classifier uses Bayesian theory [12]. Naive
Bayes classifier represents each class of probability and finds
the most class likely classify.

F. Neural Network (ANN)

An Artificial Neural Network (ANN) is an information
processing pattern that is inspired by the way biological
nervous systems, such as the brain, process information.

The ensemble learning methods are used for classification
improvement. For summing model of each classified to get the
best accuracy called decision fusion in this use stacking
ensemble method.

Ensemble methods are meta-algorithms that combine
several machine learning techniques into one predictive model,
three methods for creating ensembles are bagging [11],
boosting [10] and stacking, in this paper, we use stacking to
create an ensemble.

Stacking is a class of algorithms that involves training a
second-level, it called meta-learner, to find the optimal
combination of the base learners, unlike bagging and boosting.
In process of stacking ensemble use kNN, DT, Random Forest,
SVM and Naive Bayes for the base classifier and use the
neural network for meta-classifier, it is show in fig. 2.

In process of base classifier (level-0 model) are built the
multiple classifier systems by using k-fold cross validation on
a single dataset. The predictions of level-0 classifiers represent
the attributes in a new training set and fed into a meta-
classifier (level-1 data), which keep the original class labels.
Stacking utilizes a meta-learner (level-1 model) is to create a
model for predictions final decision.

"I Classifier 1 H Predict 1
'>| Classifier 2 |'>| Predict 2 - 5
£ L= B
£ '>| Classifier 3 |->| Predict 3 52 ™ &
Z 8 =
© g
"I Classifier 4 H Predict 4 i

"| Classifier 5 H Predict 5

|

[ ]
Meta Classifier

Base Classifier
Fig. 2. Block Diagram of Stacking Ensemble

VI. RESULT AND CONCLUSION

In this paper, we use Thai music for dataset, which has 6
genres are EDM, music box, slow, reggae, city, country and
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separate feature from dataset by using beat, timbral texture and
pitch related, resulting in 43-dimensional feature vector. Then
use PSO to select features with fitness function which is kNN
classifier. The result from feature selected is 7 features and
then sent it to a stacking ensemble following the fig. 3.

In PSO, use population and number of selections to find
appropriate value to give maximum accuracy by using
population which is 20, 50, 80 and 100. Then the numbers of
selection used values which are 3, 5, 7, and 9. When
population values and numbers of selection is increased, the
accuracy has no difference from previous value. Thus,
appropriate value of population is 20. Number of selection
value is 7, it is suitable to make maximum accuracy, it has
shown in fig. 4.

Fig. 3. Block Diagram of music genre classification

Feature
Extraction

Stacking
Ensemble

—» PSO [—p

The best model of classification (wrapper method) to find
fitness function is kNN, which accuracy value is 88.33%, the
accuracy value of SVM is 85%, the accuracy value of DT is
84.17% and the accuracy value of Random forest is 80.83%,
thus use kNN to fitness function of PSO. Table I shows
accuracy values of classified in PSO by using population by 20
and 7 is the number of selections to find the best fitness value.

TABLE 1. ACCURACY OF MODEL SELECTION IN PSO FITNESS VALUE

Classified Accuracy (%)
Random Forest 83.33%
kNN 88.33%
SVM 85.00%
DT 84.17%

Random Forest

| g 80 - 8
| E fon= 3
NEa =romiaten=0 | £,
3 u population =50 | §
a0 g a0
| 5 Population =80+ | §
o u Population = 100 ,
0 0
Y 5L 1

| Humber Of Selection
|
|

SVM DT
80 _ 8
wPopulaion=20 | £ & Population = 2
uFopulation=50 | § B Populstion =50
a0
#ropuiation =80 | § Sopulation =80
0 ' Population = 100 n u Population = 100
0 0
3 5 7 9 3 5 i 9

Mumber OF Selection

kNN
=Populition =20
uPopulation = 50
Population = B0
= Fopulation = 100
5 7 ]

Number Of Selection

3

4

Acauracy (%)
5 8

Number Of Selection

Fig. 4. Population and number of selections of classification

The result of PSO is feature seclected and sent it to
classification, which has trained data 480 and test data 120. In
classification process found SVM has maximum accuracy
follow table II. The feature selected used in this classified are
strength of pitch, standard deviation of pitch, mean of spectral
contrast, standard deviation of spectral contrast, standard
deviation of volume, standard deviation of second mel-
frequency cepstral coefficients (MFCC) and mean of zero-
crossing.
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TABLE II. ACCURACY OF CLASSIFICATION BETWEEN ALL FEATURE AND
FEATURE SELECTION

Classified Accuracy of Accuracy of
all feature features
selection
Random Forest 80.83% 79.17%
kNN 75.00% 77.50%
SVM 83.33% 84.17%
DT 69.17% 71.67%

Table II shows the accuracy values of classified by using
feature selected as mentioned above and performance of all
feature, it can see the accuracy of PSO feature selection better
than use all features. The classifications that use in feature
selected are random forest, kNN, SVM and DT to classify.
SVM is the best classifier, its accuracy is 84.17%.

In a confusion matrix, the columns correspond to the actual
genre and the row to predict genre. The accuracy from Table II
is low. Thus, we use stacking ensemble method to improve
accuracy. In stacking ensemble, training model to train the
data of each classifier to select base classifier by using k-fold
cross validation and prediction from base classifier fed into
meta-classifier for creation the new model to predict the final
decision. Using neural network in meta-classifier has accuracy
97.50% following the figure. 5. shown the confusion accuracy
matrix of stacking ensemble. The model of neural network is
pattern recognition [15] with feed-forward network. Train
dataset of neural model is prediction from each classifier in
base classifier following fig.2. The final decision model is
created from training model of neural and used the final model
to predict test data.

In base classifier process, use 10-fold cross validation by
dividing data train 9, data test 1, after that, make training
model of each classifier for finding the best accuracy by kNN
classifier using k equals 20. Random Forest classifier use trees
equals 2000, SVM used to multi-classifier by using ECOC.
Then compare of each fold of each classifier to find the best
accuracy, use that fold to model for predicting training. Test
dataset and sent them to meta-classifier. In meta-classifier use
neural data train 70%, data test 15%, validation 15%, which
has the best input of each classifier from based classifier, then
sent to hidden layer with the number of hidden layers equals
10. Finally, we receive the new model to predict test data.
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Fig. 5. Confusion accuracy matrix of stacking ensemble

The difference between table I and table II are that table I
compared accuracy of each classifier in PSO for find the best
fitness classifier and use them as fitness value in PSO. Table 11
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is comparison accuracy between using all feature with feature
selected.

When analyzing the data, it was found that the use of
stacking ensemble and feature selection help to increase the
accuracy of the prediction. Compared to using all of feature,
because all features might have duplication, it makes the data
confused, so it has less accurate than select some feature.
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