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# # 4970697921 : MAJOR COMPUTER SCIENCE
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ANGKANA CHANRUNGUTAI : SINGING VOICE SEPARATION FOR MONO-
CHANNEL MUSIC USING NON-NEGATIVE MATRIX FACTORIZATION.
ADVISOR : CHOTIRAT RATANAMAHATANA, Ph.D., 90 pp.

Singing voice separation is an extraction of singing voice from a song snippet
by minimizing instrumental sounds. Many music related research areas, such as music
information retrieval, singing voice and lyrics alignment, lyrics recognition, and singer
identification, have been encountered the main obstacle which is the instrumental sound
within the song. Removal of such instrumental sound or separation of the singing voice
out of the song could be very useful for these research areas. Especially, the singing
voice separation for mono-channel music can support any song formats, e.g., stereo
music or other types of music file format. Moreover, studying about mono-channel music
can provide much better understanding on music components and it characteristics.
The recent effort tending to be good for solving this problem is Computational Auditory
Scene Analysis (CASA). However, this method is still limited to only some genres of
music. This research, therefore, proposes a novel singing voice separation method
using Non-negative Matrix Factorization (NMF), a matrix decomposition, for additional
types of music by studying some instrumental sounds in greater detail. We use various
datasets and measures, peak signal-to-noise ratio (PSNR) and the accuracy of pitch
contour extracted from the separated singing voice, to evaluate our proposed work. The

satisfactory of our work is confirmed by the experimental results.
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tsrnavragidssFaanaatudniduidaenun? aelasunislssiusunlidanndaanannan
al = = a

Tupaaaiawad sNieilidasirsasaussranaailn et lutinuanndnssiudaeiasnas

%
NAILl

)}

o |

AINANNUANFANNAATUUANT S1uddaniefunisLanidasiasaanann

a =2 1 o @ adas ¥ o o = FY 1%
LABINLNAN f-qﬂummmuwummﬁmhmmumﬂmﬂmﬂmmmiﬂé’ﬂ:mmq LASAIEIATITHN
1 U 4 a o v al % XK % 1 = o U
WANAINLUAANELEY 9UARENINATUNITUENLAEIFANANH AT NA N8B 198 LAz 1o

a o . 4 = Yy o ' ¥ ] o
NI R br (- NN R P C STV Tl ] WungqelunisunAmay

2.4.2 AANRUAGIY ) FAIIUIRETIHIUNN

o ]

¥ o Ay yva o 4 a ] o =
danuuaf lainisinun M luwisadunisuanidessing ] BUATHLERD

Y 0 o o Y [ 2
AN ALASAIMNTUTRAULDINIU AN mﬂiﬂu

1) A utduddseAaiunI9an s

( Statistical Independence) [17] U84
1 o a = = al 1 o a al =S 1 1 al
wradn AR uunane iesannuuasniiladsaniie luinaseidasann
| o a A | va al 1 o a al =S [} 1
WAINLEARY WTan1sbaBudsaraannasnilndeanile avlidenase
ANAIN17D lUNTAN AL AN AN TLE R LU aIn L AL Aeaanuaanilele
danuunilinldlueunan@osn wazidullifenlunsuanidaanas 9
al 1 1 v & 1 % o 1 1 al =l ala I o
RN N WAAT LA WA AaaeiN9ltl 1@eaATeInumATN AWl

= [ A o oo

A o a o A
ey 138 s TaanduAusn (AEILAEIQ

[

1)
al a v % £ 1 1 1 = A o = o
2) @enfifieenisuanaananiugesieg lutnuauiibiaaii o ek
o o al al a v o 2 a a vy = al
AusUAeapusIny laniandaninuailiduazaltas 1Haaniasauas
=l = al % a o = U o al A =
ipradauATLazidaiaslunasauaniu dlanialdsssuidas vamanun
N W 1ALRE9TLEY
o a al 1 3 = = o o
3) AudBLazTRAredtdNUsEnaulnad Wi ANl aNI L AT AUATANTL
F91102 N1 RNIZARNS VTR ALFT LAl FannTeu LT AT

= o Y a ¥ a
@eatsznauluinasunn mmmumuiummmnmm%z;m LATDNLARN

" aailudasysiafiun1eaiial (Statistical Independence) ABIABIMENITOL UNIRIAINNGT

a & L dj My g v a o e A
m@mmmmmm’mmmuﬂuimmm‘lmﬂm@mmmsmum [17]
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dsznaudimnuiag Tutupaaiui@asisesnisuan aziannlinisusnides
a A4 & a
Hanududaunniulilan
4) AanuaudaFudtynyInd (Sensor) visatasdtyaunns (Channel) duludayadi
a 1 % o o = '3 = A
Pa9n17uanides desdnyyrudiniudoanasiaedialiaziassuuy Ae

o/ 7

a9y TYI0IREN uATTRATY WA TNdURaUITNITUaNIANLNDENS ]

1 [ % a

nsldlssTamdannnistiuinidesuuudesdoyoynng visadedtyyname
18 (Stereo) AUALTIUAAAINTUTAUIBINITUENLALNTADINANTNIAN
Fruoudeslaansalyldunn
[ '3 al = [ = A al =
5) NAANFUBINITHENLALNNAIANTI HADIUILLANAD NITUENLANIZLAEINT
FAINIT UIANITLENLALNYIUNARANAINTY TIN1TWeNLAE TN TUNAIT

tANNANNTUEAUNIT TAIANNATNENANNUAINUAILNINNIN
2.4.3 AANTSHANLALNSAIDDNANNLALUNAY

ANNNIIANEINIUIRENITUENIAENFRIRBNAINIRELNAY AIR1T199 2.2
wudrduneudshldannsoutseantdidu 3 ngulugy o Wun nslduuudiaemneadia ns
UATITHTANAINNIINITDNTIAIUINL NITUENAIULTENBLMTINS uaraBnI178U < Ml

ansndnlidingule < lu 3 nguilldl fsaaviaunstelld
2.4.3.1 N9 MLLUIIRRINNENH (Statistical Modeling)

a 1% ¥ ac aa ¥ = = 14 ° a v
NATLHENLALNTBINVEITNITNNADF ACADINNITLTEUFUULINQDIUBILALITON

= A o M ¥ o o 1 ¥y K 3 1 ] o =
memmummmiﬂmmmmﬁmuﬂ@u wanad N1 ssuneANNeUN AN ATNTR LA

Xp9NfaInIg

Ozerov meu‘ﬁuj [9] WHuuuanaaan fideuindiaas (Gaussian Mixture
Models) Tunsieufailnninaesdesiesiisgns (Pure Voice) Wazi@uaaupalsenay Uiy
dsrunuainafuresdasiasiisasnisdaaisdnnoinnasaziilugegn (Maximum
Likelihood) sznanqideninasnanduiludayaduazunudnassaninaiunGouily luane
I Tsai waz Wang [8] Mdan vuandnd@eanussilsznauiazidasdasiainuidusasesaiiy

=

NNANH WATAFIUULANaDTH UGN (Stochastic Models) T4l ﬂu;a‘mm%mmm?ﬂﬁm@u

% =

wazldssFavaasioanatany taslunisuani@eeies Luuanaedss¥anegiasd

= ) ¥ o 1 o/ = % = ¥
mmmm:gﬂL@@ﬂmm%mmmmmzwmgﬁmmmi@wmmmi
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aa 4

AALAUTBITNT MULLRABINNANE AD AINAINNTD TN Tuen@es Ly

=) aal a2 = % o = 1% a aAa v
WasUanelszinn Lu@\?’ﬂqﬂ')ﬁﬂqﬁ‘u@’m’]ﬁ‘ﬂL‘J‘ElugLL‘]_I‘LI@’]Z\]@\‘IL@EN';]‘@QLLZ\]ZL@EN@%M?V] NIMENS

=

Tnddldiane atelafinin auanfusesnisFaufainidedessgns wiadaeiaen iy

o =

= 2 o G Y o a o o A 1 a = al v a
auFTdIznavil daiilutaaninngn 41 Wasannluaruiduas lananasui@eeiastsans

q

2035509tnesia U dluddasuan

AN9199 2.2 9UATENINAIUNNTLENIRLNSAIRBNANNLALNINAY

. TauaTealymINIsuanIAes .
JNU3AE - - 9N17
@endeyadn | @esdeyaeen
Ozerov et al., 2005 [9] Mono Audio Vocal, Music Statistical Modeling
Tsai et al., 2006 [8] Mono Audio Vocal Statistical Modeling
Mono CASA (Using Musical
Meron et al., 1998 [10] Vocal, Piano
(Vocal+Piano) Score)
Mono Vocal, CASA
Zhang et al., 2006 [11]
(Vocal+Instr.) Instrument (Harmonic Structure)
CASA (Using Pitch
Fujihara et al., 2005 [5] Mono Audio Vocal
Contour)
CASA (Using Pitch
Lietal., 2007 [12] Mono Audio Vocal
Contour)
Stereo, Mono Matrix Decomposition
Feng et al., 2002 [13] Vocal
Audio
Vembu et al., 2005 [14] Mono Audio Vocal Matrix Decomposition
Transcription and
Mesaros et al., 2007 [4] Mono Audio Vocal
Resynthesis
Wong et al., 2007 [6] Stereo Audio Vocal Center Pan Extraction
Duda et al., 2007 [3] Stereo Audio Vocal Center Pan Extraction
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2.4.3.2 M9AATITRLARMINA1IINTTAILEIAIUITY (Computational Auditory
Scene Analysis ¥138 CASA)

NN9IAITIARFINNIINTOITIATUING HAAKINHNLNDUENLAENANTIH

auandasdy o aldiiuaastasfinad s A Iua e InaweN e NLAE BRLILTZULNNTHY
8 = o al aAY ya a ¥ = A

peauyee] TN suendyarandean lfguduasnnsng o uazldnistszunanaivaiaen

a 1 ] A [ | a = ¥ o o = AU ya
AITNORN °] AHUBYATIELUNRD @mﬂu@uumgmmumummgwﬂumﬂmﬂmemimﬁu

md&\fl’?/ﬁ &

AMFUIUAITENAUNN TR NLA BN AR 1985 18 FNsudulull A . 1998

Imel Meron waz Hirose [10] lA@uadanisuenidssdaanazidaadlaluaanainiy 1iiedann

Aol Tutiu Alaseaianfueiinfiuiueund@acdesaasau §aaeasldlinmas (Musical

Score) raaidzadaluldiinisdFuuug (Alignment) Mimsaiuidsade ulwdesnan waz
o e a =) v o al = WU VY o al %

wenanudanzfideate iy udainldaveenanidanan e ldlddynyiudaas

=) v al a) A -7 o o = % S a

panN1 dedanvenirauidsaileluean Aa N3 LNAIAIMUALLLANAB9 BRI SRR
% Uy 1 < al a| a o ' 4 o 1 al

AN sdumNgFas adnelainnn @eadaTuiidanmefludsdaauunnsisainides

e luiiiauass i delfidacFaamdidaails Tutluag

AaN Zhang, Y.-G. waz Zhang, C.-S. [11] ldaenauuamaitllldiuisses
AumTNAaTlATY was il lunnaINITae Iaanin1saseuuuanaadlnsaad1eanfuaiin
(Harmonic Structure Models) A5 ULATANAUATLARZTNA F9NNUAsTadls NaldRaniy
al = a a 1% o = 1 o a al 1 k%
Ae1a9iATenuaTaia o Tuinasuazinnisuanid@eveanduunaeniiin@essing o 16
=& v < = a o = 1 av 1 1A ] a v a %
Densztiufinnu nsszyATesausanuaniauluwasia e Fasine aniadesiaanas

1 a v '8 a = ] o = = a = 1l 'S a G
109 zAUN TR E T Ua TN LANATY LAZIATAIALATUNTHAN IR a1 fualin vga
vanitueslild Wy naes indsngeglumas AaiugilassndrAyetnsBasanisuan

al % a4y
LASNLNANAEIITU

Tun19nduAu wnuNasRnnNReTa9LATdAWAT T4 T aaia ldduliana
nIUTHAkATAIUINTLUE R lAde TN 91138 2ee Fujihara wazAWBU 7 [5] 998719 Li kA
Wang [12] aaldnnssiamuuian (Melody) readaaies ivedinmilasaairsanfuetinyes
al v N v Y R o e o 3| o al v ] =S = al
Beefasfidasniseanun udrasduanmzdinauiludyunidasiassall danlanaaades

%pail Teannn1smsaniszaULAsaieudn (Predominant Pitch Detection) A8 INAGNAN
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o o aa [ L4 a v oo A ¥ a
ANUTUITNITUA @WN’]?QGLMN@ﬂ’]?LLEIﬂLZQEN1@IL‘1JM‘V]M'1W®1“’Q Inelfulanaes

o o o 1

al v o v '8 a '8 a o S A aa £ =
RerFag Tun2ainlasadieanflainNAunuiiu naNnantianilma 3an135le M lanaag
al v A = I's a a o o 6 o/ =4 a al aa '8 a A al v
W@eafaaluniaaanm N afuadn NN us iU deriinuaadeandafuainAatdaanag
(Voiced Sound) inilu fdetiudrniuinasniidaslalifias (Unvoiced Sound) agjunn a1a
Winanisuanidsaildianalain ananisfldgaunsauenasdlssnaunisaduiuagides

v v 1 o t% = aa 1 = a & %
Faqlautuau inlinisaanaudi ldasaunguilaniafiaduls
2.4.3.3 nsuandaulsznauiunand (Matrix Decomposition)

nisuendoutsznatiaisndninisiiun g lueuddadunisuanidaedes
A8 N139LATNTAIUL T Na LAY W38 ICA (Independent Component Analysis) [18] wa
nswsalsenavreannsndanldiduway v3e NMF (Non-Negative Matrix Factorization)
[19] Feusiazisnsaziiunismdauilszneulugiuasnagniaes 2 wvsnd TnaEuainnis
AUANBNAU UA2YINN199UTaUN9BNaLFuA AN T nweyEng i aunseivas Ay

o = o A a2 G o a c ¥y A 1 Yo Y
AMUIUTBLUNNIVIUA M?@N@@Mﬂ@ﬂLNV]?ﬂsﬁlﬂQ‘ﬂﬁ‘xﬂ‘ﬂ‘LlLL@%LS\IV]?WIJW\W]MNF’WL“ll’ﬂﬂ@ﬂuﬁ')il

WNEURTALNNRENG 11U N18TRTTETNIALLLEARA (Euclidean Distance) Tpafisaaziden

prasialil
1) N19ATIZAdRLUTITNaLRRTY

n1satAsnzddauilseneudasy e ICA (Independent Component
Analysis) {uAgnsduiuuendtyymunan Teg lugidnauanaesdyminainunasnnge
519 7 InsanuAddnyayauaInunaesing o Jaonnidugassieiunieaia (Statistical

a o K

Independent) 1% x,(t) uuennagaaesdtyeyniitiunn s aan t In o faalulasinu |

@

Tnaunaaniindrynyrouusazunasinisdedoy oy asdaefsunuiuansneiulungsiig o

FIR1HTOLAAS LAFIRNNNN (2.6)
X (t) =a,s +a,S, +...+a,5, (2.6)

Toa® a, (usrazainuuasnniiandasd s, uazlulasivu i 1da

k=12,...,n Tsausauanslugilaasuyisnd videuuuanaed ICA 1Hasaunis (2.7)

X ~ AS (2.7)
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] =

Wa X dsznaudaaianimasuan (Column Vector) 2894y Y1 tUAg 19
Tunnlsanlulaslvuwsazdn A Wuedudscdnt war S Usznaussamninasuas (Row

Vector) 18948 ay104ANUNAIR1HALAENFNS ]

toyrnisuanidesiinig149s ICA deulvgyifugunianioymanudes
Aanna (Cocktail Party Problem) FeNATYry @A Nunaasng < 1eegAutziuiu uay
wnsasn1suandrytynnsannuuasniiai@es k wiae azdasldlulasinuadeilas k sa
FeluanddanisuanidesFateanainidenadaes Feng wazauaw <) [13] Al438 ICA & A9

[

¥ 1 1 o 1 ] = 1 o = aa ¥ a
1 ﬂmmmﬂmﬂummm@mmmﬁmq LLI?‘]sLuﬂﬁ‘M?.I@\‘iLW@\W@\‘]@EQE]&I’WMLQEIQ 29 ICA LUUANLAN

3 v

W lenanntnesiu azluanunenlduanides s

aei1913Am N Vembu WAz Baumann [14] lawenenuldna ICA Tuanunde)
2 al v a6 ¥ | o = ¥ = o al ¥
ANUNNTUENLAEN TR MInastasdryaynniiaen Inafesiinisudasdnyarandaaiiudes
a = =l A 1 1 al @ %3 U U aal
deANdRaznaviradilnInsunsd Inadedufazaduniludyoyinideyaidn1edda ICA

1Y aa o = a o U 1 o a v aca gl K U

wAsae AN R uuA NI NINARlY N lE N NNZAUNTuE NI RE9A283 T A9Aag
WENENTNAANATDIATY YIUAIAILITNITLINALNN AAUNITATUIUAL875 ICA salil
UANAINT Vembu way Baumann §9Hn1718Ua U4 118170108 NMF whnwni9 ldaa ICA

Ixmaus ludunauaasnisanfipuesdnyoynn
2) n13udalsznauaaduyisngan luifua

nsunfadsznavaeauyisndanluiiuay 1Te NMF (Non-Negative Matrix
Factorization) az#inn1sunsaisenauaesunind V ey luglaesnanniaaauvisnd W

waz H asannsi (2.8) tasdasnntinlumvsndaz e lddaandguel

V.. ~W_ .H (2.8)

FxT FxR" "RxT

A o <

Tnafidn R Aed uawsinuanle o detfeandn F wse T [20] Midenldiunisuisa
dsznaudaedsil A ufuilyminisuand@esann@inaiumia (f,t) a9 2ewviind V A
LANNAALRIUAATAINT T Maan t N ille 1< f <F uaz 1<t<T wvadvitiu

waA9lu 2LlnTnTenNTuLe

aun1afl (2.8) ansnesunelflaeldnaadindadu aangui 2.7 Wenes

wyisnd V. iflupeduilianmasaainenn F anwaw T nnmas nnsmisailssnausnedaiay
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Wun1snaaunIng W %ﬂﬂ@zﬂ@ué’qmqnmﬁgmuﬁﬂ (Basis Vector) Aq1xg19 F
o I's a ' =8 v 1 [ a = '8 o W
MU R nmed uaziuyisnd H deilsznausiaAdulss@nizeanninesgiunaniann

dusupunnlaiilunsazpaduilianimasiag V

T R

F V ~ FIW | XR H

a ' o A 1
@NW“ﬁﬂLmemmﬂﬂmLﬂu@u
317 2.7 nnsunsiailsznausngds NMF

wasannIslszinuAnEnEng Wouaz H Tunisueni@es azdlunisiaen
RNIZINABFFIUNANTRIUUAN L TALRENTIAINI IR MNTENGTIa8Y 1TU WaanNuany 1
wazunodl r veawvisnd W uaz H nnguiu azldwmsndludauin FxT waldlu

o 1 % = a ¥ % as 1 !
N1TANUIUANALLNATNTRILALNTNIFBINITARLAENTFN ] lﬂﬂllﬂ

a o

A o aa o = % = v )

IMUARANTANTUNTE NMF wninnnsani@esiiu fusaanistdiunldlunis
LENAENAWAT 11 Wang 1Az Plumbley [21] ¥iNnN3ueniAeaiAsadnusaaiingng o aanain

[ v aal o 1 a & | o | | vaa] [ 1 o
wsea NMF Tnaiivusrinislines R fudnuausing o) ivalimanisdanannAiuan
wEndralsznateanin udaidaazdeadeninnneigiunanied ethunaivanmniu
al o o al v = ' o 1 2 a o A aa
199889 uardunsziidasdaenisudasuuuyFesundusialy uanainil vuidedu o 18
n1911 NMF s ldiuazinienisdnasianlnainresdoy i seinmsng o i adu

o o o

wnan il 598 wazuenanddeinisuannldlusuiduifaaduisndedszan

(Multimedia) gUuLLBU 7 wanaNi@eansae iy 3Unn Aate (s

a sl o a o 1 ad [ % 1 = 3
AINNN9ALATIEHIBNNIUNFRLIZNALLNVIENGT WL93EN19AINAN9 Huua vl
Nazliuanisuani@asldiduniuinala Inaan1zas NMF Gearunsouani@aliudasziiy
Aeiwasdasdyyniman Inanisdszunuaimsndsalsenauaindayaaininaiuaes

1Re Faarlfdaullsznauaeddaannnsudau nesatuisamunlalaglddasianisania
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v = ¥ a o AR A yaa = | =X a
TANTRHNBDNAIE niAkaiiataanldis NMF lunsuanidss wazaznaniieseasiaanli

¥

inaia 2.4.4

2.4.3.4 ABmsaY 9

=l

o s a v Y 2 a o 14 1 1 asa 1 =2
N’]M?U\‘i’]u’)@‘&lﬂ’]uﬂqﬂmﬂL@ﬂﬁ%@@iﬁﬂ%luﬂ@NQﬁﬂqﬁ“ﬂu 7] €N/
o % ! 1'% IS vaa A ¥ 7 a A 1 A
ﬂizmum?m\ﬂuﬁlugmmqmmu Wasann1498n19 NIRLRY AT TUANDBLUBNLUUBATINN

A1 lAURIN U eI

Mesaros wazAuaY 7 [4] H35n19Ad18TU CASA Aenenaunlmianes

1 1 o A a o a4l M v o al 1 A va o v a =
Wad waAeAeiuAeuldsildlaviinisuanidas nanqae faaaldulanvesinaiie
dszannuArantiln udainnisduaseidayaunaslmiiansuatinsng ) muAtanniti

=S
PN AR

U489 Wong LATAUDY 7 [6] Az Duda wazAuaY < [3] Hnsld
dselamiannnszuaunistiunnid@esuuuganesia (Stereo) Teussqiaasiasaslutdosdnyyin
vie@@d (Center Pan) i1 7] i LAZ1IFT9LALNLATAAUFTENY 7 Tudesdtynraudraunazan
v o 1 = 1 o 2 o % a ]
paadnsdauiinaneiu lnaludunauusnazninisfinidasdaunans (Center Pan
Removal) a1 ldlanzidasnumsdssnay Inaindyynoudasdraaunudnyynondes

291 WAL unTesaLAgFaaluldsunsuaislamneyinll Aeantu lusuideiaaasis

Y

I a = [~1 A a =X aa o o a 1
a9 A ARmTUsznaudualau@eesuniy a9l IUAUITA NI UAALABTLNIUANY i

= o | %4 2 [ oA <3 £ v 14 a ¥
FTINAIANTUAAUULALNNTUTULFNRNIANYUAL %1m@m€mmmmmmm€

A as = M 26 ¥ o o a % 1 o
UANINU ’Jﬁﬂ’]‘j‘ﬂh\lllﬂslﬂmqﬁﬁﬂﬂqﬁ‘uﬂmLﬂﬁl\?i@\ﬂﬂﬁlﬁlﬁ‘ﬂ LARTIHNITOUINN

U5l Un suandsesadaanannidaanaale Ae N19dndtuaunasuna (Noise Removal)

@

|74

LN@‘W@’]’J‘ELH L@mmumﬂi”ﬂ@mﬂmmmﬂmmmu I@EI ﬁmumuﬂqiﬁwmﬂizﬂ@uﬁfm

o/ %

mﬁu%’@mammﬂmwmu (Noise Profile) [22] wAdg@519anniuAIND (Frequency

u

o

1% = o v a as 2 = 1 o
Spectrum) UBNAYTYITUTUNIUUL LNANINITNTDITDY A LAEINLNA TPEAENNINLTLNIINIINI

dszpanlnaiudnyyrnisunau (Spectrum Noise Gating) fiaatingaansiuafndWafdwild

axla

1 1A Audacity® [23] Adobe® Audition® [24] ugidndaiAeudeazianuudsdu Ing

[ =S

& % A 2 = 26 ¥ @ A a 1%
muﬂmtyq;mm?umum@L@mmumlum‘ E;JIGL"ﬂL‘]JuNL@@ﬂ BINANITULUNLALITAIDNA

a

©

oA o

WnaR iAW AA? UINAANTINALIAUATNHANTHUZNINAINND YIRTLALLALNTNILALANY

a 1 <3 adlal ¥ = A 1 ' 1
AN TR KA @EI’]\?iﬁ‘ﬂlF]’]N Qﬁuﬂ@uﬂqﬂﬂﬂqqﬂﬂﬂﬁﬂqumﬂgﬂLLUU%@\?LW@\?‘]J?ZZLQVHF]’N |
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'y = Al o a e o A ~ °
quLme@H@L@HQﬁum?Wﬂ@ulu LL@&N@ﬂq?LLﬂﬂL@ﬂﬂﬂ\‘i@ﬂuluﬁ\gﬁﬂmu’]wfﬂqﬂ UINUNITNINUA
al = 2% [ % v v v A 1 1
L@ﬂ\?ﬁumiiﬁl,ﬁll’]Z@NﬂUIULW@\T ﬁ]’)ﬂ?]@llmlﬂ_l?‘ﬁllwn\iquﬂ’Jf]Nﬁlmﬁﬂqum'ﬂgﬂLLUUﬂlﬂﬂLW@\T

o o ~

AINa1 “URNEHRNIRENFad Lyt tuTLNAU Adnauunzaniazinu LB Uy

a % a o N 4 = =
NANNTUENLIALNTRIRANANNALUNAITLNNUARET Intasin1snaaasluuny 4

aa Qs a o 1 @ S ¥
244 Qﬁﬂ"li‘lﬂ’]ﬁ]')ﬂ%‘zﬂ‘ﬂ‘].l‘ll’ﬂﬁLNV]‘j‘ﬂ‘ﬂﬂ"IVLNL‘]Ju@‘LI LL@%ﬂ’]‘i“lJ’itE!ﬂﬁlL‘ll’]ﬂ‘U

lymnisuani®eesasaanainiad e ngs

A8n13unFnlsrnavaasiuviandan tiifluau 1v7a9a NMF laanisnannnelal
wanL9gdauluiata 2.4.3.3 luiadaiaziiunisas Ui uIAN 29NTNNA19D9MUINIINIT

dsegnsdniuilymnauidadiaula iuhenisuanidesiasaanannideainas

anfinanaliludn 9195 NMF aziflunisunsalsznevaaanyizng vV lugll

a o [ = = a a g .4 ¥ =
HAAMIRIABIUNYENTAD W Az H fsanniah (2.8) Tnenaunainluivindinanilazsioqd

AlateandnAue Tunsdszunnrn W owaz H tiu Lee uaz Seung  [19] liiauadanig
ANLIRANHARIEFaRarduAn1Ea0e (Cost Function) 921919 V. waz WH 1Ag@e9usy Ae
NTIAIEELUNULILEARA (Euclidean Distance) uazn13imn17gean (Divergence) 7813

V uar WH 9gunnsi (2.9) wag (2.10) AMNANAL

IV -WH[" = (v, ~WH) ) 2.9)

ft

\Y (2.10)
D(V [|[WH)= V,lo — "V +(WH
( | ) Zﬁ: fi g(\NII)ﬂ fit W )ft

Toef 1< f <F uaz 1<t<T

1 Qq A Ce

1 o ¥ 2 v | & 1 A
ﬂ’mmmmimmmﬁmﬁmmmuummmm@ﬂuﬂ LL@:Z@?JL‘]J‘N@LLEI ABLND

V =WH uazannan

1%

uAnldaeieansfiias dandangnistiuen (Update Rules) 489

' 6o | 1A o ¥ 6o 1 Y1 ! o
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Pseudocode Criterion#1 Rhythmic Event

01 Input : H (matrix of T by R)
02 Output : scorel (matrix of 1 by R)

03

04 For i = 1 to R,

05 Templ = H(i,:); % Each row 1 of H

06 Templ = Templ-min(Templ); % Set min to zero

07 Templ = Templ./max(Templ); % Min_Max normalization

08 Templ = FFt(Templ); % Apply Fourier transformation

09 Templ = sqrt(Templ.*conj(Templ)); % Calculate magnitude values
10 Temp2 = smooth(Templ); % Smooth curve of Templ
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11 Templ = Templ./Temp2; % Flatten Templ
12 scorel(i) = var(Templ); % Return variance of Templ
13 End For
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Pseudocode Criterion#2 Continuous Event

01 Input : H (matrix of T by R)
02 Output : score2 (matrix of 1 by R)

03

04 For i =1 to R,

05 Templ = H(i,:); % Each row i of H

06 Templ = Templ-min(Templ); % Set min to zero

07 Templ = Templ./max(Templ); % Min_Max normalization

08 score2(i) = sum(Templ); % Return summation of Templ
09 End For
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Pseudocode Scoring

01 Input : scorel (matrix of 1 by R), score2 (matrix of 1 by R)
02 Output : scoretotal (matrix of 1 by R)

03

04 scorel = scorel-min(scorel); % Set min to zero

05 scorel = scorel./max(scorel); % Min_Max normalization
06 score2 = score2-min(score2); % Set min to zero

07 score2 = score2./max(score2); % Min_Max normalization
08 scoretotal = scorel+score2; % Sum scores

09 Return scoretotal;
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agluszannviniuAaaludag 0 Lay 1 (U9991AT1 04-07) uazAIAZLUUTINTBSARL Tz NaLILA

avfnAaNaTINANNANNeulaTaded (U999AN 08)
3.4.3.3 n1sLaanmaUsenauuaddeesay

A Yo o o o %3 % s 4 [~ = [ o
waldAraziuudususlsznaunanuanan luduitaziflunisFaeansu
1 1 o aa qQ 1 aa qQ A =
wazuLNNguaeinlsznauiiazunusuazge Tnanguiiiazuunsiiazgniaenun lugiusd
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Zaauanalesasianan 113199 3.5
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Pseudocode Component Selection

01 Input : scoretotal (matrix of 1 by R)

02 Output : components (matrix of 1 by number_of selected_components)
03

04 For i =1 to R,

05 scoretotal(2,1) = i;

06 End For

07 scoretotal = sort_bylst_row(scoretotal);
08

09 For i =1 to R,

10 varl(i) = var(scoretotal(1,1:1));

11 var2(i1) = var(scoretotal(1,i+1:R));
12 End For

13 var2(R) = 0O;

14 vartotal = varl+var2;

15

16 [minv,ind] = min(vartotal);
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17 components = [];

18 For 1 = 1 to indexMinvVar,

19 components = [components,scoretotal(2,i)];
20 End For

21 Return components;
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Filter (f,t)*Spectrum(f,t) (3.5)
|Spectrum( f,t)|

NewSpectrum( f,t) =

Wa 1< f <F uax 1<t<T

3.4.4.2 msulauuuyiFasuniy uasnsadedyaieanay
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ANd3EA (Conjugate) TBIANUITITDUAIANNTN (3.6) A 1T

S(j)= Spectrum(2F —-j) ;j>F (3.6)
Spectrum( j) J<F
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i=1

Volume =10x log,, (Zn:(siz)j (3.7)
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N (4.1)
HZSO (')2
SNR = 20log,, =

\/i_i(so(i)—s. 0%

- (4.2)
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\/ﬁZ(sc,(i)—s. 0%
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PSNR = 20 Ioglo( MAX, ] 43)

vMSE
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@ae (Mean Square Error) AagNnish (4.4)
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i=1 j=1
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Abstract— As music has turned digital, much research has
been shifted toward digital music processing. Singing voice sepa-
ration is one of the active research areas since the singing voice
itself contains abundant information within, including melody,
singer’s characteristic, lyrics, language, emotion, etc. These wide
variety of resources are quite useful for Music Information Re-
trieval (MIR), singer identification, or even karaoke systems.
However, this singing voice separation, especially in mono-
channel environment, is a very challenging problem, whose
existing methods are still impractical for real-world music. In this
work, we propose an algorithm based on Non-negative Matrix
Factorization (NMF) approach to decompose spectra of music,
then provide criteria for automatic component selection. Our
preliminary results have demonstrated its effectiveness in pitch
extraction resulting from the separated singing voice.

Index Terms—Mono-channel music, Non-negative Matrix Fac-
torization, Singing voice separation, Sound source separation

1. INTRODUCTION

With the widespread of digital music over the internet and
other sources at present, music processing has
increasingly become part of many people’s daily routines, e.g.,
Music Information Retrieval (MIR) system, karaoke system
using lyrics and singing voice alignment, singer identification,
music enhancement, etc. Some MIR system such as a popular
query-by-humming system is viable for only specific types of
music, e.g., MIDI music format, since the melody of the song
is separated in an individual channel and can readily be
extracted for use. Unfortunately, most of the systems are still
impractical for common digital music formats such as MP3,
WMA, or WAV. Although it can be argued that these
melodies can be extracted by a pitch detection algorithm, the
instrumental sounds within the music always cause high errors
during the detection. Therefore, singing voice separation must
be performed in advance. Other than the usefulness for a
query-by-humming system, this singing voice actually
contains abundant information, e.g., lyrics, language, singer
characteristics, emotion, etc. that could be useful for wide
variety of research.

The singing voice separation is one of the challenging
aspects of the sound source separation problem. The major
complications lie in the fact that it is extremely difficult to
determine the relationship between the number of observed

signals and that of sources. In addition, the type of sources in
the music mixture must also be discovered. Theoretically,
singing voice is produced by vocal tract, which always varies
by organ movements, making this singing voice separation
problem more challenging comparing to instrumental sound
that is much more stable. This perhaps explains the relatively
few research works that are directed toward singing voice
separation, regardless of the dire need in many digital music
processing systems; existing approaches are still impractical
for many genres of music.

One of the direct approaches for source separation, such as
Independent Component Analysis (ICA) [2, 8], requires that
the number of observed mixtures must be larger or equal to the
number of sources. However, the number of sources cannot be
easily determined or specified, and the number of sensors is
also generally limited to one or two (mono or stereo) channels
which is always less than the number of sources.

Other approaches are statistical modeling [5, 7], and
computational auditory scene analysis (CASA) [4, 10]. For
statistical modeling, models have to be learned from pure
singing voice and instrumental sound in advance. Then the
separation is done from the learned models. However, the ac-
quisition of pure singing voice is very difficult in reality. Al-
though CASA approach does not need pure singing voice for
learning, it requires some cues to help the separation, such as
harmonic structure of instrumental sounds [10] or estimated
pitch of the singing voice itself [4]. However, it is infeasible
for real world music to know the exact number of sources or
to accurately estimate the pitch of singing voice while there
are many other sounds producing pitch, including percussions.

In this work, we propose the singing voice separation
method for mono-channel music which can also be applied to
any types of digital music. We use Non-negative Matrix
Factorization (NMF) [3] as a tool to decompose the music
spectrum. The contribution of our research is to propose an
NMF's component selection algorithm which is the crucial
step in singing voice separation.

The rest of the paper is organized as follows. The NMF
algorithm and our proposed singing voice separation method
are explained in sections 2 and 3, respectively. The experi-
mental results are given in section 4. Finally, we conclude and
discuss the direction for future work in section 5.
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II. NON-NEGATIVE MATRIX FACTORIZATION

A. Definition

Non-Negative Matrix Factorization (NMF) proposed by Lee
and Seung [3] is an algorithm for multivariate data analysis
where a matrix Vj, is decomposed into the product of two
matrices Wp., and H,, as shown in eq. (1), where all elements
in the matrices are non-negative, and m, n, and r are positive
integer.

V ~WH (€))

To find W and H, they have designed the multiplicative
update rules to minimize the cost function between V" and WH.
They also have proposed two cost functions, i.e., the square of
the Euclidean distance shown in eq. (2) and the divergence of
V and WH shown in eq. (3).

v -wHlf =3(v, -ovm), ) @

ij

v,
DWW \WH)= )| V,log—"——V, +(WH), 3
; ! (WH),',' ! !
Due to space limitations, more information about NMF and
the proofs of convergence can be found in [3].

B. NMEF for singing voice separation

For music signal, we can use its spectrum as an input matrix
of NMF, V' (Figure 1), whose non-negative value at any posi-
tion (f; 7) is the amplitude of the signal at frequency-bin f'and
frame 7.

In the aspect of linear algebra, considering the matrix V
which contains ¢ column vectors of length f, after a
decomposition using NMF, we will get matrices 7 containing
r basis vectors of length fand H containing the coefficients of
each basis vector along the time axis.

The interesting part of NMF is the non-negative constraint
that gives the sparseness to the result matrices. Consequently,
we can think that each basis vector decomposed contains the
frequencies that are usually produced simultaneously. For the
instrumental sounds, the simultaneous frequencies can be con-
sidered as harmonics or timbres of each note. So if we know
the total number of notes of each instruments, we will know
the value of » as mentioned in [9]. However, it is much more
complicated in the singing voice separation. Produced

8
7
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frequency (kHz)
w

Now A
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Figure 1 Spectrum of a music clips as an input matrix ¥ of NMF, where
dark color represents high amplitude and vice versa

frequencies always vary across different utterance and person
which is lacking consistency, unlike the sounds from
instruments. Therefore, there are many combinations of the
synchronous frequencies. For singing voice separation, we
select the basis vectors that we assure to be of the instrumental
sounds, instead of that of the singing voice.

III. SINGING VOICE SEPARATION

Our proposed singing voice separation method using NMF
are fivefold. Firstly, input music is preprocessed to the form
that can be decomposed by NMF, and some parameters are
prepared. Next, NMF is operated before the component selec-
tion. In the case that the selected components contain some
frequencies of the instrumental sounds, we remove them with
filter in the refinement stage. Finally, the singing voice is re-
constructed. The details of our method are as follows.

A. Preprocessing

In this first stage, the mono-channel music is sampled at
16,000 Hz, and the spectrum of the music signal is constructed
using Discrete Fourier Transform (DFT) with the Hamming
window of 32 ms frame size and 16 ms overlap. Then the
magnitude or amplitude of the spectrum is calculated to
initialize the NMF input.

In addition, we initialize the number of basis components, r,
as mentioned in section IIA. Our preliminary results reveal
that they are not affected much by r values, as long as it is a
positive integer that is not too small. According to our pre-
liminary testing, » value of 64 deems to be generally good
number.

B. Decomposition using NMF

The input matrix ¥ and the number of basis components, r,
from previous stage is now passed through the NMF in order
to decompose into the result matrices /# and H that are consi-
dered as the basis vectors and their coefficients, respectively.
Examples of basis vectors of 7 and the coefficients in A along
the time axis are shown in Figure 2.

C. Component Selection

In this stage, we remove the components that are not of the
singing voice or are expected to be instrumental sounds. To
achieve this, we employ two general ideas, i.e. rhythmic and
continuous events. Firstly, the main instrument in typical
music is percussion that is always played rhythmically (except
in solo music or singing voice accompanied by some instru-
ments). Other instruments are composed to be played concur-
rently with the music. Some instruments are played simulta-
neously, so the components decomposed by NMF might not
separate each note of each instrumental sound correctly.
However, we can conclude that most instruments except for
percussion tend to be played continuously in time.

According to these ideas, we consider the coefficients in
matrix H, which tells us how each component varies along the
time axis. For instance, all the graphs in the right-hand column
of Figure 2 are the coefficients of basis components of the left
column. We can see that 4, and A5 are rhythmic; in other
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Figure 2 An example of components decomposed by NMF into matrices
W (left) and H (right)
words, the sound of this component is played rhythmically, so
we remove these two components out of the singing voice
basis list.

Human singing voice usually does not last for long period
in general music (unless it is a tiding note). Consequently, in
the continuous event case, we can assume for general music
clips that if the basis spectrum is lasting too long, it is most
definitely not the spectrum of the singing voice. Based on our
experiments, the duration threshold is set to four seconds.
However, this parameter can be adjusted to suit various types
of music. From Figure 2, A3 is considered a continuous event,
as relatively large values of coefficient of its component are
produced during the 5-second until 10-second time slices.
After this stage, the three components in Figure 2 are
removed; the 2™ and 5™ are removed by the rhythmic
criterion, and the 3™ is removed by the continuous event
criterion.

Although the components are manually selected in our pre-
liminary tests, these criteria can be simply developed to be an
automatic selection process.

D. Component Filtering

From the result of the previous stage, there are some fre-
quencies of the basis vectors that are to be removed. Accor-
dingly, we refine each component using the fact that human
voice frequencies are never below 40 Hz and never over 2,000
Hz[4]. However, there exist some types of sound that produce
frequencies over this threshold, e.g., fricative sound like ‘s’ or
‘f” whose frequencies can be above 2,000 Hz. Therefore, we
only use the lower bound of 40 Hz to filter the selected
components of W.

E. Signal Reconstruction

Once all the components or frequency sets of the singing
voice are selected, we multiply W and H whose spectrogram
of the components selected is shown in Figure 3. However, the
elements of this matrix are still non-negative and lack of phase
information. To fix this, we simply calculate the new spectrum
of which the complex value in any position is the product of
each individual element of this matrix and the original
spectrum in the same position.
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Figure 3 the spectrogram of WH after component selection, where dark
color represents high amplitude and vice versa

IV. EXPERIMENTS AND RESULTS

A.  Experimental Setup

To avoid the copyright violation and to make quantitatively
evaluation of our proposed method, we use our own mixtures
as music test set. The music test set contains ten songs sung by
various singers, and we crop each music into three clips. The
input signal is sampled at 16,000 Hz and 16-bit depth. In
addition, two songs are sung on MIDI backing tracks, while
the rest are sung on real backing track.

The advantage of the MIDI backing track is that we can
separate it into individual instrumental sound in order to
analyze which type of instrumental sounds affect the perfor-
mance of the separation method.

B. Metric

We have evaluated our singing voice separation method by
the signal-to-noise ratio (SNR) [6] shown in eq. (4), which
considers the separated singing voice, s, as a signal, and least
square error between the separated singing voice and the
original one, x, as noise.

> sy
n R )2
2.0 (s =x(®)
where 7 is the length of both singing voice signals.

C. Results

SNR =10log,, )

Real Backing Track

An example of separated singing voice signal is shown in
Figure 4 and the average SNR results of separation on eight
real backing tracks are shown in Table 1. We can readily see
from the figure that the separated singing voice extracted by
our proposed method is highly similar to the pure original
singing voice. The accompanied instruments are extremely
diverse, giving quite a wide range of results. This brings us to
the conclusion that the complication of singing voice separa-
tion problem is affected by the instruments in the music. In
addition, in separation from real backing tracks, female sing-
ing voices give higher performance than male singing voices.
It is important to note that almost all of the previous work only
displayed the plotted signals after the separation without using
formal assessment metric. We therefore decide to quantita-
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Figure 4 example of separated singing voice

tively measure the raw results regardless of its relatively low
figures.

To demonstrate the utility of our approach, we additionally
compare the detected pitch of the separated singing voice with
that of the original singing voice using Praat [1]. The accuracy
shown in Table 2 corresponds to the previous table, as larger
SNR values contribute to lower mean errors.

Artificial Backing Track

As mentioned earlier, we divide the instrumental sounds
into groups and remix with the singing voice to analyze the
performance of our separation method on different mixtures.
We make an assumption that the performance of separation
algorithm is directly related to pitch or periodicity of instru-
ment sound and singing voice. Consequently, we divide the
instruments into three groups; non-periodic percussion instru-
ments (e.g., drum, drum set, and cymbal), bass instruments,
and high-pitch instruments (e.g. string, bell, piano).

The result including the full mixture of all instruments is
shown in Table 3. It reveals that the SNR separation result of
percussion and bass instrument are the highest for male and
female singing voice, respectively. Unexpectedly, the result of
high-pitch instruments is quite low, even for male singing
voice. Although the male singing voice pitch is lower which
should have good contrast and give a higher SNR by our as-
sumption, it occurs that there are many instruments of this
group within the music while the percussion component was
previously removed, making this separation much more
different and reduces the performance of the algorithm.

V. CONCLUSION AND DISCUSSION

In this work, we propose the singing voice separation
method that utilizes Non-negative Matrix Factorization (NMF)
algorithm. The NMF has distinctive ability of decomposing
the spectrum of mixtures. With our proposed method, the
singing voice can be separated from the mono-channel music
mixtures. The SNR values refer to the satisfying performance

TABLE | AVERAGE SNR OF THE SEPARATED SINGING VOICE
FROM REAL BACKING TRACKS

Average SNR (dB)
All 7.11
Male 4.23
Female 9.99

TABLE 2 PITCH DETECTION ACCURACY COMPARISONS OF
SEPARATED SINGING VOICE AND FULL MIXTURE

Mean error (Hz)

Separated singing voice Full mixture
All 28 114
Male 37 94
Female 20 133

TABLE 3 AVERAGE SNR OF THE SEPARATED SINGING VOICE
FROM ARTIFICIAL BACKING TRACKS

Average SNR (dB)
Male Female
Full mix 1.14 4.66
Percussion 11.63 9.61
Bass 4.73 17.32
High-pitch instruments 0.31 3.80

of our singing voice separation algorithm. In addition, we
perform a pitch detection with the separated singing voice
output. The mean errors between our separated singing voice
and the pure singing voice are quite low, illustrating the utility
and good possibility in extending and incorporating this into
other research components in computer music, including
Music Information Retrieval systems. In future work, we plan
to study the effects of different instruments to the method.

REFERENCES

[1] P.Boersma and D. Weenink, "Praat: doing phonetics by computer (Ver-
sion 4.5.12) " [Computer program], Retrieved Oct 25, 2007, from
http://www.praat.org/.

[2] Y. Feng, Y. Zhuang, and Y. Pan, "Popular song retrieval based on
singing matching," in Proceedings of 3rd IEEE Pacific Rim Conference
on Multimedia: Advances in Multimedia Information Processing, 2002,
pp. 639-646.

[31 D. D. Lee and H. S. Seung, "Algorithms for non-negative matrix
factorization," in Advances in Neural Information Processing Systems
13: Proceedings of the 2000 Conference, 2001, pp. 556-562.

[4] Y. Li and D. L. Wang, "Separation of Singing Voice From Music
Accompaniment for Monaural Recordings," IEEE Transactions on
Audio, Speech, and Language Processing, vol. 15, pp. 1475-1487, 2007.

[5] A. Ozerov, P. Philippe, R. Gribonval, and F. Bimbot, "One microphone
singing voice separation using source-adapted models," in IEEE
Workshop on Applications of Signal Processing to Audio and Acoustics,
New York, 2005.

[6] N.Roman, D. L. Wang, and G. J. Brown, "Speech segregation based on
sound localization," Journal of the Acoustical Society of America, vol.
114, pp. 2236-2252, 2003.

[7]1 W.-H. Tsai and H.-M. Wang, "Automatic singer recognition of popular
music recordings via estimation and modeling of solo vocal signals,"
IEEE Transactions on Audio, Speech, and Language Processing, vol. 14,
pp. 330-341, 2006.

[8] S. Vembu and S. Baumann, "Separation of vocals from polyphonic
audio recordings," in 6th International Conference on Music Information
Retrieval, London, UK, 2005, pp. 337-334.

[9] B. Wang and M. D. Plumbley, "Musical audio stream separation by non-
negative matrix factorization," in Proceedings of the DMRN Summer
Conference, Glasgow, 2005.

[10] Y.-G. Zhang and C.-S. Zhang, "Separation of music signals by harmonic
structure modeling," in Advances in Neural Information Processing
Systems, 2006, pp. 1617-1624.

246

Authorized licensed use limited to: IEEE Xplore. Downloaded on February 10, 2009 at 07:19 from IEEE Xplore. Restrictions apply.

74



Singing Voice Separation in Mono-Channel Music

Angkana Chanrungutai and Chotirat Ann Ratanamahatana

Department of Computer Engineering
Chulalongkorn University
Phayathai Road, Pathumwan, Bangkok 10330 Thailand
E-mail: {g49ach, ann}@cp.eng.chula.ac.th

Abstract— With predominant communication technology in
our digital world, music has turned digital, and much research
has been shifted toward digital music processing. Singing voice
separation is one of the active research areas since the singing
voice itself contains abundant information within, such as
melody, singer's characteristic, lyrics, language, emotion, etc.
This wide variety of resources is very useful for diverse areas of
multimedia research, including Music Information Retrieval
(MIR), singer identification, or even karaoke systems. However,
this singing voice separation, especially in mono-channel
environment, is very challenging problem, whose existing
methods are still impractical for real world music. Our main
contribution of this work is to propose a singing voice separation
algorithm based on Non-negative Matrix Factorization (NMF)
method that can effectively extract the singing voice from the
mono-channel music. We demonstrate its utility and
effectiveness by experiments in both quantitative evaluation and
its pitch detection accuracy from the separated singing voice.

L INTRODUCTION

With the widespread of digital music over the internet and
other sources at present, music processing has increasingly
become part of many people’s daily routines, e.g., Music
Information Retrieval (MIR) system, karaoke system using
lyrics and singing voice alignment, singer identification,
music enhancement, etc. Some MIR systems such as a
popular query-by-humming system are quite viable only for
specific type of music, i.e., MIDI music format, since the
melody of the song is separated in an individual channel and
can readily be extracted for use. Unfortunately, most of the
systems are still impractical for common digital music
formats such as MP3, WMA, or WAV. Although it can be
argued that these melodies can be extracted by a pitch
detection algorithm, the instrumental sounds within the music,
however, always cause high errors during the detection.
Therefore, singing voice separation must be performed in
advance. Other than the usefulness for a query-by-humming
system, this singing voice actually contains abundant
information, e.g., lyrics, language, singer characteristics,
emotion, etc. that could be useful for wide variety of research.

The singing voice separation is one of the challenging
aspects of the sound source separation problem. The major
complications lie in the fact that it is extremely difficult to
determine the relationship between the number of observed
signals and that of sources. In addition, the type of sources in
the music mixture must also be discovered. Theoretically,
singing voice is produced by vocal tract, which always varies

978-1-4244-2336-1/08/$25.00 © 2008 IEEE
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by organ movements of each unique individual, making this
singing voice separation problem more challenging
comparing to instrumental sound that is much more stable.
This perhaps explains the relatively few research works that
are directed toward singing voice separation, regardless of the
dire need in many digital music processing systems; existing
approaches are still impractical for many genres of music.

One of the direct approaches for source separation, such as
Independent Component Analysis (ICA) [2, 8], requires that
the number of observed mixtures must be larger or equal to
the number of sources. However, for singing voice separation
problem in typical music, the number of sources or
instruments cannot be easily determined or specified, and the
number of sensors is also generally limited to one or two
channels (mono or stereo), always being less than the number
of sources, which clearly does not satisfy the ICA’s
fundamental requirement.

Other common approaches are statistical modeling [5, 7],
and Computational Auditory Scene Analysis (CASA) [4, 10].
For statistical modeling, models have to be learned from pure
singing voice and instrumental sounds in advance. Then the
separation is done from the learned model. However, the
acquisition of pure singing voice is very difficult in reality.
Although CASA approach does not need pure singing voice
for learning, it requires some cues to help the separation, such
as harmonic structure of instrumental sounds [10] or esti-
mated pitch of the singing voice itself [4]. Nonetheless, it is
still infeasible in real world music to identify the exact
number of sources or to accurately estimate the pitch of
singing voice while there are many other sounds producing
pitch, including music instruments or even percussions.

Another attractive algorithm called Non-negative Matrix
Factorization (NMF) [3], has been used for spectral data
analysis and other areas such as digital image processing and
text mining. Recently, NMF has been applied to the musical
source separation problem in an attempt to separate musical
instrument sounds [9], and has been shown to give good result
without needing any prior information about each instrument
sound. These promising results are part of our main motiva-
tion to apply NMF to the singing voice separation problem.

To generalize the problem, we therefore propose a singing
voice separation method for mono-channel music which can
essentially be applied to any type and format of digital music.
We use NMF as a tool to decompose the music spectrum. The
contribution of this work is to propose an NMF’s component
selection algorithm which is the crucial step in singing voice
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separation. In addition, we have analyzed the factor that can
affect the performance of our algorithm.

The rest of the paper is organized as follows. The NMF
algorithm and our proposed singing voice separation method
are explained in sections 2 and 3, respectively. The
experimental results are given in section 4. Finally, we

conclude and discuss the direction for future work in section 5.

II.  NON-NEGATIVE MATRIX FACTORIZATION

A.  The NMF Principles

Non-Negative Matrix Factorization (NMF), developed by
Lee and Seung [3], is an algorithm for multivariate data
analysis where a matrix 7 is decomposed into a product of
two matrices ¥ and H as shown in eq. (1), where all elements
in the matrices are non-negative, and f; ¢, and r are positive
integer.

v,

It =W,

et 1

To find W and H, they have designed the multiplicative

update rules to minimize the cost function between V and WH.

They also have proposed two cost functions, i.e., the square of
the Euclidean distance shown in eq. (2) and the divergence of
V and WH shown in eq. (3).

=Xy -mm), ) @

i

[ -wH

D(v )= 3| ¥, toe "

7 (wH),

Due to space limitations, more information about NMF and
the proofs of convergence can be found in [2].

=V, +(WH), ?3)

B.  NMF for Singing Voice Separation

For singing voice separation, we can use the spectra of
music signal as an input matrix of NMF, V (Fig. 1A), whose
non-negative value at any entry ¥}, is the amplitude of the
signal at frequency-bin f'and frame .

In the aspect of linear algebra, the spectra or matrix ¥ can
be considered as ¢ column vectors of f elements. After NMF
decomposition, we will get two matrices; W which consists of
r basis column vectors of f'elements, w;, and H which consists
of r row vectors of 7 elements, 4;, representing the coefficients
of each basis vector along the time frame ¢, i.e., W = {w,
Wa,..., w,} and H = {hy, ha,..., h,.}T. Using these notation, the
equation (1) can be written as

V=Ywh @

In addition, the interesting part of NMF is the non-negative
constraint that gives the sparseness to the basis spectra or
column vectors in matrix W (for clarity, we provide a sample
basis spectra in section IIIC). Because the only operation
involved among w;%; in eq. (4) is addition operator with a non-
negative constraint, the basis spectra therefore contain sparse
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Fig. 1. Spectra of A) A sample music clip as the input

of NMF, V; B) W'H’ after component selection (this can also be

considered as the separated singing voice); and C) Ideal singing

voice. Black represents high amplitude, and white represents low
amplitude. The details of figures are given in section V.

frequencies such that the non-negative values can be distri-
buted to all basis spectra. Specifically, the frequencies usually
produced simultaneously are typically used for the frequency
distribution. In other words, the basis spectra can reflect the

harmonics or timbres of each note for the instrumental sounds.

In this case, the integer » for NMF decomposition can be set
to the total number of notes of each instrument as mentioned
in [9].

However, the singing voice separation problem is much
more complicated; produced frequencies of singing voices
always vary across different utterances and persons giving
intractable amount of variation of the synchronous frequen-
cies, unlike the sounds from instruments which are much
more consistent. Therefore, in this work, we select the basis
vectors based on the instrumental sounds instead of the
singing voice to achieve better separation.
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Fig. 2.  Block diagram of the proposed singing voice
separation algorithm

III.  SINGING VOICE SEPARATION

Our proposed singing voice separation method using NMF
are fivefold, as shown by a block diagram in Fig. 2. First,
input music is preprocessed to the form that can be decom-
posed by NMF, and some parameters are prepared. Next,
NMF decomposition is performed before the component
selection process. In the case that the selected components
contain some frequencies of the instrumental sounds, we
remove them with filter in the component filtering stage.
Finally, the singing voice is reconstructed. The details of our
method are provided as follows.

A.  Preprocessing

In this stage, we transpose the mono-channel music clip
into frames and pass it through the Hamming window. Then,
Discrete Fourier Transform (DFT) is calculated to construct
the spectrum for each frame. Then, the amplitude of each
frequency-bin in the spectrum is calculated to initialize the
NMF input, i.e., the non-negative matrix V. The output from
this stage can be illustrated as a spectrogram shown in Fig. 1A.

In addition, we initialize the number of basis components, 7,
as mentioned in section II. Our preliminary results reveal that
they are not affected much by r values, as long as it is a
positive integer that is not too small. According to our
preliminary testing, » value of 64 deems to be a generally
good number.

B.  Decomposition using NMF

The input matrix ¥ and the number of basis components, »
from previous stage is now passed through the NMF in order
to decompose into the result matrices W and H that are
considered as the basis spectra and their coefficients, respec-
tively. Examples of basis spectra of 7 and the coefficients in
H along the time axis are shown in Fig. 3.

As mentioned in section IIB that the basis spectra are
sparse, that is, from Fig. 3, most w; have small amount of
active frequencies. It is obvious that the active frequencies of
wy, for example, are harmonics which appear in the sound
according to h;. However, there are some cases that many
frequencies are active, e.g., w, and ws. This situation could be
a result of noise that may be played by many types of instru-
ments, such as some percussion and wind instrument, or even
by human. For this reason, the coefficients of the basis
spectrum have been used in the next stage.

e h L
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Fig.3. An example of components decomposed by NMF
into matrices W (left) and H (right)

C.  Component Selection

In this stage, we remove the components that are not of the
singing voice or are expected to be instrumental sounds. To
achieve this, we employ two general ideas, i.e. rhythmic and
continuous events. Firstly, the main instrument in typical
music is percussion that is always played rhythmically (except
in solo music or singing voice accompanied by some instru-
ments). Other instruments are composed to be played concur-
rently with the music. Some instruments are played simulta-
neously, so the components decomposed by NMF might not
separate each note of each instrumental sound correctly.
However, we could assume that most instruments except for
percussion tend to be played continuously in time.

According to these ideas, we consider the coefficients in
matrix H, which tells us how each component varies along the
time axis. For instance, all the graphs in the right-hand
column of Fig. 3 are the coefficients of basis spectra of the
left column. We can see that 4, and /s are rhythmic; in other
words, the sound of this component is played rhythmically, so
we remove this component out of the singing voice basis list.

As mentioned above, each basis spectrum reflects harmonic
or noise. For human singing voice, the harmonic appears
according to a vowel which usually does not last for long
period in general music (unless it is a tiding note). In the case
of noise, the human produces noise only in short period of
consonant uttering. In the continuous event case, we can
conclude for general music clips that if the basis spectrum is
lasting too long, it is most definitely not the spectrum of the
singing voice. Based on our experiments, the time threshold is
determined to be four seconds, i.e., the period of time
threshold that the basis spectrum does not belong to the
spectrum of the singing voice. However, this parameter can
be adjusted to suit various types of music. After this stage, the
three components in Fig. 3; the second and fifth are removed
by the rhythmic criterion, and the third is removed by the
continuous event criterion.
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The output of this stage are W, denoted as the selected
basis spectra, and H’, denoted as the coefficients correspond-
ing to the basis spectra in /.

Although the components are manually selected by part in
our preliminary tests, these criteria can be simply developed
to be an automatic selection process.

D. Component Filtering

From the result of the previous stage, there are some
frequencies of the selected basis spectra that are to be
removed. Accordingly, we refine each component using the
fact that human voice frequencies are never below 40 Hz and
never over 1.4 kHz [4]. However, there exists some types of
human sound that could produce frequencies over this
threshold, e.g., fricative sound like ‘s’ or ‘f” whose frequen-
cies can be above 1.4 kHz. Therefore, we only use lower
bound to filter the basis spectra of .

E.  Signal Reconstruction

Once all the components or frequency sets of the singing
voice are selected, we multiply matrices W’ to H’ whose
product can be shown as a spectrogram in Fig. 1B. However,
the elements of this matrix are still non-negative and lack of
phase information. To fix this, we simply filter the original
spectra by multiplying each individual element with the

element at the same position of W’H’ in the frequency domain.

For example, the element (2, 3) of the resultant matrix is the
product of the element (2, 3) of the original spectra and of the
(W’H’) matrix.

Finally, we calculate the Inverse Discrete Fourier
Transform (IDFT) from the output spectra. Then the singing
voice signal is re-synthesized.

IV. EXPERIMENTS AND EVALUATION

We design the experiments for evaluation in two aspects,
i.e., the quality of separated singing voice, and the accuracy of
pitch detection from the singing voice separated by our
proposed method. In this section, we give the details of
experimental setup, metric for evaluation in these aspects, and
the methodology of the experiments.

A.  Experimental Setup

To make quantitative evaluation, we test our proposed
method on various mixtures of music test set, which contains
16 music clips sung by various male and female singers
accompanied by various types of instruments. The average
length of clips is 9.60 second. The input signal is sampled at
16 kHz, 16-bit resolution, with 32 ms frame size and 16 ms
overlap for the experiments. For a 10-second clip, we will
obtain 624 column vectors of length 512 which is then trans-
formed to 624 spectra of length 257 after the preprocessing
stage. In addition, fourteen music clips are sung on randomly
selected instrument backing track, while the rest are sung on
real backing track. All backing tracks are in MIDI format,
only for evaluation purpose.

The advantage of MIDI backing track usage in our experi-
ment is that we can easily extract each channel of pure instru-
mental sound and mix with singing voice for the experiments,

including a convenient evaluation on which type of
instrumental sounds and how they affect the performance of
the separation method.

B.  Evaluation

To evaluate the quality of singing voice separated by our
proposed method, we take the signal-to-noise ratio (SNR)
used by [6, 9] as shown in eq. (5), which considers the
separated singing voice, s, as a signal, and least square error
between the separated singing voice and the original one, x, as

2y
ZLI [s(i)fx(i)]z

where 7 is the length of the singing voice signals, and i is the
sampling point of each signal.

The higher performance of separation method can be
explained as the higher SNR. In an ideal case, the SNR should
reach its upper bound, which is defined in the next section.

For pitch detection accuracy evaluation, we compare the
pitch detected from our separated singing voice with the pitch
detected from the original pure singing voice using Pratt
detection software [1]. We measure the error between pitch of
the separated and original singing voice pair using Manhattan
distance metric, such that we can obviously notice the
distance in Hertz unit.

C.  Methodology

Our experiments consist of two main components. First, the
testing objective is to study the results of our singing voice
separation method under three scenarios; single-instrument,
mixed-instrument, and real backing tracks. For single-instru-
ment backing track, we are interested in the effect of the type
of instrument to the performance of separation algorithm; we
randomly mix female and male singing voice with various
types of instruments that can be grouped as percussion, such
as drum, tambourine, and cymbals; low-pitch instrument, such
as guitar-bass and trumpet-bass; and high-pitch instrument,
such as piano, guitar, and saxophone. In the second scenario,
we are interested in the singing voice among multiple instru-
ments mixed together, which is closer to the real music.
Finally, we test our method with real world music, whose
singing voice and accompaniment are highly correlated. We
mixed random male and female singing voice tracks with
their real backing tracks, which can consist of up to seven
instruments.

The second part of our evaluation is to measure the
accuracy of the singing pitch extracted from the separated
singing voice of the music from the third scenario, the real
world music. The results are shown and discussed section V.

SNR =101log (3)

V. RESULTS AND DISCUSSION

As described in previous section, the experiments are
performed in two phases under three scenarios using different
types of backing tracks. The details of the results and discus-
sion are as follows.
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TABLE 1.
SNR OF THE SEPARATED SINGING VOICE
FROM SINGLE-INSTRUMENT BACKING TRACKS

Music set SNR (dB)
Singer Instrument Result* Ideal®
p* 13.68 21.52
Male L 15.22 25.66
H® 21.75 25.42
P 19.26 24.84
Female L 2227 26.60
17.99 23.97
Average 18.36 24.67

“SNR between the separated singing voice and the original singing voice,
® SNR between the approximated mixture and the input mixture,
¢ Percussion instrument, * Low-pitch instrument, ¢ High-pitch instrument

TABLE 2.
SNR OF THE SEPARATED SINGING VOICE
FROM MIXED-INSTRUMENT BACKING TRACKS

Music set SNR (dB)
Singer Instrument Result Ideal
P+L 14.87 24.08
P+H 16.88 26.53

Male
L+H 16.13 23.79
P+L+H 15.29 23.87
P+L 24.81 26.38
P+H 17.57 27.99
Female
L+H 17.34 25.85
P+L+H 15.32 25.22
Average 17.28 25.46
TABLE 3.
SNR OF THE SEPARATED SINGING VOICE
FROM REAL BACKING TRACKS

Music set SNR (dB)
Singer Instrument Result Ideal
Male Real BKT 17.02 20.73
Female Real BKT 8.12 15.99
Average 12.57 18.36

A.  Singing Voice Separation Results

Single-Instrument Backing Track

The SNR results from this experiment are shown in Table
1; P, L, and H represent percussion, low-pitch instrument, and
high-pitch instrument, respectively. We also add the ideal
SNR in the last column of result tables to give some informa-
tion about the SNR value in an ideal case. This ideal SNR is

the ratio between the approximated mixture from NMF and
the original input mixture. Although this value is the ratio
between the approximated and the real mixture, which yields
some error, it is the best SNR achievable from NMF approach.
In addition, these two mixtures are essentially
indistinguishable for human auditory system. These ideal
SNR values do vary depending on the type of instruments as
well as singers.

From Table 1, the female singing voice, which produces
higher pitch compare to the male’s, accompanied by
randomly selected low-pitch and percussion instruments as
the backing track, results in higher SNR. In contrast to the
male singing voice, the highest SNR is from the high-pitch
instruments. This experiment does reconfirm our hypothesis
that the performance of the singing voice separation is higher
if the sound sources are different in aspect of pitch.

Mixed-Instrument Backing Track

In the previous experiment, we are interested in the effect
of only one single instrument which is still far from the music
reality. Hence, in this phase, we start mixing instruments
together as backing track. The results are shown in Table 2.

The average result does degrade from the first scenario as
expected, which is caused by the higher number of instrumen-
tal sounds. However, we also get similar trend in the results,
where the female singing voice accompanied by percussion
and low-pitch instruments does perform better.

Real Backing Track

In the previous two experiments, we randomly select the
singing voice and the instruments for the mixture, whose
elements may not be entirely correlated. So, in this final phase,
we test our on the real scenario where the singing voice is
accompanied by its real backing track which contains high
pitch between the singing voice and the real backing track.
The results are shown in Table 3.

As expected, the average results from Table 3 are inferior
to the two previous scenarios due to the diversity of accompa-
nied instruments in real backing track. Nevertheless, when we
analyze each individual case, i.e., male and female singing
voice, the result of separated male singing voice is relatively
high comparing to the ideal SNR; the separated female
singing voice result has much lower SNR. By looking at the
music we test, we found that a large number of instruments
(up to seven) in this real backing track are mostly high-pitch
(high-frequency) instruments, thus interfering with the female
singing voice.

The spectra in Fig. 1 are of this female mixture. Fig. 1A is
spectra of the mixture shown in grayscale where black and
white colors represent high and low amplitude of the fre-
quency, respectively. Fig. 1B and 1C are spectra of the sepa-
rated singing voice and pure original singing voice, respec-
tively. As we can see from the Fig. 1A, there exists the
frequency pattern mixed with other chaotic pattern of frequen-
cies, including the rhythmic along the time and other instru-
ments that produce the same range of singing voice frequency.
In addition, we can notice that in Fig. 1B, the original singing
voice still contains some noise at about 5 kHz, 2.4 kHz, and
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Fig. 4. Example of separated singing voice

other lower frequencies for the whole period of time. For
these reasons, the separated singing voice gives quite low
SNR. However, by comparing Fig. 1B with the original
singing voice in Fig. 1C, the shape of the spectra are well
matched and most of instrumental sounds can be removed.

Nonetheless, from the human perspective, using pure SNR
to evaluate the method can be seen as an extreme case since
the noise produced in many cases that can be clearly reflect in
SNR value is actually undetectable in human ears. Fig. 4
illustrates the mixture, separated singing voice, and the
original singing voice of this female singing voice accompa-
nied by real backing track in wave form, in other words, it is
another visualization of the Fig. 1A, 1B, and 1C, respectively.
We can also see from Fig. 4 that the separated singing voice
extracted by our proposed method is highly similar to the pure
original singing voice.

B.  Pitch Detection Results

To demonstrate the utility of our approach, we do the
another experiment to test the pitch detection of the separated
singing voice compared with the original singing voice using
Praat [1]. The accuracy of pitch detection is shown in Table 4.

We can see that the separated singing voice has much lower
pitch errors (in Hertz), comparing with the errors from the full
mixture of the song. These errors are considered extremely
low, considering the pitch difference between any two
adjacent notes differ in relatively larger scale in Hertz.

VI. CONCLUSION AND DISCUSSION

In this work, we propose the singing voice separation
method that utilizes Non-negative Matrix Factorization
(NMF) algorithm. The NMF has distinctive ability of
decomposing the spectrum of mixtures. With our proposed

TABLE 4.
PITCH DETECTION ACCURACY COMPARISONS OF
SEPARATED SINGING VOICE AND FULL MIXTURE

Mean error (Hz)

Separated singing voice Full mixture
All 28 114
Male 37 94
Female 20 133

method, the singing voice can be separated from the mono-
channel music mixtures. The results from the experiments
including the satisfying signal and spectrum demonstrate the
effectiveness of our method in singing voice separation.
Moreover, from our experiments, we can conclude that the
performance of the proposed method is affected by the type of
instrument and singer. Pitch differences between singing
voice and the musical instrument also yield higher result than
the more similar ones. In addition, the number of instruments
also affects the performance. This supports the prior
knowledge about the sound source separation work. In future
work, we plan to study the effects of different instruments to
the method and develop the algorithm to relieve the effect of
factors that cause the reduction of SNR.
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Abstract

Nowadays, visually impaired people can read
electronic documents on the computer by using some
screen reader software. Nevertheless, these sofiware
products only work on the textual parts, but they are
unable to read nor describe images. Consequently,
the visually impaired people may not understand the
detail of the images. The task of translating and
describing images is usually achieved by printing the
images with the Braille printer or showing them via
the Braille display; as a result, the visually impaired
people can touch the images by their hands.
However, the process is very time consuming, costly,
and inconvenient. This paper proposes a new concept
based on Digital Image Processing and the Optical
(OCR) for

describing and translating the images into textual

Character  Recognition techniques
description which is readable from the screen reader
software. We demonstrate the utility of our approach

by testing on a set of tabular images.

Key Words: Image Translation, Image Description,
Image Processing, Visually Impaired People, Screen

Reader, Assistive Technology
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