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PERCEPTUAL AUDIO SOURCE SEPARATION BY SUBSPACE LEARNING

SUMMARY

Single-channel audio source separation problem occurs alsngle observation of
the mixture of a number of sources is available. In this tyjgeroblems, the aim is to
estimate the individual sources constituting the mixtimearactice, it is very common
to have multiple sources being active at the same time ingdesrecording. In such a
situation, human listener has the ability to keep the atiartb a single audio source
in an adverse acoustical condition. However, the probleautdmatically estimating
several sources from one input signal is an under-detethand ill-posed challenging
problem for the researchers.

Since the available information is not adequate to recaoosthe sources completely,
solution of the single channel audio source separationl@mobelies on making

appropriate assumptions about the sources. In this thesiglevelop models and
algorithms that provide a framework to separate audio $sgnam single observation
based on the subspace learning methods namely, Non-reedéditrix Factorization

(NMF) and Non-negative Tensor Factorization (NTF) where Hources are not
necessarily assumed as independent.

First, we introduce the perceptually weighted Non-negatMatrix Factor 2-D
Deconvolution (PW-NMF2D) and the perceptually weighted stdved NMF
(PW-CNMF) methods to separate musical instruments in pagjghmusic mixtures.
Our approaches integrate the human perception into so@maraion, that allow
to improve the perceptual quality of the separated sourcé& weight the cost
functions of the NMF and NMF2D methods measured by Kullbkelgler (KL)
and Itakura-Saito (IS) divergences, which are the spe@akg off3—divergence
using a perceptual weighting score matrix. The weightingresanatrix assigns a
loudness sensation value per each time-frequency compbased on the Perceptual
Evaluation of Audio Quality (PEAQ) model defined in ITU-R BS38F. Thus, the
contribution of the element-wise divergence to the costfion is increased/decreased
using a high/low weighting score for the perceptually intpot/unimportant
components. These perceptually enhanced PW-NMF2D and PWFChethods
constitute blind source separation methods which enhdecguality of the separated
sources as perceived by humans.

Second, we investigate an adaptive time-frequency raenlltased sound source
separation method to separate either music or speech esxtim the literature, the
NMF based source separation algorithms work at a fixed tiaguency resolution
based Short Time Fourier Transform (STFT) magnitude or p@pectrogram. Both
speech and music signals have stationary and transierits ipadifferent parts of
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a single recording and they should be analyzed using apptepwindows. It is
known that,the transients and percussives should be a&thlyzing a short window,
whereas the stationary signals should be analyzed usimgvdamdows. If the signal
is analyzed using a fixed time-frequency resolution, smegawsccurs either in time or
frequency resulting a poor separation of sources. In oaenihimize the smearing
caused by a fixed time-frequency resolution based analy&gropose to separate
the signals in several time-frequency resolutions undemervised approach where
the source bases are learned in advance from the trainimg dte separation is
performed using Non-negative Tensor Factorization (NTRene each layer of the
tensor represents the same single channel mixture in wamsolutions. The separated
signals obtained from each resolution are then fused addypbased on the maximal
energy compaction principle method. This supervised magidilution separation
method estimates the sparsity of the sources obtained fiffenesht time-frequency
resolutions and fuses them accordingly. This method is daaadlultiResolution NTF
(MR-NTF) and it increases the separability of sources by mizing the smearing
both in time and frequency.

Third, we investigate the clustering problem encountere®lMF based separation
problems. It is known that the representation capabilityhef NMF algorithms is
enhanced as the rank of the factorization is increased. elfrémk is selected as
greater than the number of sources, the order of the basesnee@andom. Thus,
it is required to cluster the bases into the sources. In tiesis, we overcome the
clustering problem encountered in musical source separatioblems by using two
unsupervised approaches. The first unsupervised appreaealséd on the assumption
that the timbre of a note played by an instrument is constanttfe entire range
of pitch. Using PW-NMF2D method, a single basis vector igaoted for a single
instrument and shifted in frequency to approximate the abthe other notes played
by the same instrument. This assumption works only if thetismnal is represented
using a log-frequency magnitude spectrogram. The propB&®cdNMF2D method
can capture both the temporal structure and the pitch chahgsh occurs when an
instrument plays different notes. In the second approatloyder to maximize the
representation capability, we first extract the NMF basels avhigh rank value, i.e.13,
using perceptually enhanced NMF. The extracted bases aseertd into the same
source using NMF2D if they share the same timbre at a diftgpigch.

Fourth, we focus on incorporating prior information intcetlseparation scheme.
Prior information about the sources can be integrated ih& separation method
using statistical methods. In our Bayesian Non-negativaiki&actor Deconvolution

approach (BNMFD), the original non-negative update equatiof NMFD are

obtained using an Expectation-Maximization (EM) alganttfor the Maximum

Likelihood (ML) estimation of a conditionally Poisson mddérough data

augmentation. The proposed BNMFD approach retains thecttafeatures of

conventional NMFD such as easy implementation and monotmomvergence while
opens up the way to develop more powerful models by incotjpay ¢he available prior

information into the decomposition algorithm.

In MR-NTF method, we also incorporate the prior informatiomitable about the
sources into the separation scheme in a supervised apprdddh is achieved by
learning the bases of the sources from the available taidata of each source by
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applying NMF on the training data at various time-frequenegolutions a prior to
separation of the mixture. The learned source bases are ifixéte separation of
the mixture signal, thus only the gains and the amplitudeelepes of the bases are
updated iteratively through multiplicative update rul€Bhis enables us to perform
separation through a high-rank factorization by omitting tlustering problem.

We present conventional and perceptual evaluation of tbpgsed approaches on
an extended dataset and compare the results to either the tiMIENMF and the
NMF2D methods. We observe that the proposed models imptaveuality of the
sources both in terms of the conventional and the percepteabures.
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ALTUZAY O GRENME ILE ALGISAL SES KAYNAK AYRISTIRMA

OZET

Birden fazla kaynaktan olusan tek bir gdzlem isaretininvoo¢ olduju kaynak
ayristirma problemine, tek-kanaldan kaynak ayristipr@blemi denilmektedir. Bu
tur problemlerde amag, karisimi olusturan kaynaklagk tek elde edilmesidir.
Pratikte, tek bir ses kaydinda birden fazla kayimaayni anda etkin olmasi ¢ok sik
rastlanan bir durumdur. Bdyle bir durumda, insan, ters @kusit kosul iginde
dikkatini tek bir kayn@a odaklayabilme yetegae sahiptir. Ancak, tek bir gézlemden
birden fazla kayngun otomatik olarak kestirilmesi problemi, “eksik tanimiais” ve
kotl-konumlanmis bir problem olup, arastirmacilagrastirmaya devam etmektedir.

Bu tur “eksik tanimlanmig” problemlerde mevcut olan bilggynaklari elde etmek
icin yeterli olmadgindan, problemin ¢6zimi kaynaklarla ilgili uygun varsahar

yapllmasina dayanmaktadir. Bu tez calismasinda, tek kiotegd isaretinden
karisimi olusturan ses kaynaklarini ayristirmak icin ¢erceve sglayan Negatif
Olmayan Matris Ayristirma (NOMA) ve Negatif Olmayan Tens@yristirma

(NOTA) yontemlerine dayali modeller ve algoritmalar géhjmektedir. NOMA

ve NOTA, negatif olmayan verinin yaklagik olarak aymgtnasina olanak ggayan

parcalara-dayall bir boyut distirme tajinoldugu icin tercih edilmektedir.

Ik olarak, polifonik mizik karisimlarindan miizik aletiei ayristirmak icin algisal
olarak airhklandinimis Negatif Olmayan Carpan 2-B Ters EvnigiAA-NOC2BTE)
ve algisal olarak @rliklandiriimis Obeklenmis Negatif Olmayan Matris Wgtirma
(AA-ONOMA) oOnermekteyiz.  Onerdimiz yontemler, insan algisini kaynak
ayristirma probleminde kullanarak, ayristirilan kdymgaretlerinin algisal kalitesini
artirmay! hedeflemektedir. NOMA ve NOC2BTE yontemlerirfa; iraksayinin 6zel
halleri olan Kullback-Leibler (KL) ve Itakura-Saito (ISjaksaylari ile 6lctilen maliyet
fonksiyonlarini girhklandirmaktayiz. A&irlik matrisi, ITU-R BS. 1387 6nerisinde
tanimlanan Ses Kalitesinin Algisal Berlendiriimesi (SKAD) modeline dayali olarak
hesaplanmakta olup, her zaman-frekans bilesenine Bililsdsyumsama dgeri ata-
maktadir. Boylelikle, iraksayin her bir teriminin maliyetnksiyonuna katkisi algisal
olarak dnemli/6nemsiz bilesenler icin ylksek/dusighrizk katsayilari kullanilarak
artirimaktadir/azaltiimaktadir. Algisal olaralgidiklandiriimis AA-NOC2BTE ve
AA-ONOMA yontemleri, ayristirilan kaynaklarin insan aga gore kalitesini artiran
gOzukapall kaynak ayristirma yontemleri olarak 6neritedir.

Ikinci olarak, miizik ya da konusma isaretlerinden otugarisimlari, kaynaklarina
ayirmak icin uyarlamal zaman-frekans ¢ozingilide dayal bir kaynak ayristirma
yontemi onermekteyiz. Bilimsel yazinda, NOMA tabanli seyriek ayristirma

yontemleri Kisa Zamanh Fourier Donusumuine (KZFD) dagabit zaman-frekans
¢Ozunurligiinde calismaktadir.  Tek bir konusma ya da mizik kaydifiankli

XXVil



kisimlarinda gecis bolumleri ve d@an boélimler bulunmaktadir ve bu bélumler
uygun cerceveler secilerek incelenmelidirler. Bilinmehteki, gecis kisimlari ve
vurmali calgilar kisa pencereler kullanilarak, djaa isaretler ise uzun pencereler
kullanilarak analiz edilmelidir.  &er, isaret sabit zaman-frekans c¢ozungil
kullanilarak incelenirse, zaman ya da frekansta yaylimasrobkta ve kaynak
ayristirma bagarimi yetersiz olmaktadir. Sabit zamekaihs ¢ozunurigline dayall
analiz kullanimina bgi olarak olusan yayllmayi en kuguklemek igin, ayrrgiay!
birden fazla ¢oziinurlikte gerceklestirmeyi onermekteginerilen yontem, ayristirma
oncesinde kaynak bazlaringiégm kiimesinden grenilmekte oldgundan giticili bir
yaklasimdir. Ayristirma, tensortin her bir katmani fakhman-frekans ¢ozunur-
lGgunde ayni karisim isaretini temsil etmek Uzere Negdtii&yan Tensor Ayristirma
(NOTA) yontemi ile gergeklestiriimektedir. Her bir ¢Ozimikte ayristirilan kaynak
isaretleri, buyukce enerji sikistirma ilkesi yontemidayali olarak uyarlamali bir
sekilde birlestiriimektedir. Onerilenggticili cok ¢ozunurlukli ayristirma yontemi,
farkli zaman-frekans ¢ozunurliklerinden kestirilen kalmsaretlerinin seyrekliklerini
hesaplayarak, seyrekliklerine gore farkli ¢ozundrlik wgarini birlestirmektedir.
Bu yonteme Cok Cozunurlikli NOTA (CC-NOTA) yontemi ismi verilnedir.
CC-NOTA yontemi, zaman ve frekansta yayilimi en kicukleyerke&ynaklarin
ayrilabilirligini artirmaktadir.

Uclincii olarak, NOMA tabanli ayristirma problemlerindeaga cikan ¢bekleme
sorununu incelemekteyiz. Bilinmektedir ki, ayristirmazdyi (rank) artirildikca,
NOMA yonteminin temsil etme glicu artmaktadir.géf diizey, kaynak sayisindan
buyik secilirse elde edilen bazlarin siralanisinin stgld@yu gorilmektedir.
Bu sebeple, elde edilen bazlarin kaynaklara 6beklenmeskgmktedir. Bu tez
calismasinda, mizik kaynak ayrigtirma problemlerindekkleme problemi iki farkli
yontem kullanilarak ortadan kaldirilmaktaditk goztkapal 6bekleme ydntemi, bir
muzik aleti tarafindan ¢alinan bir notanin tinisinin, eaid tim eriminde sabit oldu
varsayimina dayanmaktadir. AA-NOC2BTE yontemi kullayidda, her bir muzik
aleti icin bir baz vektori elde edilmektedir. Bu baz vektdrakansta 6telenerek ayni
muizik aleti tarafindan calinan@kr notalarin bazlari yaklasik olarak elde edilmektedir.
Bu varsayim, sadece giris isaretinin log-frekans genpkksrogrami kullanilarak
temsil edildgi durumlarda gecerli olmaktadir. Onerilen AA-NOC2BTE ydmtebir
muzik aletinin farkli notalar calmasi durumunda, zamagagly! ve perde dgsimini
yakalayabilmektedir.ikinci 6bekleme yaklasiminda ise, NOMA yénteminin temsil
etme gucund artirmak icin 13 gibi yiksek bir dizey secilrmeke algisal olarak
guclendirilmis NOMA kullanilarak kaynaklarin bazlardel edilmektedir. Elde edilen
bazlar, ikinci bir adimda NOC2BTE kullanilarakger farkh perdede ayni tiniya
sahiplerse ayni kayga 6beklenmektedirler.

Dorduncu olarak, ayristirma yontemine 6nsel bilgininegkhesi tUzerinde durulmak-
tadir. Kaynaklar hakkinda mevcut olan 6nsel bilgi, aymgéa yontemine istatistiksel
yaklagimlarla eklenebilmektedir. Onejiniz Bayesci Negatif Olmayan Matris
Carpan Ters Evrisimi (BNOMCTE) yaklasiminda, Negatif OlmayMatris Carpan
Ters Evrisimi (NOMCTE) yonteminin orijinal negatif olmayguncelleme formdlleri,
veri artimi aracifjlyla kosullu Poisson modelinin En Blyuk Olabilirlik Kestni

(EBOK) icin beklentiyi en buytkleyen bir algoritma kullaarbk elde edilmektedir.
Onerilen BNOMCTE vyaklasimi, NOMCTE yonteminin kolay uyguddiirlik ve

XXVili



tekduze yakinsamasi gibi c¢ekici Ozelliklerini korurkenyrigtirma algoritmasina
mevcut olan 6nsel bilginin eklenmesiyle geligtirileloék daha kuvvetli modeller igin
onculuk yapmaktadir.

CC-NOTA yaklasiminda da, kaynaklar hakkinda var olan onskji kgiticili
bir sekilde kaynak ayristirma yontemine eklenmektedBunun icin, CC-NOTA
kullanilarak her kaynak icin mevcut olargieém verisinden, kaynaklarin bazlari
ogrenilmektedir. @renilen bazlar karisim isaretinin ayristirimasi &snda
sabitlenerek, kazanglar ve bazlarin genlik zarflari gaspingiincelleme kurallar
aracilgiyla yinelemeli olarak glincellenmektedir. Bu yaklasihekleme problemini
ortadan kaldirarak ytiksek-dizeyli bir ayristirma yapr@ma) sajlamaktadir.

Genigletilmig bir veri kimesinde, oOnerilen yontemlergeleneksel ve algisal
dejerlendirilmesi yapiimakta ve onerilen yontemlerin baga NOMA, ONOMA
ve NOC2BTE yontemlerinin basarimiyla kiyaslanmaktadir. eden modellerin,
kaynaklarin kalitesini geleneksel ve algisal 6lcitlereegartirdg1 gdzlenmektedir.
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1. INTRODUCTION

The term “audio source” is used to refer to an individual ptgissource or to an
entity that humans perceive individually. While humans hadeanced skills in
“hearing out” individual sources from complex mixtures ewe noisy conditions; the

computer-based modeling of this process is a very diffiawbfgm.

The process of estimating the individual sources from thetune signal is called
sound source separation. Sound source separation has malicagons including
music transcription, remixing, chord estimation, pitch dification, rendering of
stereo CDs on multichannel devices, robust speech recogngpeaker separation
from recorded meeting and video conferencing —“Cocktaitydgoroblem. When

the number of observations is less than the number of squtbesproblem is

calledunder-determined The single-channel source separation problem is the most

difficult case among the under-determined separation enabin which only a single
observation exists. Moreover, according to the informratised, the sound source
separation methods are referred tokdisd when any prior information about the

sources and the mixing matrix is not available.

The focus of this thesis is to develop models and algorithrasgrovide a framework
to separate audio signals from a single observation. Inlesicigannel source
separation, a human listener has the ability to keep thatatteto a single audio
source in an adverse acoustical condition. Although thdadla information in this

situation is not sufficient for exact source reconstrugtibis possible to estimate or to

obtain the approximate solutions by utilizing some infotimaabout the problem.

Many algorithms have been proposed for solving the sourparagon problem.
These algorithms can be grouped into three main categothes:methods based
on Computational Auditory Scene Analysis (CASA), statidtgatial methods and

statistical spectral methods.



The CASA methods separate the mixed sources by grouping thaunai
elements represented in time-frequency domain into th&ithdal sources using
psychoacoustical cues [1]. Conventionally, the groupingscsuch as common
onset/offset, modulation, harmonicity and spatial lcmatare used. Periodicity is
the main feature used by the CASA systems, thus the CASA systenmot handle

aperiodic signals.

Statistical spatial methods commonly use simple prolsilali source models
for extracting the underlying sources of multi-channeloréings. Independent
Component Analysis (ICA) [2], which remains in this group, he®n successfully
used to solve source separation problems in several apphcareas. ICA attempts
to estimate the independent components by maximizing ttesttal independence
of the estimated components. However, it requires at leasbtany observations as
the number of sources. Other statistical models aim to aépar larger number of
sources using time-frequency binary masks under the asseamtpat they are disjoint
in the time-frequency plane. Interchannel Intensity Défece (11D) and Interchannel
Time Difference (ITD) are commonly used as time-frequenegtiires to estimate
the source azimuths and to derive optimal masks [3]. Howedhese methods fail
in time-frequency regions where the sources highly ovebkepause the used binary

masks generate burbling noise [3].

In the literature, statistical spectral methods have atsmiproposed for the separation
of single channel mixtures. A favorite statistical spdctreodel for blind source
separation is Independent Subspace Analysis (ISA) projdogeélyvarinen and Hoyer
[4]. After the work of Casey and Westner [5], ISA has been comisnased to refer
the techniques which apply ICA to factor the spectrogram dhgle channel audio
signal to separate sound sources. When magnitude or powsraggrams are used as
the input mixture signal, the extracted basis vectors ssrethe magnitudes or the
powers of the important frequency components which aremegative by definition.
Thus, it may be advantageous to restrict the basis vectdrshargains to be entry-wise
non-negative. The standard ISA algorithm, which is useddotorization, does not

satisfy the non-negativity constraints. Moreover, it i®wh that the non-negativity



restrictions alone are sufficient for the separation of the&aes, without the explicit

assumption of statistical independence [6].

Non-negative Matrix Factorization (NMF) [7] can be used asimple but efficient
spectral model for factorizing the input data into a lineambination of basis vectors
with non-negativity constraints for both the basis and theoeing matrices. It has
been extensively used in audio source separation, whermitktare is represented
in the form of spectrogram. In [8], an algorithm based ondazing the magnitude
spectrogram of an input signal into sum of components withptaral continuity and
sparseness criteria is proposed. Conventionally, NMF de¢dake into account
the relative positions of each frequency basis vector, tthigsards the temporal
information. Smaragdis [9] introduces the Non-negativerMdactor Deconvolution
(NMFD) algorithm, in which each instrument is modeled by mdifrequency

signature that varies in intensity over time.

In NMF based source separation methods, the representasipability of the
factorization is improved if the rank of the factorizati®gelected high. However,
when the rank is higher than the number of sources, the basested in random
order should be clustered into sources. This problem is knasvthe permutation
problem in the literature. In polyphonic music source safian, the convolutive
NMF approaches like Shifted Non-negative Matrix Factdraa (SNMF) [10] and
Non-negative Matrix Factor 2-D Deconvolution (NMF2D) [1a4yoid the need for
clustering under the assumption that the notes belongiray smgle source consist
of translated versions of a single basis. Thus, SNMF and NM§&nerate a single
basis for each instrument and it captures the other notgeglay the same instrument
by translating it in frequency. In another approach [12, shift-invariance property is
used in a computationally more effective two-step sepamgirocess which factorizes
the magnitude spectrogram of the mixture into notes usingladank approximation
and clusters the notes into sources by applying the SNMFadeththe log-frequency
domain as an additional step. The method is referred as GhasMF (CNMF).

In all the mentioned methods, the perceptuality has beenlynigmored. Only a
few works incorporate the psychoacoustics into the sejparatheme. Among these,

Virtanen [13] performs a perceptually weighted NMF aldumit for single channel
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source separation which enhances the quality of the sephsmiurces. However,
this method does not consider the harmonicity of the notastwprevents separating
mixtures of pitched instruments composed of several noieg14], a perceptually

motivated Frequency-Domain Independent Component Ara(y)ICA) scheme is

proposed in order to solve the permutation problem by filggrine perceptually
irrelevant frequency components based on the masking giepef speech. The work
proposed in [14] deals with the permutation problem rathantthe separation quality.
In [15], the NMF2D is directly applied on an auditory repnetsgion (sonogram) of
mixed audio sources. The method significantly decreasesizbeof the data thus the
computational complexity while improving the separatioality. However, clustering

of the bases is performed using K-means, which complichtesdurce separation.

Another shortcoming of NMF based separation methods occtineg representation
of the input mixture signal. The music and speech signale lmth transient and
stationary parts in a single recording. For an accurateyaisaleach part should be
analyzed using appropriate window lengths. However, mb#tesource separation
methods including NMF work at a fixed time-frequency resolut This causes
pre-echoes at the transient parts and insufficient frequessolution at the stationary
parts [16]. There is no analytical way to find an optimal fixethlgsis window
length which can minimize these artifacts. In the literafltsome methods have been
proposed to enclose multiresolution approaches into soseparation. In [17], it
is stated that larger filter sizes are required to achievh b&paration performance
whereas drawbacks of the permutation problem can be reduceding short filter
sizes. In the literature, Adaptive Decorrelation Filtgri(ADF) is proposed as a
multistage processing scheme in which the filter size isea®ed at each stage in
order to once self-align the permutations in the early stag¢h a small filter size
and keep them aligned for increasing filter sizes [17]. In,[18 separability of the
original signals is increased by adapting the time-fregyeesolution of the Short
Time Fourier Transform (STFT) to a specific mixture’s chéeastics. Hence, the
smearing is minimized based on a transient detection meésueach time frame, but
the proposed method ignores the smearing around each rtageeincy component.

In [19], the speakers learned at different time-frequemsolutions are separated by



applying NMF at each resolution and the separated soureesdaiptively fused based
on maximum energy compaction principle [16]. However, whendata is separately
analyzed at each resolution as it is performed in [19], tHermation gained from
the covariance of components extracted at different résolsl cannot be effectively
integrated [20]. The method introduced in this thesis caorebithe parallel NMF
factorizations used in [19] into a single NTF scheme, thufopeas a joint optimization
by fusing the information from various time-frequency fesons. It is shown that the
fusion of the available information in a joint optimizatisoheme enhances the quality

of the separated sources.

Another shortcoming of the NMF based factorization techagjis that a single basis
vector is typically far from being sufficient to representirrgée audio source. On the
other hand, factorization with a higher rank requires a wefior clustering the basis
vectors. However, it is difficult to develop a general clustg method which provides
high performance for different contents. In [12, 21], thedmcorresponding to the
sources of pitched instruments are clustered using SNMieruthe assumption that
the notes belonging to a single instrument consist of tededl|versions of a single
frequency basis vector which represents the typical fregquaspectrum of any note
played by the same instrument. Moreover, in [22], the bakeaah speaker are learned
in advance and the learned basis matrix is fixed througheUtMFD iterations where
the corresponding gains are updated iteratively. In [28},ibstrumental sources are
extracted from the mixed signal by clustering the harmomiactures obtained at
different frames under the assumption that only a singlecgoaccurs at one time.
To our knowledge, the unsupervised clustering methods beee usually proposed
for pitched instruments and an unsupervised clusterinpodgghat works for all types

of audio signals does not exist.

In the literature, performance of the audio source semarais conventionally
reported in terms of distortion measures. Commonly used umegsare the
Signal-to-Distortion-Ratio (SDR), the Signal-to-Intedace-Ratio (SIR) and the
Signal-to-Artifacts-Ratio (SAR) [24]. These three measwuescalculated based on
the time-domain differences of the estimated and the algignals [24]. Although

the quality of the separated sources can be evaluated a$astiry in terms of



these distortion measures, they may sound perceptuallpyarqn In order to

measure the perceptual quality of the separated souraas)the the quality metrics
Overall Perceptual Score (OPS), Interference-relateddpawnal Score (IPS) and
Artifacts-related Perceptual Score (APS) are introdu@&d. [Recent works focus on
the development of new methods to incorporate the perciggthath in the separation

and the evaluation stages.

1.1 Main Contributions of the Thesis

In this thesis, we focus on four different problems encorgttén single channel audio
source separation. The first problem involved in this thesithe incorporation of
perceptuality into source separation. EXxisting sepanadilgorithms may perform
satisfactory based on some distortion measures althowgkdparated sources may
sound annoying to listeners. To our knowledge, percepyuadis been mostly ignored
in audio source separation. Thus, it is aimed to develop névgEace learning
based audio source separation methods that ensure pedogydlity of the separated
sources. In the proposed blind source separation appredtiecobjective function is
formulated as a weighted divergence measured by the KlHbaibler (KL) and the
Itakura-Saito (IS) divergences, which are special caseélsegs —divergence [26]. A
weighting score matrix is introduced in which a loudnesssaéan value is assigned
to each critical band of each time frame based on the Pemepivaluation of
Audio Quality (PEAQ) model defined in ITU-R recommendatiddS. 1387 [27].
The psychoacoustic model in BS.1387 is preferred becausasitoeen considered
as the most effective objective measurement scheme ofggesteaudio quality that
takes into account the perceptual properties of the humameee comprehensively
[27]. Consequently, weighting the divergence in each @itlwand of each frame
enables a subspace learning that mimics the human pengeptithe proposed
factorization methods are formulated as two audio sourgersgion schemes:
Perceptually Weighted NMF2D (PW-NMF2D) and Perceptuallgidited Clustered
NMF (PW-CNMF). The PW-NMF2D model extracts a single timegirency signature
for each source which is shifted in time and frequency to wapthe time and

frequency dependencies of the notes played by the samanrett. The PW-CNMF



method extracts several bases for each source using theppeatty weighted NMF
method and then clusters the bases to the sources at anomdHistep. The
performances of the introduced methods are compared toxieeng NMF based
methods. Itis shown in [21,28] that the proposed methodsestdrm the conventional
NMF based algorithms including SNMF [10], NMF2D [11] and CNNI] in audio
guality by an amount of 0.5-2 dB based on the conventionabomea SDR, SIR, SAR
and 1-6 points based on the perceptual measures OPS, IPF&CAapter 3 presents
the details of the proposed PW-NMF2D and PW-CNMF schemes.

In the context of the thesis, the second problem involved ewidio source separation
at adaptively tuned time-frequency resolutions. In therditure, most of the spectral
algorithms perform separation using fixed time-frequemsplution based STFT. It is
known that, the transients and the percussives should bheradaising a short window,
whereas the stationary signals should be analyzed usimgvdamdows. Otherwise,
smearing occurs either in time or frequency domain resyltma poor separation
quality. In order to alleviate the artifacts caused by a fixete-frequency based
STFT, the separation is achieved in several resolutionsubyg the information in
a joint optimization scheme using Non-negative Tensordfaetion (NTF) based on
the KL divergence. The separated signals estimated ateliff@éesolutions are fused
adaptively using the maximal energy compaction principéthrad proposed in [16].
The motivation of the information fusion after tensor faczation is to perform the
separation in an adaptive time-frequency resolution wimshimizes the smearing
both in time and frequency [19]. This supervised multirafoh separation method is
named as MultiResolution NTF (MR-NTF). It is shown by the pariance evaluation
on a large dataset that the proposed MR-NTF scheme enharcespgarability of the
sources, thus decreases the interference by minimizingrttearing. It improves the
separation quality compared to the fixed time-frequencglug®n based approaches
by an amount of 1-4 dB based on the conventional measures SRRNE 5-30 points

based on the perceptual measures OPS and IPS.

In order to take advantages of the high rank factorizatiolyt®ns to the clustering
problem are also investigated in the context of the thekikelrank of the factorization

is selected as two in the NMF based approaches, each colurtire dfasis matrix



corresponds to the basis vector of a single source. Howeévesr,hard to capture
all the characteristics of a source using a single basis.hdfrank is increased,
the order of the bases become random hence they must beretustéo individual
sources. In the proposed methods, the clustering problesol&d by using two
unsupervised approaches. An unsupervised clusteringochétideveloped for audio
source separation that combines the proposed perceptugthtimg algorithm with
the clustering techniques proposed in [12] and [29]. Thé @insupervised approach
PW-NMF2D [15,21] is performed based on the SNMF method pseddy FitzGerald
et al. and the NMF2D method proposed by Schnetl. [29] under the assumption
that the timbre of a note played by an instrument is constarthe entire range of the
pitch. Thus, a single basis function for a single instruneamt be obtained and shifted
in frequency to approximate the bases of the other notegg@lay the same instrument.
This assumption holds only if a logarithmic frequency resioh of the spectrogram
is used to represent the input signal. The NMF2D method megan [29] is an
extension of SNMF [30] method in time which performs the seuseparation on
the log-frequency spectrogram that can capture both thedeahstructure and the
pitch change which occurs when an instrument plays diftenetes. In both [29]
and [30], the log-frequency spectrogram is used since & mhange corresponds
to a displacement on the frequency axis. In order to maxirthieerepresentation
capability, in PW-CNMF scheme, the NMF bases are extractad wihigh rank
value, i.e. 13 (the number of notes in an octave) using péredp enhanced NMF.
Then, an unsupervised clustering method which basicalpliep NMF2D, with a
rank value equal to the number of sources, on the decomp@dadsdperformed for
reconstructing the individual audio sources. This clusteapproach is based on the
CNMF method proposed in [12]. The developed PW-CNMF approashimproves
the quality of the separated signals significantly for mwhkta since it clusters the
decomposed bases into the same source if they share the igalone at a different
pitch. The clustering problem and the solutions to this faawbare discussed in detail

in Chapter 3.

The fourth and the last problem focused on this thesis is lberporation of the

available prior information into the decomposition algiom. To achieve this, an



NMFD algorithm is investigated from a statistical perspect In the proposed
Bayesian Non-negative Matrix Factor Deconvolution (BNMFRpeoach [31], the
multiplicative update rules for NMFD under the KL divergenare derived using an
Expectation-Maximization (EM) algorithm for Maximum Likieood (ML) estimation
of a conditionally Poisson model through data augmentatitins shown that the
proposed BNMFD scheme retains the attractive features ofdheentional NMFD
such as easy implementation and monotonic convergence whdbling to develop
more powerful models by incorporating the available prioformation into the
decomposition algorithm. The proposed Bayesian approadfiMBD is presented
in Chapter 5. The available prior information is also incagted into the separation
scheme by learning the bases of the sources from the awaii@nhing data of each
source. In the MR-NTF method, the pre-learned source basefixed during the
separation of the mixture signal, thus only the gains andathplitude envelopes for
the basis vectors are updated iteratively. This enablesrforn the separation through
a high-rank factorization by omitting the clustering preiol. This approach is named
as informed factorization in the latest works [32]. The t@ag scheme for the bases

are described in Chapter 4.

Chapter 2 presents the theoretical background by brieflyrithesg the baseline NMF
/ NTF model, the signal resynthesis method and the perfacmavaluation criteria. In
Chapter 3, the proposed PW-NMF2D and PW-CNMF algorithms agsgmted. The
proposed multiresolution audio source separation frameWtR-NTF is introduced
in Chapter 4. Chapter 5 introduces the variational approakivBD method. Chapter

6 concludes the thesis.
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2. THEORETICAL BACKGROUND

In this chapter, the mathematical background on the NMF,NIMF2D and the
NTF models are presented. Following the basic NMF-basedragpn approaches,
the resynthesis method used in the proposed approachesasbeel. Finally, the

conventional as well as the perceptual performance meaaueedescribed.

2.1 Sound Source Separation by NMF Based Methods

Single-channel sound source separation techniques fidguese a time-frequency
representation of the signal such as spectrogram derivéldeb$TFT. In this section,
a brief description of the NMF and the NMF2D methods which wardely used

for single channel sound source separation are presentaeh, The NTF algorithm
which is an extension of the NMF model and widely used for reliannel separation

applications is described.

2.1.1 Non-Negative Matrix Factorization

NMF [8] can be effectively used in the decomposition of a niagie/power
spectrogranX € RK*! into factors due to its ability to give an additive parts4xs

representation by factorizing as
X~ X=8A, (2.1)

whereS™ € RK*RandA € RR*! are the non-negative basis and the encoding matrices,
respectivelyK, | andR are the number of frequency components, the number of time
frames, and the rank of the factorization, respectivelye TdnkR is usually chosen

such thaKR-+ RI <« KIl, thus reducing the dimension of the data.

Figure 2.1 illustrates the factorization schematically.ack elementXy; of the
observation matriX is represented as the multiplication of tketh row of the basis

matrix S- and thei—th column of the encoding matri.

11
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Figure 2.1 Source decomposition by NMF.

In the literature, the majority of the NMF based sound sowseparation methods
perform factorization by minimizing a generalized KL digence [8,9]. The KL

divergence is defined as:
CKL—ZZXMIOQ = ._Xk|‘|‘xk|, (2.2

whereX; and Xy, (k=1...K,i = 1...1) denote thek—th frequency component of
the i—th frame of the mixture magnitude spectrogram and the estuneixture

magnitude spectrogram, respectively.

The IS divergence [33] is also suggested due to the fact thascale invariant
formulation allows low and high energy components to havwe same relative

importance in the factorization. The IS divergence is defiins
X

C|5=ZZ——| ——l (2.3

It is shown that both the KL and the IS divergences are speeaés of the3—
divergence [26]. The optimal parameters of fhedivergence depends on the statistics
of the data being investigated. In [34], it is shown that {Balivergence outperforms
the KL divergence on modeling the percussive componentkewine KL divergence

has better performance on modeling the pitched instruments

By applying gradient descent optimization procedure on theli¢ergence, the update

rules forA andS™ are obtained as [7]:

A + A —ZKSZELX%/XH (2.4
& o 210N A;;“r/ X 2.5

12



Similarly, the update rules fok andS"™ are obtained for the IS divergence based cost

function as [33]:

A < A Zkir/)zki (2.6)
S Avi X /X2
S S5 A R (2.7

Some efforts have been made to improve the subspace refa@gserprovided by
the basis vectors and/or time varying gains by imposingh&rrconstraints on the
decomposition, such as sparsity [8, 35], spatial locabmaf35], and smoothness
[8, 35]. Alternatively, the NMF methods can be derived in alabilistic setting,
based on the distribution of the data [31, 36]. In [36], Maxima-Posteriori (MAP)
estimation of the basis${) and the gain&) matrices are derived under the assumption
that S* andA are independently determined by a Gaussian process cednegta
link function. In our approach [31], a probabilistic integpation and a full Bayesian
inference are proposed for the NMFD model which also fatgéitautomatic model

selection and determination of the sparsity criteria.

NMF provides a useful tool for analyzing data. However, mages the potential
dependencies across successive columns or rows of itsXhpitregularly repeating
pattern that spans multiple columns (rowsXofvould have to be represented by NMF

using multiple bases (gains) that describe the entire segue

2.1.2 Non-Negative Matrix Factor 2-D Deconvolution

Let an instrument be modeled by a specific time-frequenayasige modulating the
sound of the instrument over tinte When an instrument plays a note at a certain time
T with a certain pitchp, it corresponds to displacing the time-frequency sigreatur
the log-frequency axis. This forms the basic idea of the NBIfR2odel proposed by
Schmidtet al.[11], [37].

In this model, the log-magnitude spectrogram is used toesgt the observation
signal. To obtain the log-magnitude spectrogram, each drasn transformed
into frequency domain by taking the Discrete Fourier Transf (DFT) and then
grouping the spectrogram bins into the logarithmicallycgahfrequency bins. Only

13
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Figure 2.2 Source decomposition by NMF2D.

positive frequencies are retained by taking the absolwihees of the log-frequency
spectrogram resulting iy, wherem=0...M — 1 is the log-frequency index and

i=0...1 —1isthe frame index .

In order to model both time and frequency characteristicarofiudio spectrogram
efficiently, the conventional NMF model is extended to be & 2envolution ofS',
which depends on timg, andA%, which depends on pitctp. This forms the NMF2D
model proposed in [11]:
SR RPN
XNX_Z%SA, (2.9
where | ¢ denotes the downward shift operator which moves each elemehe

matrix ¢ rows down, and— 1 denotes the right shift operator which moves each
element in the matrix columns to the right [11]. In this modeX is the log-frequency
magnitude spectrogram obtained through multiplicatiothefmagnitude spectrogram

X with a transform matrix. © € RM*K which yieldsX = LFX [38].

Each element iX is defined as:
K=Y 3y S oAir (2.9
T @ T
wherer denotes the component indeg; shifts each element in the matr rows
down, andr shifts each element in the matrixcolumns to the right. The leftmost
columns ofAr‘f’i_T and the uppermost rows &, are set to zero so as to maintain

the original size of the input.
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Effectively, what happens is that the set ofth columns of S' defines a
two-dimensional basis. This basis is shifted and scaledbyajution across the axis
of T with ther—th row of A?. The resulting reconstruction is a summation of all the

basis convolution results for each of tRdases. Figure 2.2 explains the notation.

In terms of computational complexity, the NMF2D technig@pends mostly on the
parametergs =0---T—1andp=0---©—1. If ® =1, then it reduces to the NMFD
method proposed in [9], and ® = 1, T = 1 it reduces to the conventional NMF
method. Otherwise it is burdened with extra matrix updatgsvalent to one NMF

per unit of T x ©.

In the literature, the NMF2D based algorithms are used tonest the non-negative
basis vectors and mixing matrices iteratively based on ti@nmzation of a cost

function such as the KL and the IS divergences.

By applying gradient descent optimization procedure on theliergence, the update

rules forA? andS' are obtained as:

X .
o PRLPRS s W

(p ) Xm,|+r 21
Ai A S o (2.10
SoTi gt A
She < Shr . (2.1
Z(PziAni—T

Similarly, the update rules based on the IS divergence aeeraul as:

S m Y e Xm|+rSm or

AD e A9 (2.1
szTXm7i;
z(pzlx”‘*"" (n
S St F— (213
2031 Ty

These updates are applied iteratively until the two factors/erge. The derivation of

the update rules can be found in Appendix A.1 and Appendix A.2

To give an idea, the source matric85 and the basis matriceA? obtained by
minimizing the KL divergence for each factor are displayedrigure 2.3 along with

the mixture spectrogram. THe columns ofS’™ obtained by NMF2D represent the
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Figure 2.3 Factorization of a piece of music using NMF2D. The two tifreguency
plots on the left ar&s for each factor, i.e. the time-frequency signature
of the two sources. The two time-pitch plots on the top Afefor each
factor showing how the sources are placed in time and pitch.

dominant spectral patterns contained in the input whehaasweightsA? correspond

to their temporal profiles.

After convergence, the log-frequency magnitude specemmglfgr for the r—th

component is estimated as:
=Y S ShorAhr (2.14
T o

In the NMF2D model, each componentorresponds to a sourge These estimated
log-frequency magnitude spectrograms are mapped backearlfrequency domain
by X; = LF'X; [38].

In [9], it is shown that this type of analysis is efficient fonding the salient spectral

sequences contained in auditory scenes and can be furtipdoyed to extract them.
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In Chapter 3, the performance of NMF2D is evaluated as appliegerceptual audio

source separation .

2.1.3 Non-Negative Tensor Factorization

A model which imposes non-negativity on factor matrices #mel input tensor is
called the Non-negative Tensor Factorization (NTF). ThealRd Factor Analysis
(PARAFAC) algorithms decompose the input tensor into a sumufidinear terms
in a way analogous to the bilinear matrix decomposition [BJRAFAC usually does
not impose any orthogonality constraints. A non-negatimesion of PARAFAC was

first introduced by Carroll et al. [39].

In this thesis, we use an algorithm which optimizes a gers@lKL divergence

between the observed data and the NTF model:

D(X]|X) = ciélil (Xcki Iog% — Xeki + Xcki) , (2.19
where ¢, k,i are indices over the channel, the frequency bin and the tnaed,
respectivelyX € R&*Kx! is a 3-way tensor containing ti&magnitude spectrograms
of the mixture andX is an approximation toX. Note that, NMF is a particular
case of NTF, when the tensor has a single layg@r=(1). Besides enabling to
factorize higher-order matrices, the main advantage of bMéf NMF is that a tensor

factorization is unique [40].

The signal model inZ.15 can be written as:
A R

Xeki = Xeki = erchS«Aih (2.16
whereQ € R*R is a matrix containing the gains of each component in eacér/ay
S € RK*R js the basis matrix containing the frequency basis vectodsfac R' <R
is the corresponding amplitude envelopes for the frequdrasys vectors. NTF is
widely used in multichannel source separation applicatishere each tensor sliég
represents the magnitude spectrogram of the mixture io-tle channel. Each rank-1
spectrogran§, A/ defines a component with its own spatial gQe Our approach

differs from the methods in the literature by representimg ¢ingle observation in a

tensor structure where each layeg of the tensor is the magnitude spectrogram of
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Figure 2.4 Non-negative Tensor Factorization of a 3-way array.

the same mixture in a different time-frequency resolutidinis proposed to learn a
single set of frequency basis vect@svhich can be used to describe each resolution
of the input signal, a corresponding set of amplitude basiorsA, and a set of
corresponding gain® which decides in which proportion a given pair of frequency

and amplitude basis vectors exist in each resolution.

In this work, the most used tensor model, PARAFAC structutssed. The PARAFAC
structure allows representing a tensor of ondley means oh matrices, called matrix
factors which is illustrated in Figure 2.4. The factor mzgs refer to the combination
of the vectors from the rank-one components, Bes [s1  $---Sg] and likewise for
Q andA.

Eliminating the terms in the cost functioB.(5 which are constant yields:

C K |
DXII%) =T 5 zl(—xckilog&kimki) (.17
c=1k=1li=
C K | R R
= - iI cr <kr\ir crkrir |- 2.1
C;k;i;( Xaalog (3 QuSuf) + 3 Q sm) (2.19

Taking the gradient of the cost function i&.{8 with respect tdQ yields the following

update equation:

K | K |
er = Qer + 1NQgy r ) NekiAir — r Ail’:|a 2.1
Q= Qe o | 3 S 3 Mo = 5 S5 @19

where
Aeki = Xeki/ Xeki- (2.20

Equation .19 can be converted into a multiplicative update rule by sgttig as:

K I
cr — cr r Ar). 2.2
NQer = Q /(k;Sk i; ) (2.29)
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The multiplicative update rule fd@ is then given by:

K [ K [
Qcr < ch( S A k'Air)/( S Air)- (2.22
25 )52
The update equations f@ and A can be derived in a similar manner. Taking the

gradient of the cost function i2(18 with respect taS yields the following update

equation:
C | C |
S<=S<+I”ls;<{ Qer ) Ackifir — ) Q Aa}. (2.23
r r r CZ]- cr i; CKIFNr CZ:L Ccr i; r
Equation .23 can be converted into a multiplicative update rule by sgftjs as:
C [
Nskr = S<r/( z Qcr ZA") (2.29
c=1 i=

The multiplicative update rule fd is then given by:

c | C |
S¢S 3 Qa3 Aaoe ) /(5 Qe 3 Av ). 2.29
r r CZ]- Ccr i; CKIFNr CZ:L Ccr i; r
Taking the gradient of the cost function .18 with respect tA yields the following

update equation:
C K C K
Air = Air + Nair [ Z Qcr Z NckiSkr — Z Qer z S&r} . (2.26
c=1 k=1 c=1 k=1
Equation 2.26 can be converted into a multiplicative update rule by sgffja as:

C K
Nair = Air/( Z Qer kzlskr)- (2.27)

1
The multiplicative update rule fok is then given by:

C K C K
Air +— Ay < Z Qcr z AckiS«)/( Z Qcr Z S&r) (2.28
=1 k=1 =1 k=1
The use of the multiplicative updates ensures that dpc® and A are randomly

initialized to non-negative values, the resulting masiadl only contain non-negative

values.

Upon convergence, the magnitude spectrogram of each spig@dtained as:
C R

)A(jki = Z Z QjchjkrAjir (2-29
c=1r=1
whereQj, Sj andA | stand for the gains, the bases and the basis envelopes forthe

source, respectively.
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2.2 Resynthesis of Audio Sources

Several methods are proposed for resynthesis using theemretbsource spectrogram
which are compared in [41]. Commonly used one applies theinaligphase
information tO)Zj hence inverts the resultant spectrogram to the time doniHims
requires a prior knowledge of the sources. However, thisrmétion is not provided
in blind approaches. Another method is the binary maskingpateused by Schmidit
al. in [11] where spectrogram masks are constructed for eattument by assigning
each time-frequency component to the instrument with tigbdst power at that bin
[11]. This assumption does not hold well for musical sigmalhich the instruments
usually play in harmony with one and other, resulting in tagping partials. In
the third method, the recovered source spectrog?qris used to filter the original
spectrogrant. This method has an advantage over the binary masking méthiod
hence gives better results when dealing with musical ssgpdl]. Another method
estimates the spectrogram of the estimated source byrfdtére original spectrogram
with the element-wise ratio of the estimated magnitude tspgam of the source to
the sum of the estimated magnitude spectrograms of all esuithis method works
better than the previously mentioned methods by assighi@gptoportional quantity
of amplitude to each time-frequency cell to the source iatreh to the total amplitude

of all sources in this cell.

In the proposed approaches, based on the reconstructedradimagnitude source
spectraX j» spectrogram of each source is constructed by using thatressis method
introduced in [41,42]

52
Xii

%2
2 i Xiki

where R is the k—th frequency component of the-th frame of the mixture

Fiki = Fi (2.30

spectrogramf(iki is thek—th frequency component of theth frame of the estimated
magnitude spectrogram of the-th source. 2.30 represents an adapted Wiener
filtering approach proposed by Benarataal. in [42] for stationary Gaussian sources.
While music and speech signals can be considered as apptekmstationary on a
frame by frame basis, this approach can be applied as a ab#itar ensuring the
unaccounted energy in the input mixture to be redistribiitethe resulting sources

in proportion. In [41], it is shown that the Wiener filtering@oach results in better
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perceptual quality compared to the previously mentionethous. Finally, the time
domain estimates; of the sources are obtained by applying Inverse STFT (ISTIRT)

the estimated coefficienBy;.

2.3 Performance Evaluation Measures

In order to evaluate the perceived quality of the separateshd sources obtained
using the proposed algorithms, the conventional measuregoped in [24] are
used. Most of the existing methods report the performanaeguke BSSEVAL
toolbox [43] in terms of SDR, SIR and SAR [24]. Therefore, trexfprmance is
reported using these measures in order to make comparigbntivéi conventional
methods tractable. However, since our objective is theuew@n of perceptual quality
of the separated sources, the performance is also reparteéetms of perceptual
measures recently described in [25]. The measures quahgfyperformance with
a scoring mechanism where the scores are named as OPS, IP&P& dimilar
to the conventional measures, the perceptual quality messare also designed to
evaluate the performance of audio separation in terms efference, artifacts, and
total distortion but as perceived by humans. The PEASS Tofdi] is used to

examine the perceptual quality of the separated sources.

The computation of these measures are defined step by stegiaih starting from
the reconstructed signal. The reconstruciedh source signal denoted By can be
computed as:

2 e target inter f artif
Sj=sj+¢€ ~ +¢€  +€ (2.3))

interf e‘?”'f account for the target

wheres; is the original source signaetjarget, e/ ande,
distortion, the interferences of the unwanted sources hadleformations induced
by the separation algorithm that are not allowed (artifagesspectively. In [24], it
is assumed that these components are linearly distortesiowsrof the true source
signals, where distortion is modeled through time-invariainite Impulse Response
(FIR) filters. The coefficients of these filters are computedvay nested least-square
projections: first, the distortion signal is projected omibe subspace spanned by
delayed versions of all source signajgt —At),1<h<JO0<At</—1 (Jis the

number of sources), so as to obtal**(t) -l-eijmerf(t) at timet. Then it is further
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projected on the smaller subspace spanned by delayed nersidhe target signal
Sj(t—At),0 < At < £—1, s0 as to obtaie**(t) alone. At the last step:?”” (t)is

defined as the residual [24].

If these components are assumed to be linearly distortetbverof the original source
signals [15,24,31], they cannot effectively estimate ttpeeted components perceived
by humans. The method proposed in [25] proposes to use thieuiime-frequency
resolution instead of the linear frequency resolution ticudate the distortions. For
this issue, the estimated source siggj@t) and all original source signap(t),1 <

h < J are first split into subband signadg, (t) andsn(t) indexed byb using a bank
of 4th-order gammatone filters [25]. The center frequenaiedinearly spaced on the
auditory-motivated Equivalent Rectangular Bandwidth (ERBJesfrom 20 Hz to the
Nyquist frequency.

In each subband, the estimated source signg}(t) and the delayed true source
signalssyp(t —At),1 <h<J, —¢/2 <At < ¢/2 (¢ is the filter length), are partitioned

into overlapping time frames indexed byia

Sii(t) = wa(t)Sjp(t—iN) (2.32
i) = Wa(t)shp(t —iN —Ab), (2.33

wherew, denotes the sine analysis window with lenghth d@nd step sizél.

The distortion components are estimated by an additiortafifig in each subband
of each time frame via multichannel time-invariant FIR filtg of the target source

signal and the interfering source signals using:

/2

€t = S apij(B)s(b) (239
n==0/2

o 02 t

interf 4y _ ini. ()AL (t 2.3

e (t) h;jAt—Zf/Zan h(A)shhi() (2.39

SRt = Snilt) —spi(t) —€n(t) — €T ). (239

Unlike [24], centered FIR filters are used and the interfeeecomponent explicitly
excludes the target sourge The filter coefficients are computed by the least-squares

projection of the distortiorsy; (t) — Sjbi (t) onto the subspace spanned by the delayed
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source signalshl.(t),1 <h < J,—¢/2 < At < ¢/2. The vector of coefficienta y; is
defined asxjh = Sg(éjbi — Sjbi) WhereSj,; ands;y,; are, respectively,M x 1 vectors of
the estimated and the original source sigrigjsis the N x (£+ 1)J matrix of delayed

original source signals anddenotes matrix pseudo-inversion.

Full-duration distortion components are reconstructedmfrthe time-localized

components in each subband using Overlap-Add (OLA):

eno(t) = zws —iN)ER(t —iN) (2.39)
dhe(t) = zws N)ERe " (t—iN) (2.39
') = > w(t - N)eln (t—iN), (2.39

wherews is a sine synthesis window of length4The full band distortion components

etjarget’ e|Jnterf and eartlf

shown in [25], using the auditory filterbanks removes thersesifrom the artifacts

are obtained using the gammatone synthesis filters [25]. As

components whereas it can still be heard with the statbefitt one [24]. It also

enhances the relevance of the target distortion and théaré@ce components.

The state-of-the-art distortion measures are defined a&%24

H J||2

H targetHQ
SIR= 10log;q ’mT (2.4)
g™ |12
B H j+ target+e|nterf||
SAR= 10log 5 AT 2 . (2.42

As it is stated in [25], these energy ratios do not always ft plerceptual salience
of each component within the estimated source. One of tlesses is that, the low
frequency components affect the energy ratios more thartepgon. Another issue is
that the auditory masking of soft distortion componentdigtarget signal or by louder
distortion components is not taken into account. In ordesviercome these issues, a
two-step approach is proposed in [25]. First, the saliefieach distortion component
is assessed using auditory model-based metrics and themreshiing features are

combined by nonlinear mapping which produces the objectigasures:

e The Overall Perceptual Score (OPS)
23



¢ Interference-related Perceptual Score (IPS)

e Artifacts-related Perceptual Score (APS).

The Perceptual Similarity Measure (PSM) provided by theceftion MOdel based
Quality (PEMO-Q) auditory model [45] is employed to caldelahe perceptual
salience of the overall distortion and of each specific digto component by
comparing the estimated source sig§lwith itself minus the distortion under

consideration. This yields four features:

g = PSMGE;,s)) (2.43
g% = PSMG3;,se%) (2.44
qijnterf _ PSl\/l(éj,Sjeijnterf) (2_43
q‘]-"”” — PSIVI(%,-,sje?””). (2.46

A nonlinear mapping is applied to combine these features @ntscalar measure
for each grading task and to adapt the feature scale to thgctiwk grading
scale. For a given task, the feature veajgrinvolves either the four featureg =

[ verall, g9, q'j”te”, q"j"”'f] or a subset of these features.

A one-hidden-layer feedforward neural network compose@ sijmoids is employed

to map each feature vectqy into an OPS, IPS or APS scof¢q;) via the function

P
f(aj) = vpg(wpd;j+bp) (2.47)
p=1

whereg(x) = 1/(1+exp(—x)) is the sigmoid function andy, wp andby, denote the

output weight, the vector of input weights and the bias ofmggl p.

In order to measure the perceptual quality of the reconsdusources, the PEASS
Toolkit [44] is used and the results are reported in termsBSOPS, APS.
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3. PERCEPTUALLY ENHANCED BLIND SINGLE-CHANNEL MUSIC
SOURCE SEPARATION BY NMF

In this chapter, it is focused on blind single channel separaf pitched instruments
by defining the problem as a constrained optimization prablhere the perceptual

quality of the separated sources constitutes the constrain

In music source separation, NMF is capable of modeling eatd played by a given
instrument with a single basis vector [10]. On the other hantte a music signal is
composed of several notes, the separation generates imbkiges for each instrument.
This requires the clustering of the components into soussesb it is a common
drawback of the source separation methods where the nurhéeracted components
is greater than the number of sources. FitzGeedldl. proposed SNMF [10] which
avoids the need for clustering under the assumption thanttes belonging to a
single source consist of the translated versions of a sivagés vector provided that a
log-frequency scale is used to represent the bases. Synitee NMF2D algorithm is
proposed by Schmidit al.[11] for separating the instruments in polyphonic music by
representing each instrument using a single time-frequprafile convolved in both
time and frequency in a log-frequency magnitude spectrogfidus, NMF2D method
performs both the time and the frequency translations ameoed, respectively, in
NMFD [9] and SNMF [10]. The advantage of convolutive NMF nadk is that
they perform separation by considering the time-frequeafations of different notes
generated by an instrument without requiring a clustericigeme. However, the
expense is the high computational complexity. Another dedtthe SNMF [10]
and the NMF2D [11] methods is that, there is no true inversa tog-frequency
spectrogram which affect the quality of the separated ssurdn [10], an efficient
Constant-Q-Transform introduced in [46] is used which adam improved inverse

transform with an increase in redundancy by a factor aroanddr five.
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Another important issue in source separation is the quefityhe separated sources.
In order to improve the sound quality, it is clear that the hanperception has to
be included into the separation scheme. Knowing that thedauality is related
to the human perception, incorporating the loudness paortemodel of the Human
Auditory System (HAS) into the NMF-based single channeliasturce separation
is proposed. This is achieved by formulating a weighted rdisece in which the
objective function is minimized within perceptual critideands for each source. The

weights are selected based on the PEAQ model defined in ITU-RES [27].

In the literature, a number of work utilizes the frameworkpsfychoacoustics [47]
in subspace learning. Among these, Virtanen [13] performsraeptually weighted
NMF algorithm for single channel source separation by amsgg a weighting
coefficient for each critical band of each frame in order todeiothe loudness
perception of the HAS. In [13], NMF factorization is perfoech within 24 critical
bands defined in [47] and improvement achieved by inclucdiegerceptual frequency
masking into factorization is reported. Each separate@-tlmmain component is
mapped to the time domain and clustered into the sources bper\gsed approach
which minimizes the residual-to-signal-ratio. Moreovhrs method does not consider
the harmonicity of the notes. Thus, it is not capable of rdigiseparating the mixtures

of the pitched instruments composed of more than a singk not

In [14], a perceptually motivated FDICA scheme is proposedciwtilters the
frequency components that are perceptually irrelevant xploding the masking
properties of speech. The clustering problem is solved lizing a similarity
measure among spectral envelopes of the separated frgquemponents and the
coherency of perceptually masked mixing matrices in séatmcent frequencies.
In performance evaluations, the permutation capabiliipvestigated rather than the
separation quality. In our previous work [15], the NMF2D isedtly performed on
an auditory representation of mixed audio sources whichiedses the size of the
data thus the computational complexity significantly whitgroving the separation
guality. Furthermore, a K-means based clustering is pexdron the separated bases
that complicates the source separation. In [48], the NMFsedufor audio content

representation and its reconstruction capability is exaid based on the perceptual
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quality measure referred as Noise-to-Mask-Ratio (NMR) [2Y]ollowing work by
Nikunen & Virtanen [49], minimizes the perceptual distortiof NMF based audio
representation using the NMR as objective criteria [48]. Bd8] and [49] perform

perceptually weighted NMF for signal reconstruction natdource separation.

The introduced single channel music source separationadétithis thesis integrates
the human perception into the source separation and sdieeslistering problem
using two blind approaches [28]. A weighted optimizationdtion based on the KL
and the IS divergences is formulated that adopts the PEAQoaydnodel defined
in ITU-R BS.1387 [27] into the separation scheme through aylateng score matrix.
The ITU-R BS.1387 is considered as the most effective obeatieasurement scheme
of perceptual audio quality. It introduces 109 critical Banvhich enables to analyze
the signals in a higher frequency resolution and also fomegltime spreading which
has not been considered before [27]. To our knowledge, n@e®@eparation method
exists integrating the standardized PEAQ model [27] ingosthurce separation scheme
before [15, 21]. Moreover, our preliminary algorithms [2%] are the first works that
integrate human perception into shift-invariant model NN These constitute the
main differences between the proposed algorithms and thghteel NMF method
presented in [13]. In the proposed PW-NMF2D approach [2]La&8well as our
previous work [15], each source is represented using a fiieggiency signature
convolved in time and frequency to capture the differeneaadf each instrument.
Inspiring from [12], the proposed second approach, ingbegsveighting scheme in a
similar two step algorithm and it is named as PW-CNMF [28]. W-ENMF, a high
rank perceptually weighted NMF factorization is perfornmedrder to obtain a single
basis for each note. These bases are then clustered intwesawsing NMF2D in an
additional step. Thus, the components of the notes belgrigithe same source are
clustered into the same group and then resynhtesized b#uok tione domain using the
encoding matrix obtained from the mixture. Note that, bdtthe proposed methods
perform clustering without requiring any information abthe sources. The proposed
methods are compared with the SNMF [10], NMF2D [11] and CNME| [dchemes
on a large test set. It is shown that the use of perceptuallyvated factorization

increases the perceptual quality of the separated souMerseover, it is concluded
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that using temporal masking along with the frequency magkinthe calculation of

the weighting matrix enables us efficiently modeling tengpchanges of the sources.

The rest of this chapter is organized as follows. The intcediperceptually enhanced
models are described in Section 3.1. The experimentaltsesiolained by the proposed
methods are reported in Section 3.2. This chapter is coadlwdth some discussions

in Section 3.3.

3.1 Proposed Perceptually Weighted NMF

In Section 3.1.1, the perceptually weighted cost functiars formulated for the
proposed PW-NMF2D and PW-CNMF methods. Section 3.1.2 giegdetails of

perceptual weighting.

3.1.1 Weighted objective function

In the proposed blind source separation method, the obgeftinction is formulated

as a weighted divergence by

I N

Cw=> > RiGni, (3.9

i=1b=1
whereR,; is the weighting score assigned to theth critical band of tha—th time
frame of the observed mixture spectrogram matriandN; are the total number of
the time frames and the critical bands, respectively. Thteal bands represent the
frequency resolution of the auditory system and they areespbnearly below 500 Hz
and logarithmically above 500 Hz. This scale is named as thk &ale, a frequency
scale on which equal distances correspond to perceptualigl elistances, and the
critical bands have equal bandwidth in terms of bark [47].e Timatrix G shown in
(3.1 holds the element-wise divergence. Note that the costtifumdéormulated by

(3.1 reduces to the objective function of the conventional NMieveR,; = 1,Vb,i.

Weighting the objective function of decomposition in eaditical band enables
a subspace learning that mimics the human perception. Tldsya perceptual
distortion measure based on an auditory model that foreesdlirce separation to
be optimized in terms of perceptual quality. This is achiklg increasing/decreasing

the cost term corresponding to the critical bands adaptivgpecifically in 8.1), the
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Figure 3.1 Weighting scored,; in (a) each critical band of each audio frame, (b)
each critical band af= 117th frame, (cp = 31st critical band of all time
frames, (d) in each critical band of each audio frame as a iplesh

weighting score matrix controls the additive penalty ternivced by the perceptually

masked loudness levels. The perceptual masking is appéiseldoon the perceptual
model of the PEAQ defined in ITU-R BS.1387 [27] for extractihg tveighting score
matrix. The aim is to assign a “perceptual significance " ek, for each critical
bandb in each audio frame In Figure 3.1, the weighting scores calculated (a) in each
critical band of each frame of the input signal is illustcateith the Ry, b= 1---Ng,

i=1---1; (b) for a single frame = 117 of the signal witR,;, b= 1---Ng; (c) for a

specific critical band = 31 over all frames witlR,;, i = 1---1. The total number of

critical bands id\. = 109 as it is defined in [27]. It is observed that, the weighting
scores are adaptively adjusted through the critical bavddseover, it can be observed
that the distribution is capable of tracking the temporaraes of the spectrogram.

The overall weighting matrix is displayed as a mesh plot guFe 3.1 (d).

Note that the factorization is performed based on the casttion defined in bark
scale as in3.1). Perceptually weighting the cost function of NMF is firsbposed
by Virtanen [13]. Unlike [13], the proposed perceptual madantegrated into the
shift-invariant models NMF2D [11] and CNMF [12], and the wiaiipg coefficients
are calculated based on the PEAQ model defined in [27]. Thagltstering problem
encountered in separation is eliminated using these twierdift state-of-the-art
methods. The proposed perceptually weighted NMF2D and CNM#haods are
named as PW-NMF2D and PW-CNMF, respectively.
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3.1.1.1 Source separation by perceptually weighted NMF2D

The NMF2D model assumes that the frequency signature ofafgpeote played by
an instrument has a fixed temporal pattern (echo); and diftenotes played by the
same instrument has same time-log-frequency signaturgaoying in fundamental
frequency (shift) where the frequency is defined in log-sdal]. It is also shown
that individual notes can be effectively tracked in the fogguency domain with
a higher resolution [10, 11]. Therefore, the bases of the RMMre initialized in
log-scale usingvl = 421 frequency bands. To formulate the relation between dile b
scale and the higher resolution log-frequency sdales mapped byD = ILG into the
log-frequency domain using a transform matftixc RM*B, where each column dt
contains the power response of a bark band for all log-frequédices. The matrix
D holds the element-wise components of the optimizationtfanc The use of both
the KL and the IS divergences are investigated for optingizive factorization. The

element-wise KL divergence can be defined as

Xmi ~
DXF = Xmilog = — Xmi + Xmi, (3.2

mi
wherem=1...M is the log-frequency index,= 1...1 is the frame index. Similarly,

the element-wise IS divergence can be defined as

Xmi Xmi
DS = Xml —log=2—1. (3.3

mi Xmi

Consequently, the objective function i8.1) can be rewritten in the higher resolution

log-frequency scale as i3.4)

wzz%zmuwmzzzwmm (3.4
whereW = LLP.

Essentially, the weighting scores are calculated in thecatibands [27] and in order
to be consistent with the signal representation; the weighgcore matrix is mapped
into the logarithmically spaced frequency bins. Thus, thesghting is effectively

performed in perceptual bands of the HAS. Hence the weidKtedivergence update
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rules forA? andS! are derived as:

ZerWm I+T Xmlﬂsm Qr

3.
Ar A” 2m2r Sn—qor mi+T 89
Xmi i
Z<0 2i Wm+(P I X:i:i Arq,)i—r
Sk < Shr L (3.6
5o Si A Wi gi
Similarly, the weighted IS divergence update rules areinbthas:
0 (pZerWmlJrrmeH Sm_@
A A Wit (3.7
Zer Squ),r Xmlir
Xmtgj
Z(OZIWm—HPI T Ar
Shr < Shr : (3.9
() Wm+(p|
z(PZ Afl TXme,

In order to obtain the separated sources, both of these egpdet applied iteratively
until the two factors converge. In Appendix A.1 and Appendi®, derivation of the
multiplicative update equations are presented for theskzasil the gain matrices based

on the KL and the IS divergences, respectively.

After convergence, the PW-NMF2D algorithm vyields the logguency magnitude

spectrogram for each component
eri = Zzsm (prAr| IR r:]."'R, (39)
T ¢

where m and i are the indexes for the log-frequency bin and the time frame,
respectively. Note that each-th component represents a single source. Thus,
the component index can be replaced with the source indgx The estimated
log-frequency magnitude spectrografil,s,are mapped to the linear-frequency domain
by X; =LF'X;.

The proposed PW-NMF2D algorithms based on the KL and the V8rgences are

summarized in Algorithm 1 and Algorithm 2, respectively.

The change of the element-wise KL divergence for a single{iraquency component
is plotted in Figure 3.2(a) for NMF2D and PW-NMF2D methodsr Enis particular
time-frequency component, the value of the weighting saeréigh, hence the

contribution of the element-wise KL divergence in this cament is increased in the
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Figure 3.2 The change of the element-wise KL divergerigg obtained in theb =
31st critical band of = 117th time frame at each iteration by (a) the
NMF2D and the proposed PW-NMF2D methods, (b) the CNMF and the
proposed PW-CNMF methods.

Algorithm 1 The PW-NMF2D algorithm based on the KL divergence.
1: Calculate perceptual weighting score maRix

2: MapP to log-frequency domaikv = ILP

3: Initialize A? andS™ randomly

4:forn=1--- MAXITER do

5.
=222 Shor
T @ T
6. .
ZmZTWmH-T m|+TSm or
Ar An zszSquo,erH'T
7.
Xini = ZZZSm o1
8: -
& SmZ(OZIWmHP,IX:iz::Ar?i—T
r SpSiAh Minig)
9: end for

10: Calculate magnitude log-frequency spectrongrpnI = zrz(psm_(p’J {i-T

11: Map to linear-frequency domalb(“J = LFTXJ

12: Calculate complex frequency spectrogrﬁm; =K
13: Calculate time domain estimag(t) < ISTFT(F;)
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Algorithm 2 The PW-NMF2D algorithm based on the IS divergence.
1: Calculate perceptual weighting score maRix

2: MapP to log-frequency domaikv = LP

3: Initialize A? andS' randomly

4:forn=1.--- MAXITER do

5:
Xmi Zzzsm Q,r | IR m:1M7|:1|
6:
A A,zmzrwm'“xmwism—cpr
R Wit
Zmzrsm*(pvamlir
7: X
Xmi:ZZZan_w q,)ifry m=1.--M,i=1---1
[
8: ]
Z¢2|Wm+(p| mﬂp'Ar
Sznﬁ_smr p Wm+(p|
Z(pz Afl TXm-‘r(pl
9: end for

10: Calculate magnitude log-frequency spectrongrrrhI = z,zfpsﬂfw {i—T
11: Map to linear-frequency domalbf,J = LFTXJ
12: Calculate complex frequency spectrogr&mr = Fk,

13: Calculate time domain estimag(t) « ISTFT(FJ-)

total additive error given in3.1). This results in forcing the KL divergence component
which is more critical to human hearing to be reduced to a taxakie. The weighting

scheme also causes the algorithm to converge in less steps.

3.1.1.2 Source separation by perceptually weighted CNMF

As a second method, the perceptual weighting scheme igatézbinto the Clustered
NMF (CNMF) method proposed in [12]. The CNMF scheme [12] digidiee single
step algorithm NMF2D into a two-step approach and perfolmasseparation in linear
frequency domain resulting in an improved separation gualn the first step, the
bases of each note are extracted using a high rank NMF. Irettond step, these bases
are clustered into sources using NMF2D. To formulate thatia between the bark
scale and the linear-frequency scale, the optimizatioetfan in (3.1) is derived by

replacingG with L "D in whichL € RB*K is used to map the magnitude spectrogram
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Figure 3.3 Decomposed bases using PW-CNMF: (a) bases in log-frequstorogin

(b) clustered bases for source 1 (c) clustered bases fores@ur

into bark scale. Furthermore, the difference mairepresents the element-wise KL

divergence
Dig- = X |09%—in+f<ki, (3.10
|
or element-wise IS divergence
DL?:)fk—f—logﬁf—l, (3.1
><kl |

wherek = 1...K is the linear-frequency indek= 1...1 is the frame indexX andX
represent the mixture magnitude spectrogram and the NMehaspectively. Each

element inX is defined as: .
)Zki - Z irAri, (313
r=1
wherer denotes the component index aRd>= J. This method calculates a single

basis for each note.

In the proposed PW-CNMF method, the objective function defing3.1) is written

in linear-frequency scale as:
C\N:IZ%ZPDiLkaDki: IZZVWFkai, (3.13

whereWF = LP. Essentially, the weighting score matrix calculated in ¢hi¢ical
bands [27] is mapped into the linearly spaced frequencyihinsder to be consistent

with the signal representation.

Hence the weighted KL divergence and IS divergence updégs far A andS™ are
derived as in3.5-3.8) with © = 1 andT = 1.

The baseS™ obtained by PW-CNMF method is then mapped to the log-frequsire
LF S in order to use the frequency shifting property of the NMF2@ogthm which
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Algorithm 3 The PW-CNMF algorithm based on the KL divergence.
1: Calculate perceptual weighting score maRix

2: MapP to linear frequency domaw"® = LP

3: Initialize A andS™ randomly

4:forn=1--- MAXITER do

5:
)zki - ZS:rAri
: F X
W 1
p Ay 2 XS
Zkirwki
7. A
Xy = ZSfrAri
8: E X
ZIWk| AI’I
ir «— ir z Al’x\;\/kﬁ
9: end for

10: MapSF to log-frequency domairs = LFS*

11: ClusterSinto S, j = 1---J via NMF2D

12: Maps; to linear frequency domais = LFTSJ-

13: Calculate magnitude frequency spectrogr&ﬁ:: SJ-FA

XF
]k|

XF

14: Calculate complex frequency spectrograﬁn; =
jki

15: Calculate time domain estimag(t) « ISTFT(IEJ)

is applicable only in a log-frequency scale. The baSebtained after the mapping
is illustrated in Figure 3.3(a). Clustering of the bases h&burcesSj, j = 1---Jis
achieved using NMF2D by only considering the frequencytslaihd ignoring the time
dependencies. The clustered baSgare illustrated in Figure 3.3 (b) and (c) for each

source.

These baseS; are mapped back to the linear frequency dOﬁﬁ'ﬁﬁz LFTSJ- before

resynthesis. Then, the magnitude spectrogram for eachespig calculated as,

X;j = SA, j=1..J (3.14

The proposed PW-CNMF algorithms based on the KL and the ISghviees are

summarized in Algorithm 3 and Algorithm 4, respectively.
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Algorithm 4 The PW-CNMF algorithm based on the IS divergence.
1: Calculate perceptual weighting score maRix

2: MapP to linear frequency domaw"™ = LP

3: Initialize A andS™ randomly

4:forn=1--- MAXITER do

5:
)zki - ZirAri
6:
szkl?"xXkéir
A <—Ari—v\'/,;
Zkir“’xﬁ
7. A
Xii = Z$rAri
r
8: F X
Z|Wi“%Ar|
S
YiAige
9: end for

10: MapS™ to log-frequency domairS = LFS"

11: ClusterSinto Sj, j = 1---J via NMF2D

12: Maps; to linear frequency domais} = LF's;

13: Calculate magnitude frequency spectrogri(r'f]:: SjFA

~ XF.
14: Calculate complex frequency spectrograip; = P =
21 Xigi

15: Calculate time domain estimag(t) «+ ISTFT(IEj)

The element-wise KL divergence is plotted for a single tiimeguency component
in Figure 3.2(b) for the CNMF [12] and PW-CNMF methods. Simiarfigure 3.2
(a), the PW-CNMF algorithm converges in less steps compar&@NMF and the KL
divergence in this component which is more critical to hurhaaring is reduced by

PW-CNMF to a lower value.

The spectrograms for the original source and the mixturellasgrated together with
the estimated spectrograms of the sources obtained by tipeged two approaches
in Figure 3.4. We observe that, both the PW-NMF2D (c) and tidé GNMF (d)
methods remove the components belonging to the interfersnarce successfully.
The advantage of PW-NMF2D over the PW-CNMF method is thatisaters the time
shifts thus captures the temporal structure. However, PWAENethod suppresses

the components belonging to the interference better. Thgaees are illustrated
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Figure 3.4 Log-frequency spectrograms of (a) mixture signal, (b) thréginal
source, (c) extracted source using PW-NMF2D, (d) extrastetice using
PW-CNMF.

in log-frequency domain in order to have a more detailedsitation of the lower

frequency components. In linear frequency scale, all thetdrequency components

look scrunched together and the relationship betweenrdiftepitches cannot be

observed clearly.

3.1.2 Extracting the weighting score matrix

The objective of proposing to apply a psychoacoustic pregssing on the observed
audio mixture before source separation is to enhance tbemaftion which is critical
to human hearing while suppressing the non-critical corepts It is known that
the quantitative significance of an auditory object withimiture can be measured
by its perceived loudness through the HAS [27] which is theseey system for the
sense of hearing. Knowing this, the loudness of one frameoeted by calculating
the excitation using perceptually motivated frequencyes¢@ark scale) and critical

bandwidth [27], compressing the excitation, and integratver frequency [13, 27].
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Figure 3.5 The response of outer and middle ear model based on ITU-R 8%. 1
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Figure 3.6. (a) The relationship between the Hertz and the Bark fregaeng¢b)The
spreading function fob = 40th critical band given in ITU-R BS 1387.

Thus, the loudness can be estimated individually for eaiticalrband. In our system,
Nc = 109 separate bands are spaced uniformly on the Bark scaletiNdthe loudness
is a subjective measure describing the strength of the parteption of a sound and
true loudness is affected by parameters other than sousduee including frequency

and duration.

In the following, the main steps used for deriving the weigdptmatrix are briefly

presented.

(1) Let X denote the magnitude spectrogram of the mixed audio sigralculated
using the STFT. First, a weighting is applied on the obsemedure spectrogram

reflecting the filtering of the outer and middle ear

N
C=WXi?,  0<k< (3.19

whereX" represents the weighted spectrogridp;is the length of one time frame;

k andi are the frequency and time indexes, respectively. Eachémy is weighted
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(2)

according to the human ear filtering [27] using:
k
Vie = 10058/ (3.16

whereFs is the sampling frequency of the signal. The response ofuker and the

middle ear for the frequencl (in Hz) is modeled as:

_ f o8 —0.6(10—3.3)2 f 36
Age(frz) = ~2.184( 75508 + 6.5e” %397 - 0,001 9% (3.17)

The frequency response of the outer and the middle ear ige@lot Figure 3.5. The
main characteristic of this function is to emphasize thaugrice of the frequencies
around 3—4 kHz while reducing the influence of very high andfiequencies. The

peak value of 5.6 dB occurs near 3.3 kHz.

The frequency bins o are grouped intdN. = 109 critical bands in bark scale as
it is defined in PEAQ auditory model [27]. The conversion kestw the bark and

the frequency scale can be computed with

The frequency bands start it= 80 Hz and stop afy = 18kHz. All bands but the
last have the same width in Barks. The relationship betweehriértz and the Bark
frequencies are plotted in Figure 3.6 (a).
The energ)E? [27] is calculated in each critical bartdbf each frame as:

ku(b) )
Efi= > UnXi' (3.19
k=ki (b)
whereUyy is the contribution from the energy in DFT bifor theb— th frequency

band.Uypy is non-zero over the intervld(b) < k < k,(b) and defined as

max[0, {min( fu(b), 251 £ ) — maxf; (b), 251 )}

S
F
bk =

(&) ’

where f;(b) and fy(b) are the lower and the upper frequency edges for bdand

(3.20

respectively [27]. The energy is setBain = 1 x 10~ 12if it is less thanEZ [27],
Ep = max(Eg,, Emin). (3.20)
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3)

(4)

An offset EgJN Is added to the band energies to compensate for the inteorsd n
generated in the ear [27],
Epi = EX + EN. (3.22

The energie&y,; are referred to the “pitch patterns” [27]. The internal ecE%N in
(3.22 is modeled at the central frequenty(b) of each band as [27]

Eg)N — 10L458(fc(b)/2000*8/10 (3.23

The spread Bark-domain energy response is calculated as:

s 1Nt 0.4 04
Ebi:B—S( z (Epis(ba paEpi)) ) ) (3.29
bi \ p=0
where Ep is the energy component at band and framei; B =
(z'[\)'g)ls(i, p, 1)0~4)T14 is the normalization factor. Note that the normalizatiartda
does not depend on data [28b, p, Ep) is the spreading function of bardor an

energy componerip; at bandp and defined as

1 ‘ (102.7A2)b—I, bg P,
S(b7 p7 Epi) = { A(piEP')

ApED [(:I_(TZAAZ)(:I_CrZSAz/fc(p))(EgiZAz)}bfl7 b>p,

where Az = 1/4 and the normalizing ternA(p,Eyi) is chosen as equal to

(3.29

SpS(b, p,Epi) to give a unit area for each center frequenxy The distribution
of the spreading function for the critical bané: 40 is illustrated in Figure 3.6 (b)

and it has a similar characteristic for all bands.

In addition to the frequency masking, the HAS appliesghee and post- masking
effects in time domain, while such temporal masking effectsinvolved neither
in [13,50] nor in [15]. Time-domain spreading concerns terapmasking effects
that enables efficiently modeling the temporal changeseo$tiurces. In this model,
temporal masking effect is considered by means of a firstroschooth filtering.

Time domain spreadinﬁt‘:i is calculated for each barmof each frame as [27]:

f f

where a controls the time constant of the averaging for decayingges [27].
ES’s are callecexcitation patternsind defined as:
~ f
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Note that ifay, = 0, thenEt‘:i = ES. andES, = ES that corresponds a memoryless

model.

Finally the weighting scor&;, corresponding to the loudness index of a frame
within a bandb is calculated as [47]

El \023
i p— —_— 1_
=5 C(Son) (1-sp+—=>

—1{, (3.28
wheres, is the threshold indexE} is the excitation threshold ani’s are the
excitation patterns[27]. The loudnes$§,; is calculated in units of sone. Thus, if
the measured loudness value is doubled in terms of soneptimel $s perceived by
the human ear twice as loud. In order to get this relationdkjps set to 16 (40
dB relative to 0 dB SPL) and is set to 107664 in [27]. As a result, a sonogram
representation reflects the specific loudness sensatidmedflAS [15,51]. The

threshold indexs, is defined as

S, = 10[—2—2.05arcteu(l%,)—ojsarctar((%,)z)}/107 (3.29

and the excitation threshoE[, is defined as
Bl = 10364100 *%/10, (3.30

The threshold index defined 8.9 is the ratio of the intensity of a just-audible
test tone and the intensity of the internal noise within &écai band [52]. The
excitation threshold in quiet is the low frequency part af thuter and the middle

ear filtering and the internal noise terms.

Figure 3.7 illustrates the spectrums derived through tliegasing steps. The time

domain of the signal is displayed in (a). The spectrogramthadspectrogram after

ear filtering are illustrated in (b) and (c), respectively Bark-scale (starting from

(d)), the information that is least critical to our heariremsation is removed while the

most critical parts are retained without perceptual losgure 3.7 (f) represents the

weighting score matrix derived from the input signal.
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Figure 3.7: The characteristics of the weighting score matrix can lspldyed for a
particular audio signal: (a) time-domain, (b) spectrogréanspectrogram
after ear filtering, (d) spectrogram in bark scale, (e) bpdctrogram after
time and frequency masking, (f) proposed weighting scor&imbased
on ITU-R BS. 1387.

3.2 Test Results

In this section, the test data is described and then the &wahs of the experiments
are reported. The PW-NMF2D algorithm is implemented in lslatby incorporating
the proposed weighting scheme into the NMF2D code provigettid author of [11].
The PW-CNMF algorithm is implemented in Matlab by incorporgtthe weighting
scheme into the high-rank NMF factorization. The clusigionh PW-CNMF bases are

performed using NMF2D by considering the convolution irgfrency.

3.2.1 Datasets

In order to evaluate the separation performance of the gexbmethod with respect
to the existing methods [10-12], two different datasets itdhed instruments are

used. Dataset 1 includes 15 different orchestral instrasnemich are downloaded
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from [53]. 25 monophonic mixtures of two instruments and 2&5ophonic mixtures
of three instruments are generated by mixing with unity galine input mixtures
are of 4 to 8 seconds in length and sampled at a ratgef 44.1 kHz. In mixture
signals, a wide range of pitches are covered from 87.31 HA6&Y P8 Hz and the
melodies played by the individual instruments in each dignain harmony. Dataset
2 includes six mixtures of two instruments from a total of dikerent instruments
labeled “nodrums” and downloaded from the SISEC databa&e [Bhe source files
are real recordings of 11 seconds in length and samplég-atl6 kHz. For both of
the datasets, the generated mixtures highly overlap iruéecy which enables us to
investigate the capability of the algorithms for discriating notes of the same pitch

played by different instruments.

3.2.2 Objective tests

In this section, the performance improvement achieved tyrporating the perceptual
weighting scheme into the source separation using both thend the IS divergences
Is investigated. The performance evaluation is performetkutwo main test cases.
First, the effect of the convolutive NMF structures in audiource separation is
evaluated. Therefore, a set of comparative tests are madentpare the NMF2D
algorithm with the SNMF [10] and the CNMF [12] algorithms. Té@mparison with
SNMF [10] is performed because SNMF is also a convolutive Nd@proach that does
not require an additional step for clustering the basegim@ources. Unlike NMF2D,
SNMF performs only the frequency shifts to track the shiftairiant property of the
basis vectors. CNMF [12] is a two-step approach that clugterdases factorized
through NMF into sources using SNMF. After specifying thempriate parameter
set at the first case, in the second test case, the improvetigieved by the proposed

perceptual weighting is examined for a number of audio megu

3.2.2.1 Performance based on factorization parameters

First, the effect of the convolution parametdrs(in time) and® (in frequency) is
evaluated on the separation quality. A numbetcf[1 2 6 10] and®=[1 6 13 19 26
32 39] values are used to track the time and the frequency aoemts, respectively.

Note that, when the convolution paramet@rand© are adjusted accordingly, NMF
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(T=10=1), NMFD [9] (® = 1) and SNMF [10] T = 1) can be obtained as a
special case of NMF2D. The rank is fixed to the number of s@ufoe convolutive
NMF approaches, SNMF [10] and NMF2D [11]. The separatiomaf$ources from a
single mixture is performed using all combinations of theaemeters on our dataset
using two different divergences which amounted to 56 expenits for 31 mixtures
(25 mixtures from Dataset 1 and six mixtures from Datasete)eated five times for
a total of 8680 experiments. In order to evaluate the separaerformance of the
proposed methods for more than two sources, separationeaf sources from a single
mixture is performed using all combinations of these patanseon Dataset 1 using
the KL divergence, which amounts to 28 experiments for 25tunes, repeated five
times for a total of 3500 experiments. The means of the p@doce measures over
all the experiments are reported to examine the effect abwamparameters. Since the
characteristics of two datasets are different, the resutsreported for each dataset

separately.

In order to incorporate the PEAQ model into the NMF2D methibd music signals are
analyzed by & = 2048 point Hanning windowed STFT with 50% overlay /2 +
1= 1025 STFT slices are obtained. The linearly spaced frequieins are grouped
into M = [log%3£2/log 21/48) | (M = 421 bins for Dataset M — 351 bins for Dataset
2) logarithmically spaced frequency bins in the range of 2@d+s/2 with 48 bins per
octave, which corresponds to four times the resolution efeyual tempered musical
scale. The perceptual weighting matrix is calculated witki = 109 critical bands
defined in the PEAQ model of ITU-R BS. 1387 [27].

The results obtained for different values®by fixing the parameter are reported to
evaluate the effect of the frequency shifting on the semargterformance. Similarly,
the role of the time shifting is examined on the separatialityufor different values of
T at a fixed®. According to the results of extensive tests on Datasetid cioncluded

that the highest separation quality is achievedTlfet 2 and® = 39.

Source separation performance obtained by NMF2D and PW-2AMBased on the
KL divergence for separating two sources from a single mefuiom Dataset 1 are
illustrated in Figure 3.8- 3.11. Figure 3.8 displays thessapon performance in terms

of SDR, SIR and SAR for different values &, whenT = 2. It can be seen that
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Figure 3.9 The mean OPS, IPS and APS values obtained by NMF2D and
PW-NMF2D for separating two sources from a single mixtur®ataset 1

performance of the NMF2D increases wih although the gain is not significant after
© = 39. The similar results are observed for the perceptual uneasn terms of OPS,
IPS and APS as it is displayed in Figure 3.9. Th8s= 39 is fixed to avoid extra
computational complexity. To see the gain provided by carian in the direction

of time specified by the parametér © = 39 is fixed and separation is evaluated for
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Figure 3.10 The mean SDR, SIR and SAR values obtained by NMF2D and

PW-NMF2D for separating two sources from a single mixtur®aitaset

1 for various number of time shiftf§ = {1,2 6,10} where frequency

shift is fixed asd = 39.
different values oflf. The results plotted in Figure 3.10 and 3.11 illustrate that
performance improvement obtained by increading not as significant as in the case
of ©, both in terms of the conventional measures SDR, SIR, SAR angdhceptual
measures OPS, IPS, APS, respectively. Theréffote? is selected which gives a good
compromise between the separation quality and the conguoightcomplexity. For
Dataset 2, the optimal parameters are determindd-a$, © = 39. The overall results
of the objective tests obtained by the perceptually enldhiRd&-NMF2D algorithm
based on the KL divergence on Dataset 1 are shown in Figur8.818 It can be
concluded that the same parameter JetH2, © = 39) can be chosen as optimal
for the weighted factorization. If the performances of NNDF@nd PW-NMF2D are
compared for mean values obtained at optimal paramé&ter® © = 39, itis observed
that PW-NMF2D outperforms NMF2D by around 2, 5 and 5 in terff®@BS, IPS and
APS, respectively. Similarly, the improvement obtainedpayceptual weighting is
around 1 dB in terms of SDR, SIR and SAR.

Similar tests are performed to investigate the performafh&&V-CNMF with respect
to CNMF with rank = [2 13 26 39] and® = [0 13 26 39]. The highest separation
quality is obtained forank = 13,© = 39 on both Dataset 1 and Dataset 2.
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Figure 3.1 The mean OPS, IPS and APS values obtained by NMF2D and
PW-NMF2D for separating two sources from a single mixtur®ataset
1 for various number of time shift§ = {1,2,6,10} where frequency
shift is fixed a€d = 39.

3.2.2.2 Effect of perceptual weighting

After determining the convolution parameters, the effefcthe proposed weighted
factorization is investigated by comparing the qualitytef separated sources obtained
by the proposed PW-NMF2D and PW-CNMF algorithms with the Nkl SNMF
[10], the NMF2D [11] and the CNMF [12] algorithms. Table 3.1darable 3.2 report
the mean OPS, IPS, APS, SDR, SIR and SAR values obtained byNN#Sthe
NMF2D, the CNMF as well as the proposed weighted PW-NMF2D anWdGNMF
methods obtained for separating two sources from a singtéunai on Dataset 1 and
Dataset 2, respectively. The source separation perforenacitieved based on the KL
and the IS divergences are reported at the upper and the |maves of the tables,
respectively. The SNMF results are obtained by using the podvided by the author
of [10] with the same parameter set. The results of the CNMFatkeproposed
in [12] for clustering the NMF bases are reported as CNMF. TWe@NMF results are
obtained using perceptually enhanced NMF algorithm folldlwy NMF2D clustering.

In Table 3.1, it is observed that NMF is not capable of exingcthe sources using
a single basis for each source. On the upper part of TableK3.1d{vergence), in
terms of OPS and IPS, the performance of SNMF [10], CNMF [12] dMF2D [11]
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Table 3.1 Performance in terms of mean OPS, IPS, APS, SDR, SIR and ShRs/a
obtained for separating two sources from Dataset 1 by NMRAVIEN
NMF2D, CNMF, PW-NMF2D, and PW-CNMF.

| Methods || OPS| IPS | APS || SDR | SIR | SAR |
| | KL Divergence |
NMF 15.02] 14.02][ 43.61]] 0.33 [ 2.10 | 9.18

SNMF [10] 29.53| 47.69| 42.20| 8.78 | 12.91| 14.95
NMF2D [11] || 28.23| 42.25| 44.02|| 9.44 | 13.98| 14.69
CNMF [12] || 27.74| 45.44| 38.58|| 10.33| 16.60| 14.04

PW-NMF2D || 29.69| 47.37| 48.82|| 10.67| 15.20| 15.11
PW-CNMF || 27.90| 51.75| 43.67|| 10.61| 17.06| 14.68

H H IS Divergence ‘

NMF 17.53| 20.52| 38.67| 0.52 | 2.97 | 9.44
SNMF [10] 29.30| 47.46| 43.20| 6.47 | 11.52| 11.76
NMF2D [11] || 30.10| 48.65| 45.09|| 6.76 | 11.84| 11.83
CNMF [12] || 27.81| 53.09| 40.74|| 6.98 | 12.60| 12.37

PW-NMF2D || 30.50| 49.09| 45.87| 8.08 | 13.22| 12.63
PW-CNMF || 27.93| 52.79| 40.71|| 7.19 | 12.87| 12.36

are comparable. On the other hand, the convolutive appesa8NMF and NMF2D
outperform CNMF in terms of APS. In terms of BSSEval measuttesam be seen
that SNMF and NMF2D have comparable performance while CNMpertorms
SNMF and NMF2D in terms of SDR and SIR. If PW-CNMF and PW-NMF2B ar
compared, it is observed that PW-NMF2D outperforms PW-CNRKlEerms of OPS
and APS; while PW-CNMF outperforms PW-NMF2D in terms of IPSité that,
SNMF [10] and CNMF [12] perform the separation of instrumebé&sed on the
frequency relations of the notes played by the same insmuimg they discard the
temporal relations. NMF2D [11] is an extended model thussmers both the time
and frequency relations and achieves a better separatioa farameters are selected
appropriately. If the performances of NMF2D [11] and PW-NAFare compared,
it is observed that the perceptual weighting improves théopmance by 1-2 dB in
terms of SDR, SIR and SAR while an improvement of 1-5 units seoled in terms of
perceptual measures. The increase obtained by percepigditimg is less significant
if it is compared to the results of CNMF [12] and PW-CNMF. Altlgbuthe results
based on the KL divergence outperforms the results baseteotStdivergence, the

performance improvement obtained by perceptual weighsirggmilar in both cases.
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Table 3.2 Performance in terms of mean OPS, IPS, APS, SDR, SIR and ShiRsva
obtained for separating two sources from Dataset 2 by NMAVIEN
NMF2D CNMF, PW-NMF2D, and PW-CNMF.

| Methods || OPS| IPS | APS | SDR | SIR | SAR |
| | KL Divergence |
NMF 16.55] 23.07] 38.06] 0.14 || 1.49 | 10.34

SNMF [10] 17.04| 22.53| 40.96| 11.30|| 14.38| 17.76
NMF2D [11] || 27.14| 44.96| 48.52| 11.75|| 14.61| 18.05
CNMF [12] || 32.50| 57.74| 39.75| 12.72|| 16.53| 20.57
PW-NMF2D || 26.75| 42.33| 50.56| 12.38 || 15.88| 18.45
PW-CNMF || 32.96| 58.14| 41.19| 13.27|| 17.25| 20.73

H H IS Divergence ‘

NMF 16.19| 26.56| 38.26| 0.66 || 2.35 | 10.16
SNMF [10] 15.52| 27.72| 39.34| 8.53 || 11.04| 14.65
NMF2D [11] || 19.96| 35.25| 42.47| 8.58 || 11.59| 14.65
CNMF [12] || 19.96| 40.35| 34.14| 9.60 || 13.48| 17.25
PW-NMF2D || 23.57| 33.89| 44.21| 10.12|| 13.51| 17.85
PW-CNMF || 21.47| 44.68| 36.06| 10.42| 13.94| 18.42

Moreover, the IS divergence based CNMF [12] outperforms thebEsed methods
in terms of IPS and the IS-based PW-NMF2D outperforms thebsed methods in
terms of OPS.

Table 3.2 reports the separation performance obtaine@parating two sources from
a single mixture from Dataset 2. Similarly, it is observedttthe results based
on the KL divergence outperforms the results based on thev&gence and the
weighting has a similar effect for the IS divergence casewél@r, the improvement
obtained by perceptual weighting on the KL divergence ba$kidF2D [11] is less
significant on Dataset 2 with an amount of 1 dB in terms of SDIR &id SAR. The
highlighted results show the highest scores in terms of OPS, APS, SDR, SIR
and SAR obtained using the separation schemes. Althoughigiinest IPS values
are obtained by CNMF [12] on Dataset 1, it is only slightly heglthan the values
obtained by PW-CNMF and PW-NMF2D. It can be concluded that, wleighting
scheme noticeably improves the separation performancévii2id [11] and a slight
improvement in the performance of CNMF [12] is observed. Igaliso observed
that the highest quality in terms of the overall distorti@PS, SDR), and artifacts
(APS, SAR) is achieved by PW-NMF2D; while the PW-CNMF perfortims highest
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Table 3.3 Performance in terms of mean OPS, IPS, APS, SDR, SIR and ShRs/a
obtained for separation of three sources from a single ghsen by
NMF, SNMF, NMF2D, CNMF, PW-NMF2D, and PW-CNMF with KL
divergence on Dataset 1.

| Methods || OPS| IPS | APS| SDR| SIR | SAR ||

NMF 16.9] 20.8] 20.0][ -2.1 | -0.3] 6.5
SNMF[10] | 26.5| 40.0| 31.8| 3.8 | 6.4 | 105
NMF2D [11] || 25.6| 37.8| 31.0| 3.6 | 6.3 | 10.1
CNMF[12] || 25.1| 43.1| 27.6| 4.7 | 7.5 | 12.0

PW-NMF2D || 26.1| 37.9| 31.4| 43 | 6.7 | 11.2
PW-CNMF 250|442 27.2) 45 | 75| 11.9

guality in terms of the interference distortion (IPS, SIR) Dataset 1. On Dataset
2, PW-CNMF performs the highest quality in terms of OPS, IPBRSIR and SAR
while PW-NMF2D has the highest performance in terms of APS.

Table 3.3 reports the mean PEASS (OPS, IPS and APS) [25] anBWBS&DR, SIR
and SAR) [24] measures obtained by the SNMF, the NMF2D, the Cldbsivell as
the proposed weighted PW-NMF2D and PW-CNMF methods with theli¢éergence
obtained for separating three sources from a single mixtni@ataset 1. It is observed
that the results of SNMF and NMF2D are comparable both in sesfithe BSSEval
measures and the PEASS measures. PW-NMF2D achieves thatsgpavith 0.5-1
dB improvement in terms of SDR, SIR and SAR and a slight impmoset in terms
of OPS, IPS and APS compared to NMF2D. If the results obtame@NMF and
PW-CNMF are compared, it is observed that the perceptualhtiamy enhances the
separation performance by 1 unit in terms of IPS while the @RSAPS results are
comparable to the ones obtained by CNMF. Although the highPR, SIR and SAR
results are obtained by CNMF, they are only slightly highantthe ones obtained by
PW-CNMF. Similar to the two-source case, it is observed tN&#tENMF outperforms
PW-NMF2D in terms of IPS while the OPS and APS results obthinePW-NMF2D
are higher than the ones obtained by PW-CNMF.

If the separation quality achieved for three sources regaosh Table 3.3 is compared
with the performance reported on Table 3.1 for two sourcede(nhat the same
sources are used for the mixtures), it can be seen that the @&Sures are

comparable for two-source mixtures and three-source magtuvhile IPS and APS
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values decrease for three-source mixtures. It is also wbde¢hat the SDR and SIR
values obtained for the three-source mixtures are aroutidoh#éhe SDR and SIR
values obtained for two-source mixtures. The decreasearS#hR and IPS values
are less significant compared to the results obtained forsbwwce mixtures. The
difference observed in the BSSEval measures and the PEASSimeabbtained for
two-source and three-source mixtures show that the PEASSures coincide more

with the evaluation by listening based on the separated phesb5].

If the results on both datasets are summarized, it can belunett that if the
overall quality is more important depending on the appiwgtPW-NMF2D should
be preferred. On the other hand, if the interference is requio be minimized,
PW-CNMF can be preferred. A deficit of the CNMF method over NMHR&Ehat, it
applies the separation twice: first performs NMF on the nmiexgpectrogram and then
runs NMF2D on the separated bases for clustering. The diffiemcountered in the
NMF2D algorithm is that there is not a direct inverse transférom the log-magnitude
frequency spectrogram to the time-domain. Thus, the etgnfrgpectrograms are first
mapped to the linear frequency domain and then invertedetdiniie-domain. During

this mapping, some information is lost due to the convession

3.2.3 Computational complexity

In this subsection, the computational complexity of theposed PW-NMF2D and
PW-CNMF methods is discussed with respect to the converidi&2D [11], SNMF
[10] and CNMF [12] methods.

The NMF-based source separation methods contain three goaiputational steps:
calculating the mixture spectrogram, applying source is#jme on the mixture

spectrogram and inversion of the estimated source speatnsgto the time-domain
signal. As the first and the last step are common to all metheelexclude these steps

in our complexity measurements.

In order to measure the computational complexity of the woath a 4 sec audio
mixture is separated on a PC equipped with a 2.4 GHz @t&ore™M2 Quad
processor. The separation time is measured while excluthiegfile read/write

operations and the spectrogram calculation/inversiagestaln Table 3.4, the running
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Table 3.4 Run time (in sec.), iteration steps and cdst for a typical run
of KL-divergence based SNMF, NMF2D, CNMF, PW-NMF2D and
PW-CNMF on a 4 sec mixture.

| Methods || Runtime (sec)] Iteration steps| Ck. |
SNMF [10] 63.745 50 0.055
NMF2D [11] 27.631 262 0.429
CNMF [12] 1.156 300 0.471
PW-NMF2D 17.204 165 0.428
PW-CNMF 4,799 90 0.470

time in seconds, the iteration steps and the cost func@ignare listed which are
obtained by all considered methods based on the KL divesgeamd under the
same starting conditions. It is observed that the run timeaxfh method varies
significantly. This huge difference comes from the diffex@nn the dimensions of
the input matrices. The input of the SNMF [10], the CNMF [12 PW-CNMF and
the NMF2D [11] algorithms are Constant-Q-Transform (CQT)csqmgram of length
216x 10798, spectrogram of length 2049169, spectrogram of length 1025171
and log-frequency spectrogram of length 42171, respectively. The CQT transform
used in [10] is a very redundant transform proposed to givégh fuality inverse
transform. This redundancy increases the computatiomaptaxity of the method
significantly. However, compared to the NMF2D method [11d,9eparation quality
does not improve much as it can be seen from Table 3.1 and 3lthough the
proposed PW-CNMF method runs slower than CNMF [12], it is almeal-time. The
increase in the computational complexity of PW-CNMF comesnifthe difference in
the resolution of the CQT transform and the shift parameted urs this work and the
work proposed in [12]. When NMF2D [11] is used, the weightingesme incorporated
into the separation algorithm speeds up the convergenediyrdecreasing the number

of iterations required for convergence.

CkL versus iteration is plotted for NMF2D [11] and PW-NMF2D uginarious
convolution parameters in Figure 3.12 (a) and (b), respelgti The results show that

whenT = 1,0 = 1 (NMF), the algorithm converges in less steps but to a mughei
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Figure 3.12 (a) Iteration steps vs. objective function on a 4 sec mettor a
typical run of (a) NMF2D, (b) PW-NMF2D using various convttn
parameter§ and©.

KL divergence. Whei® = 1, T = 2, the algorithm converges to a slightly lower value.

When we increas®, the algorithm converges around 200 steps.

3.3 Conclusion

In this work, the human perception is integrated into siregi@nnel blind music source
separation by NMF based convex optimization using the KL thiedlS divergences.
It is shown that the proposed PW-NMF2D and PW-CNMF [28] areabép of
successfully separating the sources when the number ofeois known. The best
average results are obtained by using the KL divergenceeasdst function. Both
of the proposed methods extract a single basis for each ndtsaves the problem
of clustering the notes into sources. PW-NMF2D solves thsteting problem under
the assumption that all notes for an instrument can be repted by shifting the pitch
of the time-frequency signature of a single note. On therdtlaed, the PW-CNMF
method extracts a single basis vector for each note of théuneibusing a high rank
NMF. Then each note is factorized into sources using NMF2[ [y capturing
the spectral envelope of a note which is assumed to chandgepidh. Although
PW-CNMF operates in two steps, its complexity is lower. Thisecause the clustering
in the second step is performed on the basis matrix which ishnsmaller than the

spectrogram.
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The proposed perceptually enhanced NMF based methods emebtén a wide range
of applications including music information retrieval, si transcription, auditory
scene analysis where the perceptual quality is importantan be concluded that
PW-NMF2D achieves a higher sound quality in terms of ovelialiortion and artifacts
while PW-CNMF suppresses the interference of the unwantedcss better than
PW-NMF2D on Dataset 1, while PW-CNMF outperforms PW-NMF2Dténms of
OPS, IPS, SDR, SIR and SAR on Dataset 2. Thus, depending ompphieadion,
nature of the data and the requirements, either PW-CNMF oMN®RW-2D can be
applied for source separation. In order to extend the maxebtver more than two
sources, the rank of the factorization and the convolutemameters should be adjusted
accordingly. Obviously, increasing the number of sourcesreases the separation
performance specifically for highly correlated sources.weleer, including a prior

information about the sources should be helpful to imprixeseparation quality.
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4. AN ADAPTIVE TIME-FREQUENCY RESOLUTION FRAMEWORK FOR
SINGLE CHANNEL SOURCE SEPARATION BASED ON NTF

The NMF based source separation methods presented in theysehapters have a
shortcoming in that they work at a fixed time-frequency resoh STFT. The STFT
of an audio signal can be visualized as a 2D-image known astrsgeam, where
the dimensions correspond to time and frequency. The maiolgm with the fixed
time-frequency resolution STFT is the smearing of the dignargy in either direction.
Smearing in time causes artifacts such as pre- or post-edroeind the transients
which lead to incorrect detection of the temporal changesth® other hand, smearing
of the signal energy in the frequency domain prevents d@jaighing the closely spaced
harmonics. In particular, shorter windows are chosen atdmme-localized transients
such as plosives in speech and percussive instruments iic,nsusce this produces
the most concentrated energy distribution of the STFT adeffts. On the other
hand, vowels and voiced consonants in speech, which arat@gi in nature or
harmonics in music, tend to be spread over time but localimefdequency. Thus,
the energy concentration is maximized when spectrally entmated and temporally

broad windows are utilized.

In order to overcome the drawbacks arising from working aingle resolution,
an adaptive short-time analysis-synthesis scheme is peapthat yields a source
separation method capable of supervised adaptive resoltutning. In the proposed
method, the multiresolution time-frequency represeatatf the observed signal is
represented as an “n-way array” or in other terms as a “t&nsdrere each layer
of the tensor denotes the magnitude spectrogram of the \@sbenixture obtained
at a different time-frequency resolution. The baSeare learned for each source
from various time-frequency resolution based represiemsto describe each source
in various resolutions. The convergence of the factowrayields the amplitude
envelopesA and the gain matriXQ representing the contribution of each component

in each resolution (layer). Since the input is represented anultidimensional
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matrix, NTF which is a natural generalization of NMF in higlttmensional spaces
is preferred. The convergence of the NTF algorithm yields sbparated sources in
each time-frequency resolution. After reconstructingstigrces in various resolutions,
the adaptation is performed based on a measure of localftegeency concentration
first proposed in [56]. This process yields a sparser reptasen of the sources by
adaptively fusing the information obtained at various hatsons. Moreover, a learning
approach proposed in [19, 22] is used in order to extract saalce’s data outside of

the input samples and resolves the clustering problem.

Various works are proposed which deal with the limitatiofgixed time-frequency
resolution short-time analysis. One group of works propdaptive STFT schemes
[16, 56]. In [56], a simple and efficient technique is destyjrfer adapting the
time-frequency and the time-scale representations over tor analysis purposes. A
concentration based adaptive procedure is performed whéotimizes the kurtosis of
short-time time-frequency concentration [56]. Howeviis tvork only deals with the
analysis and does not integrate the adaptive resolutiartsef®r resynthesis of the
signal which is required in source separation. More recarkiiocuses on adaptive
time-frequency resolution both for analysis and synthesisthe method proposed
by Basu et al [57], the time-frequency resolution is adaptased on the measure
used in [56] but the analysis method is altered thus it eisgidefect reconstruction of
the signal using a modified overlap-add (OLA) procedure.iffioowing work [58]
introduces a broad family of adaptive, linear time-frequerepresentations termed
superposition frames via two signal adaptation schemesdbas greedy selection
and dynamic programming. A given discrete Gabor frame iptdato an observed
signal via superposition of neighboring translates of glsinvindow function to yield
the superposition frames for adaptive time-frequencyyamablnd fast reconstruction.
However, it does not address the window requirements tarernise existence of upper
superposition frame bounds in infinite-dimensional sgttincharacterize the structure

of canonical superposition duals in such cases.

There are some works combining multiresolution approactsaarce separation.
In [17], a gradient algorithm for the MultiResolution Freeqey Domain (MRFD)
Adaptive Decorrelation Filtering (ADF) approach is dedvelt is denoted that a
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large filter size is required for good separation perforneamat the filter size has to
be limited to the order of 70in order to minimize the permutation problem. In the
MRFD algorithm, ADF is implemented in a multistage procesthwicreasing filter
size at each stage, thus once self-aligning the permusaiiothe early stages with
small filter size they tend to remain aligned for increasiitgifsize. In [18], an NMF
based separation is performed which increases the capatfiieparating the original
signals from the mixture by adapting the time-frequencylgsn of the STFT to
the mixture’s characteristics. The mixing is performeddahsn a transient detection
measure and an energy concentration measure for each ame.ffThus, it does not
consider the smearing around each time-frequency compboém each time frame.
In [59], Wavelet Packet (WP) transform which is a multiscabnsform is used to
decompose signals into sets of local features with variegseks of sparsity. First, an
overcomplete set of WP features of mixtures is constructed warious generating
functions and various families of wavelets. Then, the besisst is chosen with
respect to the estimation of the separation error and ugesefmaration. This work
enhances the quality of the separated sources and investigaw the separation error
is affected by the sparsity of decomposition coefficient$ laynthe misfit between the
probabilistic model of these coefficients and their actustridbution. In our previous
work [19], the learned speakers are separated at diffeireetftequency resolutions
by applying NMF separately at each resolution and adapgta@nbining the separated
sources based on maximum energy compaction principle Td.method proposed in
this chapter combines the parallel NMF factorizationsadtrced in [19] into a single
NTF scheme, thus performs a joint optimization by fusing itifermation coming
from various time-frequency resolutions. It is shown thme tusion of the available
information in a joint optimization scheme enhances theliyuaf the separated

sources.

NTF has been widely used to separate multichannel recadB@ 61] where the
number of observations is more than one. CANDECOMP/PARAFAC @d#)Tucker
are special cases of NTF and widely used in various apphcat{62]. In [60],
NTF is performed on two channel mixtures of three instrursdayt optimizing a KL
divergence based on a PARAFAC model. In [61], a Shifted NTFTSNmethod
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is proposed which extends the SNMF to multichannel casedparsating harmonic
instruments from multichannel mixtures. In [34], a stadst NTF framework of the
power and magnitude spectrograms is proposed for separatiitichannel mixtures,
based on the IS and the KL divergences, respectively. Theeheldo allows to
cluster the source components within the decompositior{63f under-determined
blind separation of convolutive speech mixtures is pertmiiny combining PARAFAC
analysis with Capon beamforming in order to reduce the atbssSthis work results in
a low complexity adaptive blind source separation algarithat can track the changes
in the mixing environment by batch computation of the PARAF#&Eomposition for
each frequency bin. In [64], a feature extraction methocktam Gabor filtering of
primary cortical representation of speech signals anatdastorization is introduced.
Two-dimensional Gabor functions with different scales dimdctions are employed to
analyze the localized patches of the power spectrogram. Ndmenegative Tensor
Principal Component Analysis (NTPCA) with sparse constgaist developed for
multifactor analysis of speech by maximizing the covarent data samples on the
tensor structure. This model explores both the spectralta@demporal structures
simultaneously within one model and the energy of speeatakig concentrated on a
few components thus the consistent statistical charaaterseserved while the noise
components are suppressed. All the mentioned NTF basethsiepaapproaches use
the information from different observations for extragtithe bases and the gains
by joint optimization. Different from the separation metlsobased on NTF, the
proposed scheme uses only a single observation represgnadous time-frequency
resolutions and enhances the quality of the separatedesoaompared to the NMF
based methods which use the information from a single obtiervrepresented at a

fixed time-frequency resolution.

It is known that, the representation capability of the NMBdxhmethods increase as
the rank of the factorization is increased. However, whenrtéink is greater than the
number of sources, the extracted bases place in a randomiorttee basis matrix.
This requires clustering of the bases into sources by maange assumptions about
the sources [10-12,21,28] or using some prior informatiéh22]. To our knowledge,

the unsupervised clustering methods are usually propasequtEhed instruments and
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no unsupervised clustering method exists which works fiokiatls of audio signals.
Thus, in this work, it is preferred to learn the bases fromttheing data of each
source which is not included in the test data with a high ranitinesolution based
factorization. The source bases are fixed; the amplitudelepgs and the gains are
extracted from the mixture signal by updating iterativelyie learning of the source

bases is based on the work proposed in [22] and solves theighgsproblem.

The rest of this chapter is organized as follows. The progphas@ptive time-frequency
resolution based supervised single channel source sepana¢thod is introduced in
Section 4.1. The experimental results obtained by the m@gpmethods are compared
to the single resolution based NMF method and the MR-NMF nteginoposed in [19]

and reported in Section 4.2. It is concluded with some dsioas in Section 4.3.

4.1 Proposed Approach

The proposed MR-NTF approach aims to optimize a generalizeddiergence
defined in 2.15. This process involves learning codebodksof sources from
the time-frequency representations of their training aignvia NMF at various
resolutions as it is proposed in [19]. By fixing the frequenegdsS; Q andA are
updated iteratively through the multiplicative updatessuggiven in 2.19 and @.26),
respectively. The&,S andA factors are then applied on the magnitude spectrogram
tensorX of the mixture to extract source estimates. Finally, thgoufrom multiple
resolutions are fused to obtain more robust estimates &fdhrces using the maximal
energy compaction principle method used in [16], [19] forywag the time-frequency
resolution adaptively. This approach estimates the dgakdifferent time-frequency
resolutions and mixes them accordingly so as to obtain nahgmearing both in time

and frequency directions.

4.1.1 Dictionary learning

In order to eliminate the permutation problem, a pre-leagns applied on a training
set of the original sources. Once the basis vectors of theesare learned separately,
they can be used to estimate each source from a monophoniareix Hence,

supervised separation of two sources from a single obsenvet performed, where
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Algorithm 5 Dictionary learning.

1: Input:sj(t), j=1---J

2: Xjc < STFE(sj), j=1---Jc=1---C
3: Initialize A jc andSjc randomly

4: forn=1.-- MAXITER do

5:
Xjcki = SjckrAjcri
r
6: X
jcki
ZK msjckr
Ajcri < Ajcri
ijckr
7.
Xjeki = > SjekrAjcri
r
8: «
ki AL
ZI mAICH
Sickr < SjckrT
Zi jcri
9: end for

10: SetS= {Sjekr}, j=1---J,c=1.--C,k=1.--K,r = 1.--R/C.

the source signals can be either music or speech. The ss@ermr informed source
separation is commonly used in the literature to separaesdlirces with the help
of a prior information supplied as in the form of a prior distition or pre-learned
sources [22, 32, 65].

In particular, the MR-NTF bases of the-th source { = 1---J) are learned from
the corresponding magnitude spectrograxys at various resolutions = 1---C in

the Dictionary Learning block of Figure 4.1. Here, NMF is dde learn the sound
dictionaries for each source from a limited training setighals from each source
and then this information is used as prior knowledge for #ygasation. The bases
extracted at different resolutions are combined into a im&@r= [S; - - - Syr| which

is of sizeK x JR whereR/C is the number of bases learned from each resolution
c=1---Cfor each sourcg =1---J. Note that, the observed mixture signé) does

not include the source signals used for learning.

The dictionary learning algorithm is summarized in Algonit 5.
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The MR-NTF is applied on the magnitude spectrogram teKsavhich is constructed
by tensorizing the magnitude spectrograms of the observeduma at various
resolutions, by fixing the bases $o= RK*JR and learning their amplitudes € R' <R
and the gain® € RCJR of each factor in each resolution. The extraction of the

sources is described in the following subsection.

4.1.2 Fusing the information from various time-frequency solutions by
MR-NTF

Building filter banks with variable time-frequency resotuts is commonly addressed
for audio compression methods [66]. However, these appesaare limited by the fact

that the compression requires to keep the size of the dataseqting the signal at a
minimum. On the other hand, the audio processing methodsasisource separation
can benefit from redundancy which leads to multi-resolufi@mework presented

here. Moreover, fusing the information from various timnegfuency resolution based
representations to extract the sources results in a beparation quality compared to

using the information from different resolutions sepdya#es it is proposed in [19].

Figure 4.1 illustrates the main steps of the NTF-based soseparation algorithm
running on the multiresolution representation of the inputture. In the figure, only
two resolutions are depicted for clarity, but the framewodhn be extended to any
number. First, the magnitude spectrograXasc = 1---C at different time-frequency
resolutions are obtained. The hop size and the frequendyg ghiould be equal for alll
C STFT resolutions in order to ensure that all the STFT magegX. are calculated
in the same grid of the time-frequency locations. In ordexdbieve that, the smaller
STFT windows are zero padded to ensure that all of the STRIesthe same number
of frequencies. Thek,i)—th time-frequency component of the mixture magnitude
spectrogram obtained at two different resolutions areesgnted a¥Xqy wherec =
{1,2} in Figure 4.1. The magnitude spectrograms are combinedartensorX,
where the—th layer ofX represents the mixture magnitude spectrogkaroalculated
based on the—th resolution. Then, the bases learned at the dictionamilegblock
are fixed asS = [S; - -- Syr| where each column d hasK frequency components.

MR-NTF is performed on the tensdf € R©*K*! py fixing S € RX*JR and updating

61



Xy Xoki
. : Learning
Xnk: qua | S
Ko .o
[ISTFTJ [ISTFTJ [ISTFTZJ [ISTFTZJ
su | 8] S0, IE¥G
[STFTe,} [STFT:,,} (sTFT, | [STFT, |

y (F2 .

Flkl v Flki Fz;” ¥ 2ki
Energy Energy

Compaction Compactlon

Fio 4 Fori
ISTFT; ISTFT,
5,00 )
Figure 4.1 General scheme for the proposed source separation methapadaptive
MR-NTF.

A € R"RandQ e R©*JR at each iteration. Upon convergendes= [A;---Ajg and
Q = [Q1---Qyr| are segmented into sources, eaghQ;, j = 1---J corresponding to
one source. After obtaining th@ andA factors, the contribution of each source in the

mixture magnitude spectrogram at theth resolution are estimated from:

Xicki = rinchjkrAjir , 4.1
whereS; represents thk—th frequency component of the-th basis vector of the
j—th sourceQjcr represents the gain of the-th component of thg—th source in the
c—th resolutionAjir represents the time envelope for theth component of thg—th
source in the—th time frame. In Figure 4.1, tHe-th frequency component of the th
time frame of the estimated magnitude spectrograms foyjtith source obtained at

the c—th resolution are represented)%ggki, wherej = {1,2} andc = {1, 2}.

In order to estimate the sources in time domain, the compdexce spectrograms

should be estimated from the magnitude spectrograms. Tieple@ source
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spectrograms are directly retrieved using Wiener filteff [41
chki

3 Xjeki-

whereF; represents th&—th frequency component of the-th time frame for the

Ficki = Feki (4.2

mixture signal represented at theth resolution. Time-domain estimagg (t) of the
j—th source at the—th resolution is obtained by applying ISTFT on the estimated
coefficientslfjcki. In Figure 4.1sjc(t) represents the estimatg¢dth source at the—th

resolution, wherg = {1,2} andc = {1,2}.

4.1.3 Enhanced sparsity by maximal energy compaction

The aim is to combine the source signals from different wggwis in order to achieve
an optimally compact representation in each part of the-freguency plane. As it
Is described in Section 4.1.2, fusion of the informationesfprmed in the separation
step in order to use the information from different timegiuency resolution based
representations. After resynthesis of the sources in wari@solutions, another
fusion is performed using the maximal energy compactiongypie as in [16] by
an additional filter bank, with a fixed time-frequency resioln that transforms the
resulting separated source signals into the time-frequenefficients on the same
time-frequency grid as in the analysis steps. This is aelidw first transforming
the estimated time-domain sourcgs(t) into the time-frequency domain by using a
fixed time-frequency resolution. The resulting STAS, j = 1---J correspond to
the time-frequency representations of the sources olatdinen MR-NTF in thec—th
layer. In Figure 4.1Fj‘|’(i is represented for two sourcé$ = 1,2} at two different

resolutionsc = {1,2}.

The fusion of the sound signals extracted at different péMR-NTF is performed
for each source to obtain a sparser representation. In todeise the information
efficiently at every time-frequency bitk,i), a rectangular are@ is considered around
this point. There is a trade-off between selecting a smak darge area. If the
area is small, there won’t be enough coefficients to caleutatobust estimate of
the energy smearing. If it is too big, it will not be a localipsdte. Less smearing
around a time-frequency component yields a sparser ragegsm, thus maximizes

the energy compaction. This process results in obtainiagséparated sources with
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less interference. In order to estimate the sparsity in @mngalar gridQ =H x U, a

kurtosis [16], [19] based method is used:

‘ i

i SercalFSy - )

jki = —
(# Swreal Pl 1F7)2)

where chki is the kurtosis calculated for tHe-th frequency component of the-th

(4.3

frame of thej—th source in the—th resolution]| F_jcy is the sample mean of the squared
STFT magnitudesf,Fj‘:ki\2 in the grid Q. Kurtosis is widely used for measuring the
nongaussianity of a distribution. If large number of comgats are inactive or almost
inactive, the value of the kurtosis gets larger and the iigion gets more peaky
[18, 67]. Therefore, kurtosis is widely used as a measurepafsity [19, 56, 57] .
In [57], it is denoted that in cases where the spectral pesksapidly varying across
time, due to variation in vocal tract configuration, the gp@dkurtosis measure tends

to choose windows so that formant tracks are nearly flat wittem.

In order to avoid hard switching from one resolution to aeotthe squared magnitude
coefficients from different resolutions are fused adaptivéhe fusion is performed

by a weighted sum of the squared magnitude spectrogramaeats:
C
Fiil? =5 Wil Fiil?, (4.4)
c=1

WhereFj‘l’(i is thek—th frequency component at theth time frame of thg —th source
obtained for thec—th fixed time-frequency resolution and the mixing weights ar

calculated as:
KE .
jKi

— <C c
> 1K

This step yields a single power-magnitude spectrogt%ljm% for each source. 1(4),

(4.9

jki

the estimated sources from different time-frequency tggnis are combined in an

adaptive way, such that the smearing in both time and fregyuisrminimized.

In (4.4), the adaptive power magnitudes are calculated for each-fieguency
component. Thus, the adaptive representation requirgshi&ige information in order
to estimate the time-domain sources. Wiener filtering oftindure spectrogrark; is

performed such as
|Fixi|?
371 IFiuil?
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Algorithm 6 The MR-NTF algorithm based on the KL divergence.
1: Input: x(t)

2: Xc+ STFE(x), c=1.--C

3: Initialize Q andA randomly

4:forn=1--- MAXITER do

5:
Xeki = > Qicr SikrAjir
r
6:
K | K |
Qer <+ ch( S /\ck'Air) /( Sir Air)
PR PRE SV APR P
7. )
Xeki =Y Qijer SikrAjir
r
8:
C K C K
Air < Air ( Z Qer Z /\ckisxr>/( Z Qer Z S&r)
c=1 k=1 c=1 k=1
9: end for A
10: Calculate magnitude frequency spectrogriag = 5, Qijer SikrAijir
11: Calculate complex frequency spectrogrdﬁ;aki = Fckiz—)(j%
r ¢ jki

12: Calculate time domain estimafgg(t) < ISTFT(Fjc)
13: F§ < STFE(Sjc)
A Swirea (P 2= IFF)
2

(H]U ZK’,i’eQ(Fji/i/|2_||:jc|)2)
. . K¢,
15: Calculate fusing we|ght5;\7j¢ki =5k :?'k'

¢ ki
16: Fuse the signals$Ejxi| = 3 c Wi Fiiil

14: Calculate sparsity§; =

A~ L2
17: Estimate complex source spectrograi; = F; zl-Flll?l-lz
JIIK

18: §j(t) « ISTFT3(Fj)

The ISTFT is then applied on the complex STFT coefficidfrjusin order to transform

the extracted sourcefe,ki to time domain signals; (t).

The proposed MR-NTF algorithm is summarized in Algorithm 6.
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4.2 Performance Evaluation

In this section, we first describe the test data and then pbagth experiments.

4.2.1 Datasets

Three audio datasets are considered and described below.

e Dataset A consists of ten monophonic mixtures synthetically gemeralby
summingJ = 2 different but equal length sentences uttered by male amalée
speakers from the TIMIT database. A training data of lendthd?33 sec is used
for each speaker in order to learn the bases of each speakerlemgth of the

evaluation sentences are 2 to 3 sec long. All the audio filesampled at 16 kHz.

e Dataset Bconsists of six synthetic monophonic mixtureslet 2 musical sources
(drums, cello, acoustic guitar, electric guitar, pianaggddead vocals) created using
5 sec excerpts of original separated tracks from the songri§&i and “We are
in Love” by S. Hurley, available under a Creative Commons Lseeat [68]. A
training data of length 30 sec is used for each source in aodeiarn the bases of

each source. All audio files are downsampled to 16 kHz.

e Dataset Cconsists of three synthetic monophonic mixtures) ef 2 speech and
music sources (cello, drums and piano). The speech and teeahgources are
selected randomly from Dataset A and Dataset B, respectiVefyning data is of

length 21 to 33 sec while the length of the evaluation datas3sec.

Note that, all the test signals consist of two sources cdebie linear mixing of
individual source signals with unity gain and the evaluatitata is not included in

the training set.

4.2.2 Model parameters

The effect of various parameters is investigated on theraépa quality. The

investigated model parameters are discussed in the folgpwi
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4.2.2.1 STFT parameters

The data is analyzed using a Hanning windowed STFTNpf = {256,512
10242048 4096} samples. The choice of the STFT window size is important and
there is a trade-off between the time resolution and thauraqy resolution. Although

a long window size gives a good frequency resolution but gooe resolution, a
short window size gives a good time resolution but a poordesgy resolution. The
choice of the window length depends on the signal charatiesi Stationary signal
analysis requires a good frequency resolution, while #resient signals or percussives
can be analyzed better using a good time resolution. ThuguaSTFT lengths
Ne = {256,512 102420484096} are used and the STFT magnitudes calculated
using different STFT lengths are combined in a single tenddre time-frequency
magnitudes are calculated on the same grid by zero paddengitidowed signals and
using equal STFT analysis hops for every resolution whickgigal to the half of the
smallest STFT length. The estimated signals obtained frariows resolutions are

analyzed using a Hanning windowed STFT of len§ygh= 1024 with 25% overlap.

4.2.2.2 NTF parameters

In our case, the NTF parameters consist of the rank of theriaation R and the
number of the NTF layer€. The number of the NTF layers is actually determined by
the number of the time-frequency resolutions which is diye@lated to STFT. The
choice of the number of basByer each source is important. If a high value is chosen,
the model can represent the diversities in the source; sigg @& single basis for each
note or each elementary sound object. However, it may alseeche model to overfit
the data. On the other hand, one or few components per sorgasoaenough to
represent all the diversities in the data. In the experismiehSection 4.2.3, the effect
of the rank of the factorization is investigated by selegtime training number of bases
for each source R = {1,10,20,50,100}.

4.2.2.3 Grid size for sparsity

Another important parameter is related to the adaptivenfusihe adaptive fusing is
performed based on a sparsity measure calculated over drgougency grid2 around

each time-frequency component with various sizes. Thetlen§the rectangular
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grid is selected as the combinationstbf= {3,5,9} time frames and) = {3,5,9}
frequency bins around the point of interest. The tradeatft hethat smalds do not
allow to form a robust estimate of the energy smearing aethez too few STFT

coefficients inside, and larges are not local enough for fine control of the resolution.

4.2.3 Separation results

In this section, the performance improvement achieved gy jtint optimization
of the single channel source separation based on a multitesorepresentation is
investigated. The proposed approach fuses the separgtedssirom each layer of the
tensor in an adaptive way, where each layer correspond®teefiresentation of the
mixture signal with a different time-frequency resolutiomhe MR-NTF algorithm
is run for fifty iterations. The separation is performed gsadl combinations of
the parameters mentioned in Section 4.2.2 on our datasethwdmounted to 45
experiments (five rank values, nine different grid size)I¥8rtest signals using seven
different resolution set represented 8y= {2,3,4,5} layered tensors. First, the
separation is evaluated usingCa= 5 layered tensor where each layer corresponds to
the magnitude spectrogram of the mixture signal obtaingd $TFT lengths oNg =
{256,512 10242048 4096}. The performance is also evaluated usthg- 2,C = 3
andC = 4 layered tensors for representing the input mixture sjgna¢éreC=2,C=3
and C = 4 different STFT lengths out oNg = {256,512 10242048 4096} are
selected. The performance measures are averaged forsdl élkperiments separately
on three datasets and the effect of the parameters mention8éction 4.2.2 is

analyzed.

In these experiments, the aim is to investigate the imprevein the separation quality
of the estimated sources obtained by adaptive time-frexyuesolution and compare
it with the results obtained at a single fixed time-frequergsolution. In the proposed
MR-NTF approach, each layer of the input tensor represented fime-frequency

resolution based representation of the mixture signalsTime output of the separation
gives the separated sources in each resolution. In eachileiguoe 4.2, the magnitude
spectrograms of the mixture signal are illustrated at twifedint resolutions (a, b),

the original signal at two different resolutions (c, d), #&imated signal from each
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Figure 4.2 The magnitude spectrograms for (a) the mixture signatal st resolution
(layer), (b) the mixture signal at= 2nd resolution (layer), (c) the original
source atc = 1st resolution (layer), (d) the original source a& 2nd
resolution (layer), (e) the estimated source from the 1st resolution
(layer) whereNr = 256, (f) the estimated source froen= 2nd resolution
(layer) whereNr = 4096, (g) the estimated source by NMF whéke=
256, (h) the estimated source by NMF whéke= 4096.

layer of the MR-NTF (e, f), and the estimated signal obtaingdNMF(g, h), where

Nr = 256 andNg = 4096 for a test signal from Dataset A. These figures are cobppe

for the 1.6-2.8 seconds of the signal between the 0-2 kHzu&egy range for a

detailed illustration. In Figure 4.2, it can be seen that fileguency resolution of

the first column is not enough to separate the harmonics awodsahearing appears
in frequency. In the second column of the figure, the frequeesolution of the
representation is high enough and the harmonics are welrata in the frequency
domain. However, the time resolution is low and smearinguoedn time. This
smearing can be observed significantly between the 2 secmtishe 2.2 seconds
of the signal in the second column of Figure 4.2. If the sosiaigained by MR-NTF

in the first layer (e) and NMF using a single resolution (g)@mpared, it can be seen
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Figure 4.3 The magnitude spectrograms for (a)the original sourceth@ extracted
source from a fixed resolution, (c) the extracted source mgudR-NMF,
(d) the extracted source by using the proposed MR-NTF.

that fusing the information from different resolutions ihgroptimization enhances the

guality of the separated sources.

The proposed work introduces a method which fuses the deplasaurces observed
in Figure 4.2 (e) and (f) and generates a signal which hasti&dagme-frequency
resolution. Since these signals have different resolstitimy cannot be fused and
transformed to the time domain. Thus, each of the separagedlss first transformed
into the time domain by Wiener filtering of the mixture spegiiam with the same
resolution. Then, the signals are transformed back to freguency domain using
the same STFT parameters for analysis. In Figure 4.3 (ajntgnitude spectrogram
of the original source is illustrated in the new resolutionene the STFT is applied
usingNF = 1024 length Hanning window with 25% overlap. Figure 4.3 (lojsirates
the separated signal obtained using NMF at a fixed time-&nequ resolution. The
signals obtained using the adaptive time-frequency résolwith MR-NMF [19] and
the proposed MR-NTF are represented in (c) and (d), respedctivt can be seen
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Figure 4.4 The time domain illustrations for (a) the mixture signdd) the original
source signal, (c) the estimated source signal separaiedtire mixture
signal based on the adaptive resolution, (d) the estimatects from the
c = 1—stresolution (layer) wherdg = 256, (e) the estimated source from
thec = 2—nd resolution (layer) wherdr = 4096.

that the smearing in time and frequency is minimized in adapesolution based

representations.

The time-domain estimates of the signals illustrated iufggt.3 are shown in Figure
4.4 for the same time interval. It represents (a) the mixsigeal (b) the original source
signal, (c) the estimated signal separated from the mixdigreal based on the adaptive
resolution, (d) the separated signal from the 1st layer and (e) the separated signal
from thec = 2nd layer. In Figure 4.4, more interference occurs from theanted
source obtained from the= 1st resolution illustrated in (d). The separated signal
from thec = 2nd resolution has degradation of the signal in some parishwan be

observed around the 2.4 seconds of the signal. Thus, theatet signal from the
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Figure 4.5 The mean SDR, SIR and SAR values with respect to iterationbenm
obtained on Dataset A using fixed time-frequency resolutiF,
adaptive MR-NMF and MR-NTF.
adaptive resolution has less energy degradation and lesargig compared to single

resolution results.

In the remaining part of this section, the effect of the pastars are investigated on
the separation performance. The separation is performedr@ius resolutions with
C ={2,3,4,5} on Datasets A, B and C and the results are reported for eaabedat

separately.

The consistency of optimization of the proposed approachexked with respect to
source separation performance improvement as measured®ySR and SAR. Ten
speech + speech mixtures of Dataset A are used and the MR-N®Rtham is run for
50 iterations.R = 20 components are extracted for each source. Figure 4.&agssp
the mean SDR, SIR and SAR values with respect to iteratioraradat on ten mixtures
using single resolution NMF with STFT lengtNg = 512,Ng = 2048; MR-NMF [19]
and the proposed MR-NTF. The results show that the sourceat&paperformance
improves consistently in terms of SDR and SIR, while it desesan terms of SAR
in fixed and adaptive resolution based schemes. It is obdénet both the MR-NMF
and the MR-NTF methods improve the quality of the sources esatpto the fixed
resolution NMF results and MR-NTF outperforms MR-NMF in terofsSDR and
SIR. Although running the algorithm for 30 iterations is egbdor convergence, the

MR-NTF scheme is run for 50 iterations for all test files.
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Table 4.1 Performance in terms of SDR, SIR, SAR, OPS, IPS and APS values
obtained by the MR-NTF method on a mixture of female and matalsprs
from Dataset A, wher€ = 2 is used witiNg = {512 2048}. The measures
are reported for the female (Fml) speaker, the male (Ml) lspreand their
average (Avg).

H H SDR | SIR | SAR \
Fml | Ml | Avg || Fml | Ml | Avg || Fml | Ml | Avg
c=1 85| 89| 87 | 11.3|13.3| 12.3| 12.0| 11.0| 11.5
c=2 90| 97| 94 || 115|13.7| 12.6| 13.0| 12.1| 12.6
MR-NTF || 9.8 | 10.1| 10.0| 14.1| 19.0| 16.6|| 12.0| 10.8| 11.4
OPS IPS APS
c=1 32.2|47.7|40.0| 37.8| 63.8| 50.8|| 60.2| 43.1| 51.7
c=2 19.9(29.1| 245| 25.0| 51.9| 38.5| 71.3| 75.9| 73.6
MR-NTF || 41.3| 48.7| 45.0|| 52.3| 67.3| 59.8| 53.9| 38.1| 46.0

After determining the iteration number, the separatiorultssare first evaluated
for ten speech + speech mixtures on Dataset A. In Table 4€l gtrality of the
separated sources is reported in terms of mean SDR, SIR an@&d\Reir perceptual
correspondences OPS, IPS and APS obtained from one spesttinenwvhere rank is
selected afk = 20 for each source. The best performance is obtained @her?
whereNr =512 and\F = 2048 are used for representing the mixture signal in differe
layers of the input tensor. Thus, only the results obtaine& G = 2 layered tensor
whereNg = {512 2048} are used to represent the input mixture are reported. The
results obtained on each layer are reported in the third amdH rows of the table in
terms of SDR, SIR and SAR. The adaptive results obtained by d®aNWTF method
are reported on the fifth row whet$¢ = 3 andH = 3 is selected for the grid width
(frequency components) and height (time frames) to caledltee kurtosis around each
time-frequency component. It is observed that, the efféth® grid size for kurtosis
analysis is not significant. Thus, in order to decrease timepctational complexity,

it is selected a8) = 3)H = 3. It can be seen that, the proposed adaptive MR-NTF
scheme improves the quality of the separated sources byBlLi2 i@rms of SDR and
3-6 dB in terms of SIR for both speaker compared to fixed-tgsmi results. The
artifacts obtained for the adaptive resolution scheme hedixed-resolution scheme
are similar. The quality in terms of perceptual measureseperted in the lower part

of Table 4.1. It is observed that an improvement of 1-22 ar&¥ 4oints in terms
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Figure 4.6 The mean SDR, SIR and SAR values obtained for various number o
bases per each source obtained on Dataset A using a fixedrémesncy
resolution NMF, MR-NMF and MR-NTF.
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Figure 4.7. The mean OPS, IPS and APS values obtained for various nuofber
bases per each source obtained on Dataset A using a fixedrémesncy
resolution NMF, MR-NMF and MR-NTF.

of OPS and IPS are obtained by the proposed approach, reshecthe artifact is

increased in the proposed approach by an amount of 5-43spmirierms of APS.

Moreover, the results obtained in each layer outperforrad\NIF factorization in a

single time-frequency resolution slightly.

In Figure 4.6 and 4.7, the effect of the rank parameter issitigated on the separation

performance. ThuR = {1,10,20,50,100} bases are learned for each source in the
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training and used for separating the sources. The separatolts are averaged over
a set of ten pairs of male/female speakers from the Datas&h@.horizontal axes
in Figure 4.6 and 4.7 display the number of bases per eacltesoun the figures,
the results obtained by fixed time-frequency resolutioosnfieach tensor layer are
also plotted to show the improvement by mixing the fixed tiimegruency resolution
results in an adaptive way. As it is seen from Figure 4.6, ttepgsed method
increases the separation quality by around 2 dB and 3 dB mstef SDR and SIR
while the SAR is decreased. In terms of the perceptual measan improvement
is achieved by the proposed method in terms of OPS and IPS @b and 10,
respectively. Moreover, learning = 20 bases for each source gives the optimum
results in terms of all measures. In order to compare th@paence of the proposed
MR-NTF method with the previous work [19] named as MR-NMF, tlaens tests
are performed with same parameters. In MR-NMF, the multipi@éFNnstances are
run in parallel and the sources obtained from differentltggms are merged as it is
described in Section 4.1.3. If MR-NMF and MR-NTF results arenpared, it can
be seen that both methods outperform the results obtaited d fixed resolution.
MR-NTF outperforms MR-NMF by 1-2 dB in terms of SDR and SIR fonkavalues
of 10 and 20. It can be concluded that, choosing a rank valuaé enough for
extracting the sources successfully which gives the oppdytto separate the sources

with a lower computational complexity.

In Table 4.2, the quality of the separated sources are mghart terms of SDR,
SIR, SAR and their perceptual correspondences OPS, IPS, ARthed from a
music mixture consisting of a drum and an electric guitanaigvhere the rank is
selected adk = 20 per each source. The results are obtained @h=a4 layered
tensor where = {1,2, 3,4} represent the time-frequency resolution for STFT lengths
N = {512 10242048 4096}, respectively. The results obtained on each layer are
reported in the 3-6th rows of the table in terms of SDR, SIR aAR Sollowed by

the adaptive MR-NTF results. In order to see the effect ofgqar@l weighting in the
separation, the separation is also performed by integrdhia perceptual weighting
proposed in [28] into the MR-NTF approach. The results oleidiby perceptually
weighted MR-NTF are represented as PWMR-NTF in Table 4.2. Ibseoved that,

75



Table 4.2 Performance in terms of SDR, SIR, SAR, OPS, IPS and APS values
obtained by the MR-NTF method on a mixture of drums and electri
guitar excerpts from Dataset B, whe@ = 4 is used withNg =
{512 1024 2048 4096;. The measures are reported for the drums (Drms),
the electric guitar (EI.Gtr) and their average (Avg).

I I SDR | SIR | SAR |

Drms | EL.Gtr | Avg || Drms | EI.Gtr | Avg || Drms | EI.Gtr | Avg
145 | 154|149 16.5| 194 | 179\ 18.8| 17.6 | 18.2
144 | 16.5 | 154 16.0| 21.7 | 18.9| 19.4 | 18.0 | 18.7
15.7| 17.2 | 16.4| 179 | 234 | 20.6| 19.7| 184 | 19.1
c=4 156 | 175 |16.6| 17.7| 23.6 | 20.6| 20.0 | 18.7 | 194
MR-NTF 16.5| 16.5|16.5| 20.3| 21.6 | 21.0|| 189 | 18.2 | 185
PWMR-NTF || 16.6 | 16.8 | 16.7| 20.3 | 22.4 | 21.3|| 19.0 | 18.2 | 18.6
OPS IPS APS

455 | 45.7 | 45.6|| 66.3 | 63.7 | 65.0| 45.1 | 48.1 | 46.6
46.3 | 43.6 | 45.0| 62.7 | 58.9 | 60.8| 50.8 | 53.6 | 52.2
419 | 34.4 | 39.2| 55.2| 44.7 | 49.9| 60.6 | 63.6 | 62.1
c=4 239 | 193 | 216 40.8| 33.0 | 36.9| 73.8| 68.8 | 71.3
MR-NTF 442 | 47.1 | 45.6| 69.2| 65.1 | 67.2| 48.6 | 53.9 | 51.3
PWMR-NTF || 43.2 | 44.0 | 43.6| 69.4| 68.1 | 68.8| 47.3 | 46.3 | 46.8

I
NI

C
C
c

I
NIENIE

C
C
C

the proposed adaptive MR-NTF scheme improves the qualityeo§éparated sources
by 1-3 dB in terms of SDR and 1-3 dB in terms of SIR for both searcompared
to the fixed-resolution results. Although the SIR value otd on thec = 4th layer
is slightly higher than the SIR value obtained by the proddg&k-NTF method, the
average SIR value is increased by the proposed method. Tifectr obtained for
the adaptive resolution scheme and the fixed-resolutiosiaréar. The quality of the
separated sources in terms of perceptual measures isgépothe lower part of Table
4.2. The difference between the OPS values obtained inréliffdayers of NTF are
very high, and the OPS value of the proposed MR-NTF approagtryssimilar to the
highest scores obtained for each source in different layldrs IPS value is increased
by 2-33 points and it is significantly higher than the IPS ealobtained on a single
layer. Again, APS is decreased by the proposed method. Hffket of the perceptual
weighting is investigated, it is observed that the PWMR-NTRhuod enhances the
guality of the separated sources slightly compared to MR-Bditeme.

In Figure 4.8 and 4.9, the effect of the rank parameter issitigated for separation of

two instruments from Dataset B. The results are averagedabget of six mixtures
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Figure 4.8 The mean separation results in terms of SDR, SIR and SAR fious
number of bases per each source obtained on Dataset B.
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Figure 4.9 The mean separation results in terms of OPS, IPS and APSafaus
number of bases per each source obtained on Dataset B.

from Dataset B. It is observed that, the quality in terms o&ltatistortion (SDR

and OPS) and interference (SIR and IPS) is increased by thgoped MR-NTF

method. On the other hand, the artifacts obtained by thegsexp method seems

to be around the average of the artifact distortions (APS $#R) obtained by the

fixed time-frequency resolutions. Also, learniRg= 20 bases for each source gives

the optimum results in terms of all measures.
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Table 4.3 Performance in terms of SDR, SIR, SAR, OPS, IPS and APS values
obtained by the MR-NTF method on a mixture of a male speaker and
a piano excerpt from Dataset C, whe@= 3 is used with Ng
{512 1024 2048}. The measures are reported for the male (Male) speaker,
the piano (Piano) and their average (Avg).

H H SDR SIR SAR \
Male | Piano| Avg || Male | Piano| Avg || Male | Piano| Avg
c=1 42 | 121 | 8.2 7.2 | 143 |10.8| 8.0 | 16.3 | 12.2
c=2 76 | 14.2 | 109 12.2 | 16.7 | 145 9.7 | 18.0 | 13.9
c=3 85 | 153|119 13.3| 184 | 159 105 | 18.2 | 14.3
MR-NTF | 8.6 | 14.3 | 115 175 | 16.9 | 17.2|| 9.3 | 179 | 13.6
OPS IPS APS
c=1 450 | 42.7 | 43.8]| 63.0| 60.6 | 61.8| 36.8 | 66.54| 51.7
c=2 519 | 27.1 | 39.5| 69.0| 57.8 | 63.4|| 46.9| 71.4 | 59.2
c=3 54.1| 18.8 | 36.5| 69.7 | 54.8 | 62.2|| 57.6 | 69.1 | 63.36
MR-NTF || 42.3 | 34.4 | 38.3| 73.4 | 51.8 | 62.6| 37.5| 67.4 | 544
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Figure 4.10 The mean SDR, SIR and SAR values obtained for various number o
bases per each source obtained on Dataset C.

On Dataset C, the highest performance is obtained when MR-Blapjlied on a three

layered tensor, where the tensor layers represent the SHghitndes with window

lengthsNg = {512 1024 2048}, respectively. The improvement obtained by adaptive

time-frequency resolution is less significant on Datases@ aan be seen from the

results reported in Table 4.3 for a mixture of a male speakera piano excerpt.

Again, the highest separation performance is obtained Wher20 bases are learned

for each source as it can be seen from Figure 4.10 and Figlite 4.
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Figure 4.11 The mean OPS, IPS and APS values obtained for various nuwhbases
per each source obtained on Dataset C.

Table 4.4 Running time in seconds for a typical run of KL-divergencesdsh

MR-NMF and MR-NTF on a 3 sec mixture.

Methods|| MR-NMF MR-NTF
Rank Train | Test| Train | Test
1 15.30| 1.07 | 15.58| 1.03
10 15.74| 0.98| 15.93| 1.02
20 15.55| 1.02| 16.13| 1.07
50 16.36| 1.24 | 16.90| 1.25
100 17.53| 1.63| 18.06| 1.63

4.2.4 Computational complexity

In this subsection, the computational complexity of thepmsed MR-NTF and

MR-NMF methods is discussed.

In both MR-NTF and MR-NMF, the fusing scheme is common. Thus ftising step

is excluded in the complexity measure.

In order to measure the computational complexity of the wath a 3 sec audio

mixture is separated on a PC equipped with a 2.4 GHz @t€&ore™2 Quad

processor. The separation time is measured by excludingetread/write operations
and the spectrogram calculation/inversion stages. IneTdbl, the running time is
listed in seconds obtained by the MR-NMF and the MR-NTF mettuzdsed on the
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KL divergence and under the same starting conditions. Ibseoved that the running
time for MR-NMF and MR-NTF is similar. Although the running tenrequired for
learning the bases in the training step is high and can benpeet offline prior to the

separation, both MR-NMF and MR-NTF schemes work real-time.

4.3 Conclusion

In this chapter, an adaptive time-frequency resolutioredasipervised method has
been presented for separating known types of sounds fronmgdesobservation.
The single mixture signal has been represented in various-tiequency resolutions
in different layers of the tensor. Then, the proposed MR-Nppraach has been
performed in order to extract the sources. The decompaséigorithm has been
applied on single channel mixtures of two sources where dlecss consist of two
musical signals, two speech signals or a music and a spegwadl.siThe clustering
problem has been resolved by learning the bases of the soanckefixing the bases

during the factorization.

An improvement of 1-4 dB has been observed in terms of SDR dRd&ative to
the fixed time-frequency resolution separation resultsedms of perceptual measures
OPS and IPS, the improvement has been around 5-30. The pobpdgorithm has
been shown to outperform the single channel NMF algorithchsarccessfully separate
the sources if the rank of the factorization is selected@mpately. The NTF algorithm

is unique, thus the proposed method is not sensitive to thaliration.
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5. BAYESIAN INFERENCE FOR NON-NEGATIVE MATRIX FACTOR
DECONVOLUTION MODELS

In most of the audio source separation problems, it is diffitw have complete

information about the sources even the number of sourcagéHeis common to make
an initial assumption about the number of sources beforb/imgpsource separation.
Similarly we simplify the separation problem with extra stmaints depending on
assumed type of the sources whether they are music, speécthorin these cases,
in order to find a solution, an inductive reasoning basedeqmore is required. Recent
work on audio source separation deals with Bayesian metlhads€an be effectively

used to solve these problems that prevent to deduce a urogui@as.

In Bayesian methods, probabilistic generative models ofsthece signals are built
and the source signals are estimated in a minimum mean shaexe (MMSE) or
Maximum a Posteriori (MAP) estimation from the mixture. @eally, the model
consists of the latent variables and prior conditionaktistions between the variables
which describe the mixing matrix, the set of source signafgvang more details about
the relative positions of the sources. After constructirgghodel, the probability of the
particular values of the parameters for describing th@sin accurately are calculated

based on the observations and the prior information.

There are several works in the literature that combines thié& Mased audio source
separation with Bayesian methods. In the early works, ICAvestigated under a
Bayesian approach which also relaxes the hypotheses of ICAa&sisquare mixing
matrix and independent and identically distributed sosifé®]. This approach also
enables to incorporate prior information about the mixingtnm into the separation
scheme. In underdetermined cases, the problem is ill-pbseduse the mixing
matrix is not invertible and the prior information about th@urces is important for
separation. The Bayesian approach allows to incorporatavagable information

about the unknowns into the separation through the priors.
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The statistical approaches offer both a strong theorefremhework and have the
advantage to make the assumptions and manage the corssthaimigh models and
priors. Another advantage of the statistical approachakdspossibility to switch

from the ML estimation to the MAP estimation by using the Bagds [70]. Thus,

choosing adequate prior distributiops§S) and p(A) enable to introduce the desired
properties into the decomposition. Furthermore, thesttedl framework provides a
strong theoretical basis and efficient algorithms with progonvergence, like the EM

algorithm and its variants to estimate the NMF factors [70].

Theoretically, the NMF based algorithms can be interpragiedomputing a ML or a
MAP estimate of the non-negative factorizing matrices uisdene assumptions on the
distribution of the data and the factors. The main limitatad conventional subspace
learning methods is the deficiency of incorporating therpnfmrmation into the model
explicitly while proving convergence. In the NMF based satian scheme introduced
in Chapter 3, no prior information is used about the sourcestlaa separation of the
musical sources is performed based on the shift-invariassemption. Chapter 4
introduces a supervised approach which proposes to learfigfuency bases of the
sources from the available training data prior to the sdjmaraf the mixture. Recently,
informed source separation [32] methods are proposed, iohwthe available prior
information about the sources are incorporated into tharséion scheme through a

source model.

Probabilistic decomposition enables controlling the fofithe learned bases and gains
through the imposition of prior probabilities and incorating constraints through
these priors. In [71, 72], it is proven that the multiplieatiupdate rules o§ and

A obtained for NMF with the KL divergence is equivalent to thd. Mstimation

of the parameter$S,A} under some assumptions. In this framework, the original
nonnegative multiplicative update equations of NMF ap@saan EM algorithm for
ML estimation of a conditionally Poisson model via data aegtation. Starting from
this view, it is possible to do Bayesian model selection thawmatically adjust the
sparseness criteria from the data. Inference in the raguttiodels can be carried out
easily using variational (structured mean field) Bayes (VB)e Tesulting algorithm

opens up the way for a full Bayesian treatment for model selesia computation of
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the marginal likelihoods (the evidence), such as estirgahe dimensions of the basis
matrix. In [70], a Bayesian approach of NMF is introduced viahadlows to enforce
harmonicity in the columns of the basis mat8xand temporal smoothness in the rows

of the encoding matriXA which are the desired properties for the musical sources.

Knowing that the multiplicative update rules of NMF is ecalent to ML estimation
of the model parameters under a Bayesian approach [72],drcHapter, we extend
this framework to NMFD [9] in order to take into account thengoral information in
source separation. It is shown that the proposed BNMFD retamattractive features
of the conventional NMFD such as easy implementation andotooic convergence
while enabling to develop more powerful models by incorpiatathe available prior
information into the decomposition algorithm. Furthereoit can be considered as
an attempt to automatic selection of rank parameter witkaotving the number of

sources.

5.1 The Statistical Perspective

In NMFD, the non-negative observation data matix R¥*! is factorized to be a

convolution of non-negative matricdsandS' which depends on time:
) R T-1
Xyi = X = Z ZOSErAr,i—r (5.9
r=11=
whereRis the number of sources. The matri@s RX*R*T andA € RR*! are referred
to as the basis matrix and the gain matrix, respectivelys d$o possible to include a
“2-D” convolution in thek dimension as well [11]; this is straightforward to include i

our framework but is omitted for simplicity.

Subject to the positivity constraint$S,A) are extracted which minimizes the KL
divergence defined in2(2). Obviously, as NMFD adds new dimensions to the
basic NMF model, the number of free parameters increasesichlly. Hence, for
prediction, interpolation or separation tasks it is impattto incorporate a form of
regularization. The standard approach to regularizasdo make use of sparsity, i.e.
enforcing most of the model parameters to be zero or closertm However, it is not
always clear how to choose the optimal criteria. In this ¢bga@an approach based on

a full Bayesian treatment is investigated, where the spassetriteria can be selected
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automatically from data. Therefore, first a statisticakpexctive is needed for the basic
NMFD model.

In this subsection, NMFD is described from a statisticabpective. This view opens
up the way for developing extensions that facilitate morghssticated inference as
well as more realistic and flexible modeling. The first stefhesderivation of the KL

divergence from a ML principle. The following hierarchicabdel is considered for

the basis and the gain matrices:
S~ p(s|6%) (5.2
A~ p(A|6%), (53
where p(S|6%) and p(A|68”) are the prior distributions ofS and A with
hyperparameter®9> and 6, respectively. Depending on the degree of prior

information aboutS and A, the hyperparameters can be either fixed or they can be

estimated from the observed data

The total magnitude of the observed sigigl in each time-frequency point is the sum

of the magnitudes of individual sources, i.e.
Xi=> > Y- (5.9
T T

It is assumed that the magnitude at each time-frequency eoemY}; produced by

ther—th source is Poisson distributed:
Yiki ~ 2O (YY) (5.9

whereYl, = S Ari_r and ¢ denotes the Poisson distribution [72]. It is shown
in [72] that the KL minimization formulation of the NMF algitihm can be derived
from a probabilistic model where the observations are fugs#tion ofR independent

Poisson distributed latent sources.

The variablesY, = {Y{;} are called as latent sources and they can be analytically

marginalized out to obtain the marginal likelihood

log p(X|S,A) = Iogz PX[Y)p(YIS,A)

:IogD H@ﬁ(&i;zzxii), (5.6)
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which results from the well known superposition propertifofsson random variables.
The maximization of this objective i andA is equivalent to the minimization of the
KL divergence in 2.2). In the derivation of original NMFD in [9], this objectivesi
stated first; theé¥ variables are introduced implicitly later during the optation on

SandA. This algorithm is actually equivalent to EM, ignoring thegps p(S|.) and
P(AL.).
Given the probabilistic interpretation, it is possible tmpose various hierarchical

prior structures to fit the requirements of an applicatiorerd;l a simple choice of a

conjugate prior is described as

Szr ~ g(sir?aﬁi bﬁrs/aﬁ;s)
A ~ G (A;al, 0f /al), (5.7

where, ¥ denotes the density of a gamma random variable. The maiondas
choosing a Gamma distribution is its computational corsece: Gamma distribution
is the conjugate prior to Poisson intensity. Qualitativéig shape parametacontrols
the sparsity of the representation. Remember #gt a,b/a) has the mea and
standard deviatioiv/ /a. Hence, for larges, all coefficients have more or less the
same magnitude and typical representations are full. In contrast, for $mainost of
the coefficients are very close to zero and only very few daes, hence favoring a

sparse representation.

The hierarchical model ir5(7) is potentially more flexible than the basic model given
in (5.4 and 6.5), in that it allows a lot of freedom for more realistic mochgji First

of all, the hyperparameters can be estimated from exampéeseartain class of source
to capture the invariant features. Another possibility isy&aan model selection,
where alternative models can be compared in terms of thegina likelihoods. This
enables to estimate the model order, for example, the optimumber of baseR or

the optimum number of convolution ord&rto represent a source.

5.2 Full Bayesian Inference using Variational Bayes

In source separation with NMFD, the posterior of the baSesd the gain are

needed to be calculated given data and hyperparaméters(65,6). Another
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important quantity is the marginal likelihood (also knowsithe evidence) which can

be written as:
PX|6) = [ dSIA Y PIXIY)RYIS A)P(S.ALO). 59

The marginal likelihood can be used to estimate the hyparpatersf, given

examples of a source class

6" =arg n”éa>§o(X|9), (5.9
or to compare two given models Vigayes factors
X|6%)
(65, o%) = PXIO%) 5.1

This latter quantity is especially useful for comparingfeiént classes of models.
However, the integrations can not be obtained in closed.fémrorder to approximate
inference strategies, VB is described in this thesis.

The VB [73] method is sketched here to bound the marginaikelifhood as

P(X,Y,S,Al6)

Z =logp(X|0) > Z/deAqug

= (logp(X,Y,S,Al0))q+ [d] = Zvsld], (5.1

where,q = q(Y,S,A) is an instrumental distribution and’[q] is its entropy. The
bound is tight for the exact posterior, but as this distigiuis complex, a factorized
form for the instrumental distribution is assumed by igngrsome of the couplings

present in the exact posterior

a(Y,S,A)=q(Y)a(S)q(A)
= (a3 (ST (o) = [ 6o 612

ki ri ace

wherea € ¥ = {{Y},{S},{A}}. Hence, attaining the exact marginal likelihood
24 (0) is not guaranteed. Yet, the bound property is preserved lenéim of VB

is to optimize the bound. Although it is not possible to obttdie besq distribution
respecting the factorization in closed form, a local optimcan be attained by the

following fixed point iteration:

Ao’ Dexp((logp(X. Y, S,Al)) (o). (5.13
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whereg-q = q/qq. This iteration monotonically improves each factor of the
distribution, i.e.Z[q"] < Z[q™Y] for n= 1,2, --- given an initializationg®. The

order of the factors is not important for the convergencetardlocks can be visited
in arbitrary order. On the other hand, generally the atthined point depends upon
the order of the updates as well as the starting ppftt.). The following update order

is chosen in our derivations,

q(Y)(rH_l) 0 exp((log p(x Ya S7A|6)>q ) (n q(A)(n)) (514)
a(S)™Y D exp((logp(X, Y, S,A|6))qynugea)n) (5.19
q(A) ™Y O exp((logp(X, Y, S,A[6)) gy yngs)nn)- (5.19

As it is denoted in%.14), first, the factog(Y )™ at the(n+ 1)th iteration is updated
by fixing the factorsg(S)(™ andq(A)(™ obtained at then)th iteration. In 6.15),
q(S)(™V is updated by fixingy(Y )™ obtained at thén+ 1)th iteration andj(A)™
obtained at th¢n)th iteration. Finally,g(A)(™% is updated by fixingy(Y)" and
q(S)(™1 obtained at th¢n+ 1)th iteration as denoted if5(16).

5.2.1 Variational Update Equations and Sufficient Statistis

The expectations aflogp(X,Y,S,A|60)) are functions of the sufficient statistics apf
The expressions and the derivations are presented in toeving. First, the full joint

distribution is expressed as:
®=p(X,Y,S.A|6) = p(X|Y)p(Y|S,A)p(S6°) p(A|6%). (5.1
Then, the logarithm of the joint distribution can be writ&s

log® = logp(X|Y)+logp(Y|S,A)+logp(S|6%) +logp(A|67)
= Zzlog(s ZZYI’LI
+Zzzz _SKrAﬂi*T‘i" rki IOg(S(rATI T) Iogr( rk|+l))

TS

QZZ Diogsy, - Hesi ~loar (o) - fPlog

r
A

£y z 1) logAi — bgAn—logwaﬁ)—aﬁlog%. (5.19
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The update equation for the latent sourggscan be written as:

A ) O exp(z 3 (¥ (og(S]) -+ l09Aq ) ~logr (v + 1)
Xi — z Zer(i
O (YR X Pt ) (5.19
where
P =exp({logS) + (logAri—r))/ > > exp((logS) + (logAvi—r))  (5.20
r T

(Yrii) =X Prici- (5.2)

The update equation for the latent sour¥elgads to the following:
q(Yrrzzll:Ig,—kl) 0. rT 11|Jk| X prT 11|-£k|) (5.22

where

o eXpll0gS,) + (logA; 1))
ri Sryrexp((logS,) + (logA.i_¢))
< rk|> xkl pl’kl (5-23

The update equation for the basgscan be written as:

1S
TGOl exp( + 3 0~ DlogS — (5 + 5 (A )5, )

(Skr Vkr ’ ) (5-24)

where

S _
Vr —akr z rk|

-1

B = (25;&2 (Ari- r) : (5.25
Then,

expl((logSL)) = exp(W(vEY)) BeS
(Sk) = VB, (5.2

In (5.26), W denotes the digamma function defineddé®) = dlogl (a)/da.
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After assigningn=i — 1, the update equation for the gaifAig, can be written as:

i) D exp( (e + 3 3 Vi)~ DI0GAm— (5245 5 (5)) )

0 (Am; Vrm7Brm)v (5.27)
where
Vim = am + Z Z<Yrrkm+r>
af -
o= g2+ ;<s;r>) . (5.28
Then,

exp({I0gAm)) = exp(W(vim)) Bm
(Arm) = VimBim- (5.29
One of the attractive features of NMFD is easy and efficiemqglé@mentation. In this
section, the update equations of [9] are derived in compattixmotation to illustrate
that these attractive properties are retained for the fujleBen treatment. A subtle
but key point in the efficiency of the algorithm is that exflicstoring and computing
theT x Rx | objectY! is avoided, as only the marginal statistics are needed glurin

optimization.

5.2.2 The Variational Bound

As it is denoted in Section 5.2, the marginal likelihood aatnipe obtained in closed
form. The variational bound is an adequate approximatiaheanarginal likelihood
and can be written as

%ye = (log®)q+1q], (5.30

where the energy term is given by the expectation of the espa in 6.18 as

<|09¢>QZZZ|095(XH_zz<Yer>)
+Zzzz (Ske) (Avi—1) + (Vi) (109(ScAri—1)) — (log (Y +1)))

bTS
+gzz D ogS,) ~ 55, ~togr (a8 fPlog
+ZZ 1)(logAyi) — ﬂ<A,> IogNaﬁ)—aﬁlog% (5.30)
I bﬁ [ | | arAla .
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and.«7[q] denotes the entropy of the variational approximation ithistion g:

o/[q) = —(logq) = Z > Al Y SR + Z ZA@S&?”] +3 Y Al (532
The individual entropies are defined as:
A Y iRyi] = — logl (X +1) — Z Z(er log pry + Z Z('OQF(YJ« +1))

— (logd(X z ZYrTm
—logl (X +1) —|—zz logl (Y + 1)) — (logd (X ZZY&I
_ Z z (Vi) ((logSg;) + (logAri 1) Z z (logS,) + (I0gAci_1)))

( rS 1)LP<Vkr ) ‘HOgBkr + Vkr ‘Hogr(Vkr)

Ay[Sq]
Ag[Al’l] (VI’I 1)4,(‘/;?‘) ‘HogBH +Vri +|Ogr(vriA)-

If the individual entropies which are expressed above arigtenrinto the bound

equation given in%.30), the bound takes the form:
Ao=—5 35 (S A

+ZZZ logSk,) ( - 1+z (Yi) >

+3 Z('OgAri> (an “143 ;wm)

bT
+ZZZ bTS —logr (afy) — aj; logak

S

r

A b
+ZZ—% Iogr(aﬁ)—aﬁloggﬁg

+ZZ< logl (X +1) — ZZ<Yeri>|ngrrki)
+ZZZ (—(vkr — DW(UED) +log BrS+ v +|09r(‘/kr))

+zz< (vi-1w )+IogBriA+vrAi+Iogl'(vﬁ)). (5.33
The required expectations are obtained as:
> > (i) 109 prg = X ( > > Piilog prrki)
T T T T
exp((logS;) + (logAri-1))

= < Z § Zr’ T/ eXfX Iogﬁ(r, |09Ar’ J=T >)
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((logS,) + (logAi 1)
—log( Z Z exp((logS;,) + ('09Ar,ir>)))>

.y ( exp((logSf,)) exp((logAvi )
'\ 44 50 5o exp((logS],) expl l0gA i 1)
((logSt) + (logAr 1)

—log Z Zexp( Iogsfr,>)eXp(<logArir'>)))>

— in ( z z eXFK(logS(r)) eXF(('OgA“ T>) <|ogszr>>
tr 21 [L I—A]kl
(3 3 SO e 001 o)
' ZT [I— LA]kI
(5 3 OSNO00A ) g 5 117
' PRY [L LA]kI v
:xki(zzexrx<logsKr>>exrx<logAr. Dogs;)
ol 2T [L LA]kI
oy 3y SISO oA ) )
v So[LELalk
—in(lec’g(Z[Lg,E;\,]ki))

S olLELalk !

vy ( 3 exp((logS;;)) eXp((|09Ar| 7)) <|ogaﬂr>)
e ZT [L LA]kI
X (z 5 exp(( |095kr>)eXP(<|OgAn 7)) <|OgAr,i—r>>
vl Zr/['—éLA]ki
— X |09(Z['—§'—A]ki)- (5.39

T

If summation is performed over theandi dimensions:

S35 3 il logpl = 3 3 X.x (3 (L& +I0gLE)LR)./( z[Lgf}(D)
+ZIZX *(
_sz *< LI A). xlog (S L LA]) /(Z[Lgff(]))

T/
LA *lOg LA ZL LA] )
T

T/

= ZZX * ( & xlog(L§) LA)—I-(LS( A- *|09(LA)))



(LLLA). %log ZL LA ) Z[Lgf;']))

:ZZX,* ( T LS.*Iog(LS)LA+ LS(LA.*IOQ(EL)))

./(z[Lgf:])—|og(Z[Lgf:])). (5.39

T T

If these expectations are written into the variational lkbexpression:
@VB:—ZZZE@(
+ Z z Z(Iong). * (v§—1)
+ z Z (logLa).* (va—1)
+ Z > z (a§./bg). *ES—logrl (a§) + as. xlog(ag. /bs)
+Z Z (aa./ba). *Ea—logl (aa) +aa. xlog(aa./ba)
+ Z > —logr(X+1)
DS <Z ((LL #10g(LL))L A+ LE(L A #log(La)))
J(FILELA) ~loa(F1LELR))
#3335 0.+008) +ogBL - vi-+loor (3
—{—Zz ( VA 1 *W(VA)+|OQBA—|— vA+IogF(vA)> (53@
After replacing the¥(v§) and¥(va) with log(L §) and logL a):
%’VB:—ZZZEQE,:
—I—Zzz logL§). x (v —1)
+ z z (logLa).* (va—1)

- Z > Z (AS./BS). *ES—logl (A) + AS. xlog(AS./BS)

+Zz (Ap./Ba). *Ea—logl (Ap) +Aa. 10g(Aa./Ba)
+ZZ logl (X + 1)
_ Z Y X (Z ((Lg.*|og(Lg))f/§+ Lg(f/:. *Iog(ffx)))
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J(SILELA) g (S LEL) )

-[-/

Z ( —1).x (log(L§) —log(BS)) +logBS + V§+|09F(V§>)
T2

z( (V1) (109(L) ~ 10g(B)) +109 -+ Va-+ 09T (us) ).
(5.37

After removing the terms which cancel each other, the vianat bound is obtained

as:

An=3 3 ((Z—Egﬁf\) —IogF(X+1)>
" Z 2 Z —(AL./BY). *EL—log (AL) + AL log(AL./BY)

+ZZ (Aa./Ba).*Ea—logl (Aa) +Aa. x10g(Aa./Bp)
_ Z Y X (z ((LE #log(LE))La+LE(LA. xlog(La))

J(SILELA]) ~log(FLELA) )

T T

+ Z > Y vs.x (logBs +1) +logr (vs)

+5 > Va.x (logBa+1) +logr (va). (5.39

5.2.3 Hyperparameter Estimation

The hierarchical model given by (7) allows to estimate the hyperparametérs-
(6°,08%) from the examples of a certain class of source to capturatagiant features.
Thus, 8 = (6°,6%) can be estimated by maximizing the bound given5r8¢) with
respect ta}>

0%
0-al\{sB:<logS£r> bTS(S'“> W(alr) - logbiy +logaiy + 1 =0

Ckr Iogakf— (akr)+1— 0

f, = f‘g ({logS,) — loghiS).

and with respect tof>

dbl'l('s - (b'[S) <S(I’> a'l.ir bTS = O
r
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bie = (S)-
Tying parameters acroksasal> = al> andb!> = bl> yields

0%ve

F:Z ZbTS SR Zlogb S+logal>+K =0
C = IOga-kr - (akr)“‘lzo
Ckr fg (<|Og$r> - |09b|irs)-
kr
Finally,
d%VB s 1 _
a0 <be> 2 (S s =0
= (S)-

5.2.4 Efficient Implementation

In this section, the update equations of Section 5.2.1 arigedkein compact matrix
notation in order to illustrate that the attractive proesrof NMFD are satisfied with
a full Bayesian approach. An important point which proves éffeciency of the
proposed algorithm is that the storing and computing ofdkenit sources: S > which
are of lengtiRx K x | are avoided since only the marginal statistics are requiveahg

optimization.

Considering %.23), the expected value of the latent sources can be written as

Z i) Zxklprkl_exp(“OgS(r *Z Xii/ (N )exp(<|09Ar| 7)) (5.39

-l
Zé:Lg.*((X./L/\)LA ) (5.40

Z Z(Yr?k,i+r> = Z Zxk,iJrr prr7k7i+r
— exp((logAyi)) * Z Z (Xkym//\k,i“) exp((logSy))  (5.49)

Za=Llaxy (LQ(?T./E()), (5.42
where
La=YLEA=T 5 exp({logSiy)) expl(logA, 1) (5.43
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In (5.40 and 6.42), the expression is represented in compact notation wihnre t

following matrices are defined as:

EL= (), Ea={{Ain)},

L= {exp<<logsz>>}, La = {expl{logAr_1))},

3§= {Z ki) A= {Z Z<Yr,rk,i+r>}

a§= {akrs} aa = {afi},

bL= {biS}, ba = {bfi},

V§ = {Vs } va={Vi},

B = {85} Ba={B}} (5.49

For notational conveniences and./ refer to as elementwise matrix multiplication
and division, respectively. After straightforward suhgtons, the variational NMFD

algorithm is obtained as it can be compactly expressed inmitlgn 7.

5.3 Simulation Results and Discussion

The performance of the proposed method is illustrated in daingelection context.
For this purpose, synthetic data is generated from thercigal model with the basis
matrix S € R>*32%2 (R=5 K = 32, T = 2) and the gain matriA € R>?0(R=5,| =
20). Two inference tasks are performed. First one is to firddbrrect number of
source®R, givenX andT; second is to find the convolution parameTegivenX andR.
The hyperparameters of the true model are set 8t a5= 10,bf>=b°= 1,4 =
a* = 1,bf = b" = 100. In the experiment, the hyperparameters are jointiynased
from data, using hyperparameter adaptation. The margkellHood for models is
evaluated with the number of bades=1---10, convolution ordef = 0---10 and a
variational lower bound4, g via variational Bayes. The variational algorithm is run
until convergence of the bound or for MAXITER = 20000 stepsicliever occurs
first. In Figure 5.1 a (b), the lower bound is shown as the @y five independent
runs as a function of model ordBr(T), where for eaclr (T), the bound is optimized
independently by jointly optimizing hyperparametafsbS,a® b” in (5.7) using the

hyperparameter update equations. It is observed that,otineat model order can be
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Algorithm 7 Variational Nonnegative Matrix Factor Deconvolution
1: Initialize :

LS(O) — ES(O) ~ g(';aSn bS‘/aS)

LA(O) - EA(O) Ng(;aA,bA/aA)

(0)
LY = 3 LLOL,
T

2:forn=1..- MAXITER do

3: Source sufficient statistics
T
SI0 LD, ((X'/Lg\n_l))fg(n 1) )
(n—1)
Vo= Laxy (LQ””T&T./T_T,\ ))
T
4: Means
n n (n) n n n -1 T
Eg( ) L= VST( ) *BST ) Vé( ) :ag+zg( )7 Bé-( ) :1/(a§/bg+l E A )7
EV = va®™ .« Ba™, VAW =apn+ 32", Ba™ =1./(aa./ba+( > EE"Y) )
T

5: Compute Bound
6: Means of Logs

(n)
LE" — exp(W(ui™)).«BEM LM = exp(LIJ(vg'))) g LW = > Lg(“)f:\
T

7: end for

inferred even when the hyperparameters are unknown akpfibis is also useful for

estimation of model order from real data.

As real data, an audio signal which is obtained by summinggénd trumpet signals

is used. The signals are sampled at 11 kHz. All hyperparamate jointly estimated.

In Figure 5.2, results of model order determination for dsth are shown with joint
hyperparameter adaptation. Here, the variational algorits run for each model
orderT =0---10 R=1---10) independently and the lower bound is evaluated after
optimizing the hyperparameters. Fir&,= 2 is fixed and the algorithm is run for

T =0---10. The log evidence is plotted in Figure 5.2 (b). The modeleoris
determined ag = 0, at which the maximum lower bound is obtained. Then the

convolution order is fixed a§ = 0 and the algorithm is run foR = 1---10. In
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Figure 5.1 Model selection by variational bound with adapted hypeapeeters for
synthetic data. (a) Selection of the true number of sourcesnwhe
convolution order is known. (b) Selection of the true comtioin order
when the number of sources is is known.

-4900
1

this case, the model order is determinedRas 6 and the log evidence is plotted in
Figure 5.2(a). The lower bound for the number of sources\e=has is expected from

marginal likelihood, reflecting the tradeoff between toayand too few bases.

In order to see the overall performance of the proposed BNMIEihod and compare
with the conventional NMFD model [9], the separation qyaktmeasured in terms of
SDR, SIR, SAR [24], OPS, IPS and APS [25]. Figure 5.3 illussdle mean SDR,
SIR and SAR values obtained by the NMFD and the BNMFD methodslifterent
convolution orders over five runs. As it is seen from the figthre results obtained by
BNMFD fluctuate more for different convolution orders. If tbenvolution order is set
appropriately, BNMFD outperforms NMFD. Similarly, FiguredSllustrates the mean
OPS, IPS and APS values obtained by the NMFD and the BNMFD rdstfar the
separated signals. It can be seen from the figure, that teemerl scores obtained by
the BNMFD method fluctuate more for different convolutionensl If the convolution
order is set appropriately, BNMFD achieves a similar perfmoe in terms of SIR and
outperforms NMFD in terms of the rest of the measures. Theowgment obtained by
the BNMFD is more significant in terms of the artifacts distmtmeasured by SAR
and APS.
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Figure 5.2 Model selection by variational bound with adapted hypeapeeters for
real data. (a) Selection of the true number of sources wheodhvolution
order is fixed. (b) Selection of the true convolution ordeewlthe number
of sources is fixed.
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Figure 5.3 The mean SDR, SIR and SAR values obtained by the NMFD and BNMFD
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methods for different values of convolution order

5.4 Conclusion

In this chapter, NMFD has been investigated from a statisfierspective. It has

been shown that the KL minimization formulation of the ongii algorithm can be

derived from a probabilistic model where the observatiores superposition of)

independent Poisson distributed latent sources. Herdyabis and the gain matrices

have turned out to be latent intensity parameters. The etwoticterization of the
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Figure 5.4 The mean OPS, IPS and APS values obtained by the NMFD and BNMFD
methods for different values of convolution order
approximating distributiorg(Y) or full conditionals p(Y|X,S,A) as a product of
multinomial distributions has leaded to a rich approximtiistribution. It is known
that, NMFD with the KL objective can be obtained with a full Bsyan inference.
For several other distance metrics, full Bayesian inferaaaeot as practical since
p(Y|X,S,A) is not standard. It is shown in [72] that the standard NMF algm
with multiplicative update rules is in fact an EM algorithmtlvdata augmentation.
By extending this approach, a hierarchical model has beesla®d with conjugate
Gamma priors. A variational Bayes algorithm has been deeelap this hierarchical
model and also methods have been developed for estimatngpainginal likelihood
for model selection. The simulations suggest that the tranal bound seems to be
a reasonable approximation to the marginal likelihood aadguide model selection
for NMFD. It has also found that both the fixed point equatiassvell as the bound
in the variational approach can be compactly and efficiantglemented using matrix

operations.

From a modeling perspective, the proposed hierarchical empdovides some
attractive properties. It is easy to incorporate prior kisalge about individual latent
sources via hyperparameters and one can easily captusbigyiin the bases and

gains that is potentially useful for developing robust teghes.
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The main contribution proposed in this chapter is the deraknt of a principled
and practical way to estimate both the optimal sparsityedgatand model order, in
terms of marginal likelihood. By maximizing the bound on magg likelihood, all
the hyperparameters can be estimated from the data, angpihepaiate sparseness
criteria can be found automatically. It is believed thatpheposed method retains the

attractive features of NMFD algorithm and enables to dgveiore powerful models.
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6. CONCLUSIONS AND DISCUSSIONS

In this thesis, new models and algorithms have been dewfopsingle channel audio
source separation. Single-channel source separationuader-determined problem,
since the number of unknown sources to be estimated is marettte number of
observed mixture signals. This causes the problem to lp@ded since the available
information is not enough to reconstruct the sources exaklibwever, incorporating
some assumptions or available prior information into theasa&tion schemes makes
the underdetermined problem feasible. In the context oftibsis, the focus has been
made on separating sources from a single observed mixtiner diy making use of
convex optimization under sparseness constraints orpocating the available prior

information to the separation model.

In the context of the thesis, we have mainly investigated fdifferent aspects
of single channel audio source separation. First, we hategrated the human
perception model into the separation scheme which enhaheegerceived quality
of the separated sources. The proposed perceptually esthawurce separation
scheme has been presented in Chapter 3. Secondly, we hagedoon performing
the separation based on an adaptive time-frequency repatie® which fuses the
information from various time-frequency resolutions iatint optimization scheme
based on NTF. The developed model referred to as MR-NTF igibescin Chapter
4. Third, we have investigated the NMFD scheme from a stedisperspective
which enables to incorporate the prior information into feparation scheme. The
Bayesian NMFD approach has been formulated in Chapter 5. How# have
focused on the permutation problem encountered in theeringtof factorized bases
into individual sources. In order to alleviate the permiotafproblem, two different
solutions have been respectively designed by using an engapd approach based on
shift-invariance assumption as formulated in Chapter 3 attdassupervised approach

by learning the sources in advance as described in Chapter 4.
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The proposed perceptual non-negative matrix factorinachemes, PW-NMF2D and
PW-CNMF, employ the convolutive NMF formulation to represtre shift-invariance
property of the notes which can be effectively used for sspay the musical
instruments in a blind manner. These methods also integratean perception into
the separation scheme, thus enhances the perceived faity separated sources.
This has been achieved by enclosing the perceptually wesgbost terms into the
optimization function of the factorization based on the Kiddhe IS divergences. The
proposed weighted cost function has adaptively incredsedé¢ased the contribution
of each element-wise divergence to the optimization schgnsssigning a weighting
score per each time-frequency component that takes intouatahe perceptual
properties of human ear. This weighting score has enharwddntribution of
the perceptually important components while decreasirgg dbntribution of the
perceptually unimportant ones. The idea behind using theatotive scheme is that
it enables to extract the source bases under the assummiballtthe notes played by
an instrument can be represented by shifting the frequagogtsire of a specific note
played by the same instrument. An instrument has a fixed teshpattern (echo);
and different notes played by the same instrument has the sam-log-frequency
signature but varying in fundamental frequency (shift) vehthe frequency is defined
in log-scale. In order to increase the separation quali&have worked with high rank
values. To eliminate the permutation problem, both PW-NBIE2d PW-CNMF use
an unsupervised approach. PW-NMF2D extracts a single faseach source which
is then shifted in frequency to capture the other notes pldyethe same instrument
under the assumption that all notes for an instrument carfpesented by shifting
the pitch of the time-frequency signature of a single notéogifrequency domain.
The second method PW-CNMF resolves the clustering probleam iadditional step
where the bases obtained by a high-rank factorization arstesied into the same
source if they share the same timbre at a different pitch. éMaduation results have
been reported on a large dataset using the conventional SIBR,S3R measures
and the perceptual OPS, IPS, APS measures. Higher perfoenteas been obtained
when the cost function is in the KL-divergence form. The PWHRRD and the
PW-CNMF methods have outperformed the existing CNMF, SNMF &iF2D

methods by an amount of 0.5-2 dB in terms of conventional oneassand 1-6 points
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in terms of perceptual measures. It has been shown that,rtpesed perceptually
enhanced PW-NMF2D and PW-CNMF methods constitute altesndtiind single
channel musical source separation methods which can bdrusadous applications

where the perceptual quality is important.

The MR-NTF formulation has been introduced as an adaptivéiresblution method
based on tensor factorization for supervised separaticspeéch or music sources
from a single observation. Knowing that the transients dmal dtationary audio
signals should be analyzed at different time-frequencylugi®ns to minimize the
smearing, the MR-NTF represent the observed single charirelm@signal in various
time-frequency resolutions at different layers of a tensdhis enables us to fuse
the information from various time-frequency resolutiohsotgh a joint optimization
scheme. The gains and the amplitude envelopes have beetedptaatively by
applying the multiplicative rules. The source bases hawenbearned from the
training data in advance hence the clustering problem has besolved by fixing
the learned bases during the factorization. The performanaluations have shown
an improvement of 1-4 dB in terms of SDR and SIR and 5-30 pdimterms of
their perceptual correspondence OPS and IPS compared fxedetime-frequency
resolution NMF results. The perceptual weighting schengediso been integrated
into the MR-NTF approach in order to enhance the perceptwditguf the separated

sources.

From a statistical perspective to audio source separatierBNMFD model has been
introduced to develop a practical probabilistic approamhdstimating the optimal
sparsity criteria and the model order in terms of marginelihood. Hence, the
multiplicative updates for the basis and the gain matriceeuthe KL divergence have
been obtained from a probabilistic view, where the obs@mathave been assumed
to be superposition af independent Poisson distributed latent sources. A hileicat
model has been designed with conjugate Gamma priors. Atiaréd Bayes algorithm
has been developed for this hierarchical model to estinteentarginal likelihood
for model selection. It has been also shown that, the fixedtpeguations and
variational bound can be implemented efficiently using meatperations. All the

hyperparameters can be estimated from the observed dath@sgarseness criteria
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can be obtained automatically by maximizing the bound orgmat likelihood. It has
been shown that, the proposed BNMFD method retains the steatigres of NMFD
such as easy and efficient implementation and opens the vagy&bop more powerful

models by incorporating prior information into the sepagscheme.

The methods proposed within the thesis can be extended émadelirections. In the
proposed PW-CNMF method, the extracted bases of each sawctuatered using
shift-invariance property of the notes. In order to geneeathe proposed scheme to

any type of audio including speech, a general unsupervigaaach can be developed.

In order to extend the proposed models, PW-NMF2D and PW-CN¥Epver more
sources, the rank of the factorization and the convolutamameters should be adjusted
accordingly. Obviously, increasing the number of sourcesreases the separation
performance specifically for highly correlated sources.weheer, including a prior
information about the sources should be helpful to imprdwe geparation quality.
Thus, a Bayesian approach to PW-NMF2D and PW-CNMF models caevedoped
by incorporating the available prior information into theparation scheme to cover

the single channel mixtures of more sources.

The main difficulty in the developed models is that they regunultiple forward
and backward transformations from the time to the frequedwyain. To alleviate
this problem, the observed mixture spectrograms can beaegl by scalograms
obtained based on wavelet based transformations. Furtineyrthe wavelet based
transformation can also be used in the representation oftktere signals in critically
spaced frequency bands. It can be shown that an optimal @tdased filterbank under
an auditory perception criterion improves the perceptuality since it prevents the

distortions arising from scale conversions.

Another future work topic can be the extension of the MR-NTFthod into
convolutive methods. The proposed approaches PW-NMF2D;CRWF and
MR-NTF can also be investigated under a Bayesian frameworkbmFa modeling
perspective, the proposed hierarchical model providesesattractive properties.

It is easy to incorporate prior knowledge about individuateht sources via
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hyperparameters and the variability in the bases and thms gain be easily captured

that is potentially useful for developing robust technigjue
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APPENDIX A.1:
Obtaining Update Equations for PW-NMF2D under KL Divergence

Suppose that the gradient of the objective function has ardposition of the form

:—:;,_, —[cY]; - %) (A1)
;SCL —[Cf: — [T (A.2)

where [C?]} > 0,[C¥]; > 0,[C"]{ > 0 and[C"],, > O [74]. Then, multiplicative
updates fo\” ands{, has the form:

[C¥
Ar Ar¢ [C(p] T (A3)

Sk Sk H+ (A4)

If the objective function in 3.4) is chosen as KL divergence, differentiating the
objective function with respect to a given elemenaifi gives:

0CkL 0 ( Xkl )
- i I _— |+/\|
IAL AT g > Wi | Xci 0g = — R +/\k

d/\ki

g ~9

The derivative of a given elemen; with respect to a given elemeA# in (A.5) can
be derived as:

o - af\rq, ( zzgs;@dAé",n)
~ AP (ZS‘ orfy )
_ {Sk_(p’” ifr:i.—n (A.6)

0, otherwise.

If (A.6) is substituted intoA.5) and the index is shanged to,

0C Xeitt
dAKT(pL [C(P]” C(P ” Z ZV\A( i+7 ( /\k :—T ) S(_(p re (A?)

Similarly, derivating the KL divergence with respect to aegi element ir§' gives:

oCkL _ & _
dSrTnJ = 55%; Z Iz\M(l (Xkl |Og Xkl ‘|‘/\kl)
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sz.( ) 05 (A9)

The derivative of a given elemeny; with respect to a given elemest in (A.8) can
be derived as:

I 9 .
S~ o (T35 e
d T
- 055” (%S(—QDJAI%T)
_ Y ifo=k-m
N { 0, otherwise. (A-9)

If (A.9) is substituted intoA.8) and the indexnis changed td,

dCKL
0

The multiplicative updates become:

= [C") = [CT) = Z zvvw. (1— Kol )Afji_r. (A.10)

Nkt g

ZerVWIH/\kI,i% or
kYt S Wi+t
So3iWeipinc A

SoSiAN- Wkigi

Al A (A.12)

S S (A.12)
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APPENDIX A.2:
Obtaining Update Equations for PW-NMF2D under IS Divergence

Differentiating the objective function in3(4) with respect to a given element &?
whereD is the IS divergence gives:

dCIS ( Xkl )
= —log— -1
oAY, aA?’ ZZW"' M 9N
A%

- Zz N < Akl) FAF% (A-19

If (A.6) is substituted intoA.13) and the index is changed to,

9GCis Wit ( Xk, H—r)
C?t —[C? 1-— _ A.14
aAﬁo [ ” ” ZZ /\kI-H' /\kl—i—r S< or ( )
Similarly, derivating the IS divergence with respect toegi element ir§' gives:
aCIS < Xkl )
= —log— -1
(3S£M aSnr Z Z\Mq A /\k|

a/\kl

_ Z > A < /\k|) 75 (A.15)

If (A.9) is substituted intoA.15) and the indexnis changed td,

0Cis
08

The multiplicative updates become:

— [CT} — [CT = Z ZV\MW (1_ M) b (A.16)

Avey Avay

k2o Wk |+r—2i$< or

Al A? (A.17)
2k21 S(—w,rY\Wk—:i:
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