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relates to the separation of multiple unknown audio
sources downm xed to a single nDnophonic audi o signal .
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reverberation and occlusions in real-life signals. Known techniques include
equalization and direct parameter extraction.

An equalizer can be applied to the signal to extract sources that occupy known
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The neur s RedMB%Elished by breaking the monophonic audio signal into baseline

25  frames (possibly overlapping), windowing the frames, extracting a number of descriptive

features in each frame, and employing a pre-trained nonlinear neural network as a
classifier. Each neural network output manifests the presence of a pre-determined type of
audio source in each baseline frame of the monophonic audio signal. The neural network
typically has as many outputs as there are types of audio sources the system is trained to
30  discriminate. The neural network classifier is well suited to address widely changing
parameters of the signal and sources, time and frequency domain overlapping of the

sources, and reverberation and occlusions in real-life signals. The classifier outputs can
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resolutions and then scaled to the baseline frame size. The combination of sub-band filter
and multi-resolution may further enhance the capability of the classifier.

In a fourth embodiment, the values at the Neural Net output nodes are low-pass
30 filtered to reduce the noise, hence frame-to-frame variation, of the classification. Without

low-pass filtering, the system operates on a short pieces of the signal (baseline frames)
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25
DETAILED DESCRIPTION OF THE INVENTION
The present invention provides the ability to separate and categorize multiple
arbitrary and previously unknown audio sources down-mixed to a single monophonic
audio signal.
30 As shown in Fig. 1, a plurality of audio sources 10, e.g. voice, string, and

percussion, have been down-mixed (step 12) to a single monophonic audio channel 14.
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25 OWgBAf&ent. Each sub-band is then framed and features extracted. The same or different

combinations of features may be extracted from the different sub-bands. Some sub-bands
may have no features extracted. Each sub-band feature may form a separate input to the
classifier or like features may be “fused” across the sub-bands (step 26). The classifier
may include a single output node for each pre-determined audio source, in which case
30  extracting features from multiple sub-bands improves the robustness of classifying each

particular audio source. Alternately, the classifier may include an output node for each
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percussion 48. By extracting features in sub-bands where the source overlap is low, the
classifier may do a better job at classifying the predominant source in the frame. In

30 addition, by extracting features in different sub-bands, the classifier may be able to

classify the predominant source in each of the sub-bands. In those sub-bands where
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multiple resolutions, and in a single or multiple spectral bands, effectively differentiate

between different audio sources. Examples of the features that are useful in separation of
sources from a monophonic audio signal include: total number of tonal components in a
frame; Tone-to-Noise Ratio (TNR); and Cepstrum peak amplitude. In addition to these

25  features, any one or combination of the 17 low-level descriptors for audio described in the
MPEG-7 specification may be suitable features in different applications.

We will now describe the tonal components, TNR and Cepstrum peak features in
detail. In addition, the tonal components and TNR features are extracted at multiple time-
frequency resolutions and scaled to the baseline frame. The steps for calculating the “low-

30 level descriptors” are available in the supporting documentation for MPEG-7 audio. (See

for example, International Standard ISO/IEC 15938 “Multimedia Content Description



Feature extraction is the process of conputing a

conpact nunerical representation that can be used to
wohen7aa133ri ze a baseline frame of audio. The | Be@US2006038742

identify a nunber of features, which alone or in

conbi nati on vvith ot her features at a single or

res |ons ingle oy, multi
o pe dithtgoch 5 B pestier g ony tof ped Sl e iRy e
di fferent audi o sources. Exanples of the features that

are useful in separation of sources froma nonophonic
audilonal Geraponent ude: total nunber of tonal conponents

ina frapep onl%ﬁoﬂem e%?enﬁéﬂ}} Prohd s re@d?ﬁel?@@&&r ad Bdmpared to

peak anplitude. I'n addition t'o these featureées, any one
6r cherayerage sigwpl.ofhetfepturg that iswxtrasied|is the sembetod tapak epmponents at a

d
o el SRRy ety T RS R @b B offippr of tona
nowcdmgmehtselt hhmgted::md frm:&wngaédhtmon'ﬂmtl ?ﬁfﬁéplmb fisuithustrated in
S i n addition e tona
n‘%?ﬁ%en c@ﬁf:}u%ﬁ%’ tag?vﬁllpggte%sre extracted at multiple

tl mef r eque e M8 alodbphent g sigralwé 16). t he baseline
frane. The steps for calculating the " owl evel

18escri pt &r SWindpw thedafa falbing in the fipme &tRRISHIt i ng

docunent at i IS 7 h WhOL & A
| nt er nat |§o JSt a%lgf%gfal SS% 9 g@ﬁ% g ?/Ullgt w ), such as
Cont ent DeS6PLift éton(The @ngﬂi@éfhe transform should equal the number of audio

http//wwwchl S rds/
_7.htm) Ton lppl%,son”pgﬁ grn .Fﬁ'éﬁ g'gm%sl%% %largmg%agsform ength will

essenti al | yO\ﬂerttmﬁﬂ'esIohabn Ivﬁthbeﬂ eahamahmtﬁhlﬁ@qlgm@a‘esolutlon. Having
onpared to t ave gnal . re th i S
1gxt racted Isgla[i‘f‘fe {?ﬁgqe It H‘ﬁﬂeﬂ @h’ﬁg rfeHP8° é‘fll?almﬁqrvféqguency

ti me-frequegeyitiogsol uti on. The procedure for
estimating the nunber of tonal conponents at a single

ti me- f r efudrrapuieanagnifedes thespestral lineg(sten 6R) Faa HE, the magnitude
illustrate = c fgl.l

steps: 1. l%r asﬁgﬁifg ﬁlgln é‘gﬂ gvr%lle% #ﬁ Saglﬁ I‘é’?gﬁaﬁ 12&% %gci 6[5n .agmary
2. W ndow tchmpoiznts of alspectrgl lina ptduecefdrberiiee btzms‘i@pn 18). 3.

2807 such dev e oRrass el or st Fea PRge 5P

t r ansf or 81 vau rdmﬁﬂt@coﬁqb@emg gifeicietfy aBorebitie HBBAb&S.gl More than
the frame, i.e. the frame size. Enlarging transform

length wil |a Pisvisfingd fiwed dghgld; ahpvehe oise floor (step 66). These

enhancenen tc%mbB‘neﬁl{s%%Hﬁ&eré@%%%h&@nen’t‘?ﬁﬁ@tﬂe %{ i Bfitput to the
transformlength then a | ength of frame wll | ower

frequency NN classifier (step 68).

25 Real life audio signals can contain both stationary fragments with tonal
components in them (like string instruments) and non-stationary fragments that also has
tonal components in them (like voiced speech fragments). To efficiently capture tonal
components in all situations the signal has to be analyzed at various time-frequency
resolution levels. Practically useful results can be extracted in frames ranging

30  approximately from Smsec to 200msec. Note, that these frames are preferably

interleaving, and many frames of a given length can fall under a single baseline frame.



resolution. 4. Conpute magni tude of the spectral |ines
(step 62). For a FFT, the magnitude

wé2BgroufRe* Re+l mrlm) where Re and I mare the Reai/uanme6/038742
| magi nary conponents of a spectral |ine produced by
the transform 5. Estimate noise-fl oor IeveI for all

component® SHFFECHE D0 ot S OBPLBtY Fogplple tsgsguency
t hamesalufloms; hefabsieprédedird istrisdtdtilsdolaye the noi se

fI oor (step. 66). These conponents are consi dered
't onal cé-rr&?ﬁ@megt Fram@iSiene e Bimiactrsoig figaating @y erlapingh(step 70)-

classifier ReptRBefSls, 18%' 63,161 Gn@B6lER 1R &Wﬁn@ﬁi& A frequency
contai n both statlonar{@ ra jments with tonal

€onponent s tiapsferyewitl the gtbtﬁﬂlilﬁh‘g) thaengthy pfranee)shawld be performed to

non-statio E chas tonal
c:orrponentsr&?{}}{}{?E W@&Zre@%%%ye dEgeech fragnents). To

ef ficiensl )Scaiaﬂieuomtbﬁhatona:l@nmpmnts;toﬂha basklinedframeaize andoutput
t he si gnal at v ri ous

et oquénil TR SORGRRoIREP dur s “Bivsb s wanajivg aumber of tonal
resul ts caroRporR¥isaedch dinielfrdqli@f¥ SesbRiBh RAndividually passed to the
approxi mately from 5nsec to 200nsec. Note, that these

Pranmes ar e prefier b %‘“Plﬁ'tlghpieé’&vﬁaﬁ@“ thgampereionsl seraeonsits at all
a given | enghfa rgs@ﬁltlf)l"ig \Jvodf&]g@éxtﬁctéél M LnhARGbdelfer to form a single

frame. To estimate the nunber of tonal conponents at
mul tiple tivakef requency resol utions, the above

proced u rg '1%9&? 91%1‘5 1 ﬂ? nﬁﬁl}@st ges(lr%%amesme%cs: b& rrrleanélp'%eél) 38Ep 74).

Si ze, nori ng over
(step 70',1"0 ilRistriRe plesadx trat temso ylti-1@olu6iOn tdnadl cdidpoads Edhsider the

15 o UKD T Sing SRS 1 A SRBIfe o Fdonal componens ar

per tarderd at (DOZ)IbQ@4marﬂmﬂﬂhnﬁérﬂﬁbﬁﬁﬁﬁ(ﬁ@ﬂ%yeﬂabﬁﬁg @rf simplicity).
3. Scale the count of the tonal conponents to

basdbpird resulsaisht bs and output to the NN classifier
(Step 72\ 4 2 nsiin? YRbAblcHE nuMDEr of tonal

conponents at "each tine-freqlency resolution is
i ndi vi duét PQ48spointctansiorms ol a i tfansformy m anes basplirgr frame): 15

2'bnpl dﬁ%@t@'?o{%m og&tnun‘oer of tonal conponents at all
of 3

e resolu ns vvoul d be extracted and summed
t oget her At H02ftgoint Baisfaamk @otdbdfderansforms in one baseline frame): 3, 10, 17,

4
The numbers that will be passed to the NN inputs'will be 5, 22(=15+7), 34(=3+10+17+4)
at each pass. Or alternately the values could be summed 61=5+22+34 and input as a

25  single value.
The algorithm for computing multi time-frequency resolutions by incrementing is

analogous.

Tone-to-Noise Ratio (TNR)
30 Tone-to-noise ratio is a measure of the ratio of the total energy in the tonal

components to the noise floor also can be a very relevant feature for discrimination of



4. Repeat until the smallest desired franesize has

been anal yzed (step 74). To illustrate the extraction
wof0ema377r esol uti on tonal conponents consi der PCAIS2006/038742

foll owi ng exanpl e. The baseline franesize is 4096

sanpl es. The tonal conponents are extracted at 1024,

204 DY /B9 he Qr%{gm RAR IBYR T 3RRINBstfuffents h

rf|’6c:$|t %E &Il p?‘gzhz results \;& %e At 409% pollfun erts have
t r adlﬂbmntrHNB lwohp”ﬂwanoczcss%f thM@-r}memth is ainfaptonthe estimation of
ConfiarteneLond AR R 3G I AR thehmber o ona

( t o¢omipo@éntd(step aa)s fharpms:edme emﬁpu,basleé ﬂaﬁ@ofthadflm)ulatﬁf,e eﬁé}gy in the
17, 4 The nun‘oerls1 t hat g %ssed to the

Jai | tongjgomponsyis fortheionse ﬂogaiswsl vid putayts e rlipdhe WSS i (tep
al tgynately the values could be summred 61=5+22+34 and
input as a single value. The algorithmfor conputing

mul ti tilYeasprineg[RIR @ veréoys timeifenqgensy r¢sabitiapfeis alsp gnuaévantage to

an r891*aé‘§ mo;]é%ﬁus{ Eerfgfrh?lﬁe %'r@al 104@%1@0% i e@ﬁé fs%ecremented

'S a neasure rati o & tot al energ
t h e(step 116) and drepocvediirs rdpeatedr@r amster Hf el fahecizesa ﬂ"hbmswlts from

very rel nt featu for discrimnati.on ofvariays .

1§ S e wle o erde b oV 4 PSS 1 e basetine
St rrae { sfb?WlS}J NRIW/Bh the \tehatlbdrhdhens, tHdvetagdPlatio cém% output to the
process o tone-to-noise ratio is sinmlar to

st FlaiTieh At Ph AEE hescan APMBSHIRASHEY Hake rAls%dhe different
aboxEouhidhe tf(ﬁ%gthqgna@ Q&H}%dn@ﬂts LRETRR ARSIty EMted in parallel.

conmponents (step 6 he procedure conputes the ratio
of t he cImulusttatQ/éieeqxém@wnu of mid-resohvgdion éla‘ﬁbomwgr the following

14 he Tﬁé 12941int BhEBsiZ8d 4R AaRMEL YRS TNRE ark B ekReehi BE1 oM 2048
? ? [5 E at” var | ous

C|aSSI |er asuring
t I naEndf4006) trmﬁmnrle@dﬂsl(hmmm\&rlbgaimg foo siauplieithy aPptping Eresudts might be:

provi de e robus e wwth real-life

si gnal s. gfq%ggﬂpplgmgﬁs%gg,@lgg%ﬁem ed (step 70) and

t he procgdisg poiaPeaiRené @btaPoMuEaE6me in sh@bdselfnede): ratios of
sizes. The results fromthe snaller franes are scal ed

by %&ﬂ@ #bng them over a tine period equal to the
adasel i Next 1024-point transforms (total of 4 transforms in one baseline frame): ratio of

20db,20db, 16db and 12db
The ratios that will be passed to the NN inputs will be 40db, 24db and 17db at
each pass. Or alternately the values could be summed (average = 27db) and input as a

single value.

25 The algorithm for computing multi time-frequency resolutions by incrementing is
analogous.
Noise Floor Estimation

30 The noise floor used to estimate the tonal components and TNR is a measure

of the ambient or unwanted portion of the signal. For instance, if we are attempting to

classify or separate the musical instruments in a live acoustic musical performance,
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frame (step 78). As with the tonal conponents, the

averaged ratio can be output to the classifier at each
weasw/437t hey can be sunmed to a single val ue. PAIAIS2006/038742

the different resolutions for both tonal conponents

and TNR are suitably calculated in par allel. To

illystrate the tractl n of mJItl-r

condiFdiore et Vol ispring: B afrd ooy IR ELe D om Miea e
I's ARSBiasaBheSlaylire TNRs are extracted at 1024 2048
and 4096 transform | engths (non over | appi ng

si npl i ci fypmbesef %%ﬂrltws@pt § Us§dgRestiaate A?IS%@%Jmufrﬁme In one
tr aﬂﬁél%%tatfo%tzﬂ le%fassﬁﬂ i1 cad B4 §pﬂ?ﬁ& B{/erttﬂeadﬁﬁafhgfd@of the spectral

(total of 2 transforms in one baseline frame): ratios
‘of HeebThegeit ofsudhoflerippivilt be slightf lghes then theaf:al odisefloor since it

e R e

i npby bwarihg theehrdhdld, vaRlédths shoetn in/Eipura 5, eacide ppess alg@ithm refines

al t rnat I val ue be su average =

27d %H{Jﬁﬁerggprgac |t?1§'f é’g‘\ﬁltﬁéea%%e 1%or it hm for
conmput i ng siwplé estimlabiBn b BEHGRCHo0r RSOl bypslidi¥ion of a FIR filter:
joncrenenting is anal ogous. Noise Floor Estimation The
noi se floor used to estimate the tonal conponents and
TNR is a,nmeagure of the anmbient or unwanted portion of
the signal ™ + nstance, if we are attenpting to
classify or *sgparate the nusical instrunents in a live

acomieta:Nmsnxeadlm@tedﬁagerwa)rﬁthgoee@amﬁefI oor woul d

represent, the aver of the r oom when

a
t he nusi Ci ans ma}gémucg?o Sfpec T mes %n%uenc g gor ithnms

can be uSed t-dRdHieheoe ICFF@FSs@de oor inaframe. In one

15 npl enent at i orlergth ofhpfilss. FIR filter can be applied
over the anplitudes of the spectral lines. The result

of such Ak sHomiimBigiels! thBmofd prétideleytintitdA edtinksBOinitR€lowpass FIR
real noise floor since it includes both noisy and

t on&ftineesiam (RS0 seiBHeabeNe bymﬁrgln&pqmm@ﬁs thatdig spfficiently above noise
ComMpgaSaL g‘anaB{évegHe #IR%{p'u{‘ﬂ e&cﬂ%aﬁ@nﬁ?{%&k@ ¥ BhinarkS, a counter

shown i n e precis mref I nes
20 he lsssﬂ‘rplgeJ=|Ul(Repf 84)taed tha erwd&hrnp@leg‘st(magmméws 86pare egpllaced with
noi © lgslt PR resutts (step 88). This step effectively removes the tonal component energy
from the calculation of the noise floor. The lowpass FIR is re-applied (step 90), the
components that lie sufficiently above the noise floor are marked (step 92), the counter is
increment (step 94) and the marked components are again replaced with the last FIR
25  results (step 88). This process is repeated for a desired number of iterations, e.g. 3 (step
96). Higher number of iterations will result in slightly better precision.
It is worth noting that the Noise Floor estimation itself may be used as a feature to

describe and separate the audio sources.

30 Cepstrum Peak
Cepstrum analysis is usually utilized in speech-processing related applications.

Various characteristics of the cepstrum can be used as parameters for processing.

11



A sinmple estimation of the noise floor is found by
application of a FIRfilter: N, +k -Ck k=_k 2 Were: N

wo 2ewtodeat ed noi se floor for ith spectral |inePCAS2006/038742
magni tudes of spectral lines after frequency
transforn1 C- FIRfilter coefficients and L - length

he nore pregcise .
ost B s ARSIk e P P g b Pome sl B fmom i
( S]E FH& réa)t ogtakgl@ tl@dlﬁ\l@sdl%bluﬂ&f tiansfgrne 0Ahe ﬂétiglieﬂi s;iebﬁxlim E.? g it were a
su |C|e abovenoj se oo a t he
out pigral at Leeé Fedpree] GaiRction @ ae%eps ym %Ej‘?%‘é ahiRYd,
counter j Sepdhte tH-aldiosipihlisb aRefhcedTralnde (sf%ﬁ'ﬁ?d
conponents (magni tudes 86) are replaced with the |ast
FI R r esud-t¥indew ghs sgapl inpadhdramedgrerd®ect i vel y renpves
the ton er fromthe cal culati on of the
noi se fﬁ%é%ﬁHQ%Q§$%ﬂg§ssg¥IR is re-applied (step 90),
t he conponentGonpui a freqiesayftfansiomndf the ahdosvet! kignalpe.g.&FT (step
floor are gﬁhyed (step 92), the counter is increnent
(step 94) ‘the marked conponents are again replaced
with the | astCdfitd BgumbEulsbfpe §Rptral Tink ﬁla@m@@ss(step $02); and

repeated for a desired nunber of iteration

0step 96). Hi Wt%tbﬁﬁwrswarwf%mmlwgmp‘lilwesﬂg%w}. n

S| ' ghtl VS.%EI@:Pstﬂfn? ﬁéa?t' i Ehe \Jatue and %&fl&h Qpﬁlé Hﬁx% viI€in the
Noi se Floor estimation it may be used as a feature

t o descri becepstms(@iond 8b)e the audi o sources. Cepstrum

Peak Cepstrum analysis is usually utilized in
speech-processi ng rel ated applications. Various

c haNawhENét8/bikoGlagifier he cepstrun1can be used as

aranet e for roces strumis al so descri e
1 or 0r heMay Sloae PR RSP A A tae o oriateas Bttt The
IS tdieent Sl df oo int bltal Getidfk hroNi@CRLeshAM Mtia@lind hIB2BShME Makes a
of the decibel spectrumas if it were a signal. The

pr o&edigreard petaetly @dwietsd nefvosk inspdeh eash Baatiomeregeives inputs from
];?l #)Q%us lliyers?%f%@lrir%)@d 5aﬂ§1d§t9 @x\?svtltﬁ%ﬁmﬁ‘ih% %lgﬁgrﬂhlﬁs &8&8@&&% results

ranes S ep e Si I n ‘each
f r anmd g griod genegylization.
20 As shown in Figure 7, a feedforward network 110 includes an input layer 112, one

or more hidden layers 114, and an output layer 116. Neurons in the input layer receive a
full set of extracted features 118 and respective weights. An offline supervised training
algorithm tunes the weights with which the features are passed to each of the neurons.
The hidden layer(s) include neurons with nonlinear activation functions. Multiple layers
25  ofneurons with nonlinear transfer functions allow the network to learn the nonlinear and -
linear relationships between input and output signals. The number of neurons in the
output layer is equal to the number of types of sources the classifier can recognize. Each
of the outputs of the network signals the presence of a certain type of source 120, and the
value [0,1] indicates the confidence that the input signal includes a given audio source. If
30  sub-band filtering is employed, the number of output neurons maybe equal to the number

of sources multiplied by the number of sub-bands. In this case, the output of a neuron

12



4. Conmpute Cepstrum a. Conpute a frequency transform

of the wi ndowed signal, e.g. FFT (step 100); b.
wQaanpuue7r og- anpl i t ude of the spectral |ine magaTSe®s/038742

(step 102); and c. Conpute the inverse transform on

| og-anplitudes (step 104). 5. The Cepstrum peak is the

v alihifcafdd %e@ﬁ’e%éﬂcb 8 tidult® sdiiRoel ik Pard el atQub-Barkd{TEhe output neurons
cepstrum (step 106). Neural Network O assifier
k neenbe nppsed o fasi® uﬂl@ﬂshcrl@qdm Py refgin the upltla%ﬂféeltrengg%%é’tcéﬂam

as leC\Jefe‘éiS fhgésﬁ{l? to J{}ere&lﬂ{ € Bhe Rb&pfedBhifhi solee.neur al

arc res and training algorithns nmakes a
f eedf or Wa¢ nbtwerkwiuikd lQeaprb aymcté@h nsst ofsuificientlyippessensaiiv signals.

XF r«a&%ﬁa{y ],Efﬁﬁﬁ% ? 3 I R S?f recgo n?szg%’dr(aﬁ‘?elrén@%@&’a#é?contammg.

rarFning a
pr Qvdleheoise, Reblak voRes lﬂetcﬁssémdns&ulgaﬂdargemmg aisirmmmx;ail thm types of
shown in Fi gur

f eedf.orward
S e spitbet S by Disstng rEdbing o 0. wgoen varigpEr 1950 Koy o
an te=1'§u’é’1.‘1'\!;e1}L ﬁfé’s%ﬁt ali 4R pobEBIE R8s bfiThd JoBrcbs U to ﬂlag@lérahzatlon ability
receive a set of extracted features 118 and

r esqﬁél@t neu@ﬂ Wéwetm Eachppcasding shiealdshpapssr uendhythy frafygp extraction
g)%f:t 'o%&géltgyﬂﬁéa’hﬁz Wdt%?eﬁm‘% LB mM hl%hratrlﬂernfx@@fn%% data sets:

asse neurons. The hi'dden | ayer(s)
i nctfauni@ aeluntidgioni Ohe ofthe imakkdnowie supgrvised trafingcalgasitiyns is then

Mul ti of neuron

Furtstd e e b Bl PR R bR MaRR Ak ARRLST

l'i near gk adbuensdigIshdoelhsskien is mmuglyaiaﬂerﬂuttmntths B@ﬂﬁlestracted
The nunber of neurons_in

{ e OF Ui ye e et dlFiendis e GRS s R astfor wi

15' € Cﬂ%%fn? Gell B implembAet ORI S re@blutiSeand SEbBABNY fi &bmad) al gment
the presence of a certain type of source 120 an

valtb@st{u@iardp}ldlp frafusestneesenth e myefighgeisetareseiq lffﬁéntiaﬁﬁﬁﬂf‘ broperly
%Llf}lf' e[h%go%ﬁl%eﬁamgﬁ d)ﬁ@no%ﬁ&h@ ispirce. 1f sub-band

img 1's e e nunBer of output neurons
maybe eqmauh dxempllaef erobdskéments a $edrd dessiforwind pitwverd dghiteplare (S

B

208 PRt tdﬁbﬁhf{hy;ﬁtﬂ@hb@a’i@enﬁrbﬁwamt ;ﬁuictlmﬂl.at@tﬂslay_eampdu@rmed well for

B AR I RGN T e

to polidciifl REd) chdlenddfh SRR gREL RO B @Mneéi@dlfoC@Jery neuron of the

preceding layer (except for the input layer). Each neuron in the input layer received full

set of extracted features. The features presented to the network inciuded multi-resolution

25  tonal components, multi-resolution TNR, and Cepstrum Peak, which were pre-

normalized so to fit into [-1:1] range. The first output of the network signaled the

presence of voice source in the signal. The second output signaled presence of string

instruments. And finally the third output was trained to signal presence of percussive
instruments.

30 At each layer, a ‘tansig’ activator function was used. A computationally-effective

formula to compute output of a k™ neuron in jth layer is given by:
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The network should be pre-trained on a set of

sufficiently representative signals. For exanple, for
woheo7agst7em capabl e of recogni zi ng four differear/us2006/038742

recordi ngs containing: male voice, female voice,

percussive instruments and string instrunents, al

t hese tyges of the sources shguld be present in

trai ni ng4set 7] 0 RFRien arieties. It is not

necessary t01%§ﬁ§5%2$@2ﬁ9£b’esent all the possible

ki nds of the sources due to the genepalization ability

of the nWheal net why k outpricH ki aewedlimig lagbul d be passed

through the feature extraction part of the algorithm

The extracted feathjjed weightaidhet aeusen sefrduripe HARBE-i nt o
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al gk j tless of the classifier is

st rongl +5§ﬁ_ 'i t+'O0n the set of extracted features.
If the features together differentiate the different
sources the classifier will performwell. The

i npl emenwatieon of At featoesol uti on and sub- band

filtering to augnment the standard audio features

presents a much rihei™ Weightnfehas aturom(setidufing ining). e

and properly classify audio sources in the nonophonic
signal. In an exenplary enbodi nent, a 5-3-3
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on kinds ofisupiotsignaly.€ihe bivetinest depisi the (dalpesebed dfyoica ({épamer) speech)

actiyator functions 3at..al yers pertorned || for.

ol a4 PP g st en TRty SR 460 ¥ oBe uBliRon guone B 134,
per THSSle W hpprdingdtély B@ frantes ifendteRaitachnae frsed7o0 ilamecdrevdce, the
used, each neuron of the given | ayer is connectgg BP .
eveR§xt A 89 figmesre pereuspiveced tiedast dyR Fapesdre Hfm%&iu Feiropouts m

1? NPYiye 1id¥Elotresgoft@d o @gk'fi&ﬁ JfBildnB€in iRPH kighAY e gr8&5QInkebpresent
ull set of extracted features. The features presented

t o pledictiensfiioideridDurbeahssivg 142 andskid givenrbyt the glassifier. The output
co nents,, nmulti-res o} . .
o SRp P TR R RS e FREYAR (RO IR R quipuc s
The fibinr éitheoOtopUtis afmdabuere o€ how rckertain gireadladifieh és thatethe mpet signal
of voice ource En Hpe sk%nal. The second out put

si gif% ‘@85%?@31?8 TSI Sy i nstrunments. And finally

aphe thirgipdifcRUle NS LikabiedntsQ HordphbniPEigsa e &hith none of the
percussive instrunments. At each layer, a 'tansig

act Pyl GPUEesndTE jastyaliaprespnp gt thg sametime, it is adequate’ and simpler to
congLth st ahd léé;ﬁf)ﬁl%pgf M€ classifier. As shown in Figure 8c, the classifier

identified the string instrument with great confidence and no mistakes. As shown in
Figures 8a and 8b, performance on the voice and percussive signals was satisfactory,

25  although there was some overlap. The use of multi-resolution tonal components would
more effectively distinguish between the percussive instruments and voice fragments (in
fact, unvoiced fragments of speech).

The classifier outputs can be used as a front-end to create multiple audio channels
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fornmula to compute output of a kth neuron in j |ayer

is given by: Wiere: A k - output of kth neuron in jth
woOayer4dnj . - ith weight of that neuron (setPAumS2@®6/038742

training). For the input layer the formula is: Aal +

exp .2 -F,) 51 Wiere: F1 - ith feature W - ith

ht %f t hat eurgg rlS‘jset du %Xf trSa ni n%% f

& VPEESFRARPn deqriiy GG F P & pEan rﬁd%tae%’é Rgcessing
f r omlgcbﬁ’thlﬁee gichfegsreRtimusicntisckaburder g@eﬁt@ﬁ&ioﬁnde‘i@ﬁobﬂw@lrposes
i nes depj.ct the real resgnce f voice
spe8diRyiseiep, rep@w%éwgl YTy mce(tﬁlevmeésld yaglessgagm, and
a stldobifelefsihgunent (acoustic guitar) 134. The file is
approxi mately 800 franmes in |length in which the first

370 franbsshema ipdiiguse 94 the claesifier 19 @sedrag rgfionderd to a Blind Source
per §éct7§§altlx1? %Bﬁj glg%{]ﬁlnl fk‘ﬁtsucoh A IéAa\pﬁéh %ﬁl%re%tag h’lla% 1n§¥+%g§{ﬂels as

dropduts | I nes correspohds to 'a

Si | sueees jitnis |tnypxgttoss|e@n&tb ASBhnge gheeES]S Ialgna’fhnr wplttseﬂxesﬁparate voice,
predicti.ons ercu si.ve 1 144

by Preogph auf et fom RO RPRTE SemiluipEinfanoad Hhe v

fil tledsHldr bah B uredivER outhtittneilicht AT Sor @bicBPardusdior :hﬂ string.
network output is fromejther 0 or 1 is a neasure of

1R owl BeenEay Aloseare nsedap preightsia mpp saeiefiapgefithepgipphonic audio
' ncélg&%?% bidb cRaHnk! £34 ffo A & 224l flio &.aﬁlikk‘rlzslﬂwﬂl E:ﬁﬂevmce 158,

audio file represents a nonoph oni ¢ sl gha
nonpergfssipih &6tandi stringdi§R c B weightaiwayibd thy aqztu@s'ekuts <a°tthtt frpgirons or

S ﬁgﬁléetasfb%?dl \Huﬁg %)figeg‘h%gpt%% gréeg@%ﬁanm%sal g%}rcﬁa% roc td‘f“lre can be
8c, fikther refirged sisihjz eub-bahd Iﬂlﬁetﬁth@ihdtt]lns pﬁddhbe’nganyrrﬁtbx'e lufmﬂcthannels for

1 g t E?g;%@%@ §§ ggelg g)gvrac g‘ﬂfa&ﬂﬁﬁﬂ?éo %lﬂ‘t <SS ﬁgésr@émgwc};ource separation

perﬁusﬁby@yﬁbg}ml@sms satisfactory, although there
was some overlap. The use of nulti-resolution tona

conponensshapn ikFigaicd Oethe AR euput Jaygs reurang &7 & eanthe uggddn a post-
th '
e;[nB@Jsgdﬁ?z W&t ?ﬂ%ﬁ{t&mﬁgrﬁ %M@h@? %%9 (r:ﬁea[ﬁfdr% egabﬁhel 174.

unvoi ced fragnents of peec assitiler
o ut put s Tragkize- algerithmscan bé ppplied émuhdivaluel datmeelsthhttwepé ebtained

SRR, VT SRR AR Byl o
(€. the otPUEERIhG Zigorimi Llinkagackhs ALiEERS fragies enaeanaiédiossible or

|ndexes r the purposes of navigation, re-m xing,
secliPiesip %ﬁHS@ﬂ¥5elllance t el ephone and wirel ess

conmm a%dlo Identification and Audio Search Engine — extracted patterns of signal types

and possibly their durations can be used as an index in database (or as a key for hash
25  table).
Codec — information about type of tﬁe signal allow codec to fine-tune a
psychoacoustic model, bit allocation or other coding parameters.

Front-end for a source separation — algorithms such as ICA require at least as

many input channels as there are sources. Our algorithm may be used to create multiple
30  audio channels from the single channel or to increase number of available individual

input channels.
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tel econferencing) . As shown in Figure 9, the

classifier is used as a front-end to a Blind Source
weeperiati’on (BSS) al gorithm 150 such as | CA, wWRCTHhS2006/038742

requires as many input channels as sources it is

trying to separate. Assume the BSS algorithmwants to

separat g, \ﬁﬂk Hﬁ&l@fﬂlﬁac'l' Qéba?a%dl ShdnnBld SAUBE Q@-nflkélmback into

nonopho nal i't cannot do. The

cI assophamic rclamseb@tlem(ﬁr agmr@dntﬂlilqw@u%‘lfﬁd ﬁ‘éﬁl‘r’% REchgnnels) with

for vaice per euron val ues
ar & pﬁg[éjéodﬁg R a?%ﬁ@n?p 11%%8%?1%@1 ﬂgtg% Wré;ne of the
monophoBédurigwid @umel_g e -ithe dgatitbmobtputsehn h&@eil as parameters in a

e S

actual vyalepigme ahd Wit€lefIRUMEN Sndlklebdiﬂfaﬁ__gjeﬂgmahmem ieqused to
identify the one dom nant sig per frape.

Thi, .
pr GeRAgie ER RO I T e@pag.pﬁcgegmg glgoifim can assign
f' l; Fﬁnfz WionB [OHESor TRM HERhe h¥iRsHmeah Aneedced number

1&%%%98 ﬁ%% uges ome? ul c orfthns to furthernum
r equ nmrmhl@ (cprmosalldywbanglé Ch@ﬁa‘ﬁ a\tli beverp be traeenifed -t he
NN cl as d
10)ayer ot BIRHR Sl A oD e R o an
t hatesiped, atnasroaswarirgonyandgteoricenshodingentsi v abcur tp thesgiskilled in

channel 174. TracKki hm can b

ndbe e e eod dbcin tn B e BTLT AR O ARR e boh be made
al gﬁﬁioh a&lﬁ GomB&pirithhad soupe Kﬂﬂe veiitioan® défnefl Iiralﬂm appended
basi s. %e hel p of the output of the algorithma
Ilnﬁﬂ@é of the nei ghbor frames can be made possible or
nore stable or sinpler. Audio ldentification and Audio
Search Engine - extracted patterns of signal types and
possi bly their durations can be used as an index in

dat abase (or as a key for hash table). Codec -

i nformati on about type of the signal allow codec to
fine-tune a psychoacoustic nodel, bit allocation or

ot her coding paraneters. Front-end for a source
separation - algorithns such as ICA require at | east

as many input channels as there are sources. CQur

al gorithm may be used to create nultiple audio

channels fromthe single channel or to increase nunber

of avail abl e indivi dua
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i nput channel s. Re-m xi ng - individual separated

channel s can be re-m xed back i nto nonophonic
woemag@Irati on (or a representati on with redueedus2006/038742

nunber of channels) with a post-processing algorithm

(li ke equalizer) in the mddle. Security and

suryei e - the algorithmoutputs can be used as

paf%ﬁ%#tgﬁﬁfn a post-processing algorithmto enhance

intelligibility of the recorded audio. Tel ephone and

mnreless conn] gﬁd teleconferenC|ng - al gorithm can, be

used to% T SHRATYNg LTI BN riE9e G MOBEPhARlG Bpdio signal,

po&knghg9§35|ng al gorithm can assign individua

virtual positions in stereo or mnultichanne

enV| r onrf®nt . PRVidiL & aapnephanig awtio sigaplinednepriste pdewnpliy of a

have to be transmtted.
]ulahtg\%lgrﬁ%@%%:ag%%r%qéé\?e enbodi nents of the

5 nvent i @) havepalaéiegths hodin signa ite 8 sequbme, of haselimedfimgnes;

vari ati s and al ternate enbodi nents wll occur to

those s I | ed” ‘?ﬂ?’wf‘i'%ee@}ﬁ MBuch variations and

al t er nat(e) enmbashciiRgd guali® ot amlichmbat 86m eadhtbaSelife 8me that tend

made Wi thqout departing fromthe spirit and scope of
théolHVEHP?UheQ§h%%Wﬁﬁ%&n$n t he appended cl ai ns. \E

CLAIM %) A apiiiipgint Qﬁdl@ﬁ@lﬁfeﬁfda%uﬁ%h%rl@@ﬁﬁ)%%mﬁér%@d ona
nonop honi'’c audi o SI g conprisin rovi di ng

10nro rr@mﬁwmaém%@f@uélpgmws @@ﬂmald qudig geatu@@wmdrmﬁwl@tﬁwrk classifier
u IL@ ré a?feaéf BM%W@ Ufjeln uﬁggélﬁgesmclfj@%i it ERALAL ﬁa@%m;e ﬁgme of

Into a sequence ase anes
wi rttlomiongphenic laudip aigegl. (d) extracting a plurality of
audi o features fromeach baseline franme that tend to
di stingui sh the audi o sources; and (e) applying the
audl,o f ek uidlod 6f daimel) vtlerdi® thaOsliralifNN)f ubkasai huded sources are
tralned Qn a representative set of audio sources th

s ai leglgd Tomyaeat ofrausicaksguseneqmngising @t Iggst Roler. gugepgpercussive.
outputting at |east one nmeasure of an audio source
included in each said baseline frame of the nonophonic
audi-o silgaaethog of Wain Fhefpiitiessl comprésing: m 1, wherein the

plurali tré(pegtflnguﬁéﬂg th?oldgﬁ ?d)sf81u£ Gf#feredl Game size to extract features at

multiple resolutions; and
scaling the extracted audio features at the different resolutions to the baseline

5  frame.

4. The method of claim 3, further comprising applying the scaled features at each

resolution to the NN classifier.

5. The method of claim 3, further comprising fusing the scaled features at each

resolution into a single feature that is applied to the NN classifier

6. The method of claim 1, further comprising filtering the frames into a plurality of
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selected froma set of nusical sources conprising at

| east voice, string and percussive. 3. The nethod of
wolei7ru4377f urt her conpri sing: repeating steps eOY/US2006/038742

through (d) for a different frane size to extract

features at nultiple resolutions; and scaling the

exieqch&FsuBUdh® an@LiHcass fld 4la [ithics hRisatd@aRbiidsONns

to the baseline frane. 4. The nmethod of claim 3,

further conprising applying the scaled features at

eagh re ] -he LfLer . q :

ol di m 371 MR dr did® el ATHHIRE o pac MgRRL MR e

at oetpots. resol ution into a single feature that is

applied to the NN classifier 6. The nethod of claim1l,

further conprising filtering the franes into a

pl @r al i The BéthsEsfeRIE Y, Whtbeibareds n@bchudidtitaagtd afgsekekdifrom a set

audi o featur?s fromsaid sub:bandsgyﬁé Tré net hod of
c| &PHPrising tapal RIPPUHEY PRS- 1Rgoiss Rrtipdd BRp AR GRSy PRz
classifier outputs. 8. The nethod of claim1l, wherein
one or nore audio features are selected froma set

coflpr i sThrymetbpdof o mberein, the tond cowpersniare afpged IHNR)
and Cepgiru rgﬁggg/%g'a @equé%? eI g;ebxgﬂnﬁé\?%cﬁsé%lmf &ch frame;

the tonal co nt's ‘are’ extracte Ing a
frequen@ trenpitugiht maghimdeofigpeviend lisésgn die ffegnensptrinsform;

frame; ) copputing the, magni tude of spectral |ines
in the &Sequeé thgrag‘??ésfeg}or?{’ (h) estimting a
5noi se- f {ipor ;idérdtifyihgleytbhad yonighnats the BpdctralaomPosntsshdt beceed the

spectral copponents that exceed the noise floor by a
threshoP%“ﬁWﬁﬁHY?ﬂgﬁ%oéfn@HW%ﬁW%ing t he number of

tonal cgpongAhtiRSth MRN8l thANBRRAEts A8 Rnalléd t
The net gg of clggﬁ19, wherei n the Ieng?h of thea mponen

fr d&ptreeicy transform equal s the nunber of audio sanples
inthe frame for a certain tine-frequency resol ution.

11. The nethod of claim 10, further conprising:

r epeat i fige métbodefetpsm Of Wharin thedéngghi of thedreqdérfcl grmsfiorm equals the

fr %gr%bg%? al',:l({ig ngrrﬁp?ersrpn l’ch%%%a%%br £ cpegtain time-frequency resolution.

11.  The method of claim 10, further comprising:
repeating the steps (f) through (i) for different frame and transform lengths; and
outputting a cumulative number of tonal components at each time-frequency

resolution.

12.  The method of claim 8, wherein the TNR feature is extracted by:
(k)  applying a frequency transform to the windowed signal for each frame;
M computing the magnitude of spectral lines in the frequency transform;
(m) estimating a noise-floor;
5 (n)  determining a ratio of the energy of identified tonal components to the

noise floor; and
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outputting a cunul ati ve nunber of tonal conponents at

each tinme-frequency resolution. 12. The net hod of
wobhkeirmu@&77wherein the TNR feature is extract edPoyuSEdop/038742

appl ying a frequency transformto the w ndowed signal

for each frame; (1) conputing the magnitude of

tral, {i i . f t f
ot it iy o g Bat I PRI g o Thei o of

the energy of identified tonal conponents to the noise

floor; d(o) outputtjng the ratio as the TNR feature.

13. ?irhea'ﬂisﬁﬂr%w%%aa%i%w?@??mvxhl@?@%offt@qq&mﬁa orygguals the
f 1 eqlnee ¥f dudR NaBleRRds Bhie FHQ BYTR BmeFeqadhd) RsSIBNRI. €S

in the frame for a certain tinme-frequency resol ution.

14. The nmethod of claim 13, further conprising:

repgati thenitERBink K3 (). for different

frame aﬁ%et ransfoor rr%rfen’g%l@{se?g%%{sgp\?er aging the ratios

f r om t heephafifigthestepsi(iogblough @nfor differentframeradpmnsfoan lengths; and
equal tao the b ' fr 15. The nethod.of claim
T3 wherabBpp BRFoS Fom Al Rmdnse iiofeyRET iR pftolella o the
appbageling fanleow- pass filter over nagnitudes of spectral
lines, (qg) marking conponents sufficiently above the
filter output, (r) replacing the marked conponents

Wi t 5.t heTHeQMétIRASE clainh I BFwiREHiPHE noisS NlodraPeildaltd bst eps

(a) through (c) a nunber of tines, and (t) outputting

t he resuPli ngPRIYAYMYTPass flfen qyer magnitades|afgpectral lines,
estimatigy. kidd& Gl , ' he
Neur al I\(lg?vvo ﬁ%r cll é;s glﬂ}f% Pgﬁg?lﬁf%Tlﬁlégé mé‘;leﬁlj%@g‘frs’%‘ @u%f
out put r8ur omeplachgtthemetied crnats witk therles-eassdilef owput,

ertain audi o _squrce |j he ophoni ¢ _audi o_si gnal .
17 The Qe nowrditeifes i ISed RO R Yoot "each

out put n@ur opuipviting tcessulting@tihpolehsas theabist Aeotmsaktione
frame includes the certain audi o source. 18. The
met hod of claim11, further conprising using the

Meagdir € THe nie@ibid%f §1kigh 1TVRSRHAN Redal NeBvsik SRR fiek MERJA a plurality
plurality of audio channels for the respective audio
of output neurons that each indicate the presence of a certain audio source in the

monophonic audio signal.

17.  The method of claim 16, wherein the value of each output neuron indicates a

confidence that the baseline frame includes the certain audio source.
18.  The method of claim 1, further comprising using the measure to remix the
monophonic audio signal into a plurality of audio channels for the respective audio

sources in the representative set.

19.  The method of claim 18, wherein the monophonic audio signal is remixed by

switching it to the audio channel identified as the most prominent.
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sources in the representative set. 19. The net hod of

cl aim 18, wherein the nonophonic audio signal is
woeni7wad7by switching it to the audi o channel PCT/US2006/038742

identified as the nost prom nent.20. The nethod of

claim 18, wherein the Neural Network classifier

out put s measur e for. each of, the di o squrces in the

Fephbs ot SEE Py W BRSO e EREE cpipdls ameasure
t hefof eRRBf 1he BldislQfirde bR tRepresRafidl fgthatidiivatésttofifidence that the
said noqggponlc audi o signal being attenuated by each

of Eaneiingrideythe somprmongingorudinisqueper prid mogprionic\asdig pgnel being
chappglged l%ﬂeacl;rgﬁsaﬂ%éaggcsogndl(alir@étfq h8he i &H’et:tli\?eraudiﬁ channels.

c
conprising processing sald plurality of "audi o channel s
using a source separation algorithmthat requires at

I ' . [ . j t .
et S . BB  AR bs
e quetanmls Usépsedouek sepatatibly algbrithmi thiataetghires & deasic8 Snan® Znput audio

The .net hod of, cl aim 21, wherejin said source separation

a1 T O e R St Sl SR heeb sepn vl or
23. 1edsbeplimtitydt sl agdidbdircks, further conprising passing

t he nonophoni ¢ audi o signal and the sequence of said

nmeasures to a post-processor that uses said neasures

to guUgNefy. rﬁé?ﬁ)d%i‘%ia‘lrﬁ?@,cﬁﬁe?éiﬁ Gaif SotrBeseFRARRNMAN EnRY . .oargned on

signal. 24. A nethod for separating audi o sources

a nindphené separgdero(BSiSynal , conprising: (a) providing a
nmonophoni ¢ audi o signal conprising a down-m x of a
plurality of unknown audi o sources; (b) separating the

audlo siBralethadtofclains k qureree eongfrising pedsingehed manopbonid adio signal

wi ndgwi ng each fr.ame; (d) extracting.a plurality of

i) Gt ok st e it et ey g vgmen
di sthé ngifﬁﬁestsh@ ot infond phtnEcasidio(senal €peat i ng steps (b)
through (d) with a different frame size to extract
features at nultiple resolutions; (f) scaling the

te)(;t %42? g&aisnzélﬂ?d.rgg fd;r ?sghéél‘;ﬁtﬁ%n%}dié R&urelst f&h BN IndnESRhit ARRS signal,
comprising:
(a) providing a monophonic audio signal comprising a down-mix of a
plurality of unknown audio sources;
5 (b)  separating the audio signal into a sequence of baseline frames;
() windowing each frame;
(d)  extracting a plurality of audio features from each baseline frame that tend
to distinguish the audio sources;
(e) repeating steps (b) through (d) with a different frame size to extract
10  features at multiple resolutions;
® scaling the extracted audio features at the different resolutions to the
baseline frame; and

(g)  applying the audio features to a neural network (NN) classifier trained on a

representative set of audio sources with said audio features, said neural network classifier
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(g) applying the audio features to a neural network

(NN) classifier trained on a representative set of
waudi7o4s0ar ces wWith said audi o features, said Reuak006/038742

network cl assifierhaving a plurality of output neurons

that each signal the presence of a certain audio

1gou1h?:\ﬂ'ng' fpld’ﬂﬁitﬂ oD Bﬂ:pﬁmmufbgﬁlthi't eachi s@mall thé @Eefs&ft@ If a certain audio

aseline frane. 25. An_ audi o_source classifier

o oS g ROopfiey AT EneD ¥ atep b a BB hon! ¢ audi o

signal conprising a dowmn-m x of a plurality of unknown

audi o sources into a sequence_ of w ndowed baseline

frades; Anpude seusceslassifien eomprisingextracting a plurality

of audi oaf , el | : t .

Co di st i Acu ek pepeietlly ERGIETE nh I8 LR Embrihe d iy of

( NNplugalifgefi unkegwit auginsdreonint a sspraaseof aindovesddeaseliné frames;

audi o soyr. i id audi o featur .sai d neural .

net wor k %Fiag‘sz |t¥éa|r1t°? g(%:reﬁx\%l?c%élg ¢ nglrai@{o&%g@%ﬁea@\&e& ifigm each baseline

b eatrame thaaitedd audigitighisintheatidib e@stespand nmeasure of an

audi o source jnclu in each sai d baseline frame of
the non O%WSWPIIC"‘C%YR{E ﬁ%gi g'ﬁﬁﬂ?@ usgned-pRa represerfatiys setad audio sources

cl asgthfshi@raudio fedtade s34 neWae h&ivorkt c‘fl@ssffi%ﬂe%iein?)fﬁer &&talkd audio
extracts one or nore of the audio features at nulti

ti mEARFERIE RUpUTtieg o lestone megspre afira adigisoutse included in each said
cl a%\eﬁﬁeeﬁan%foﬁh&h%@ﬁoniwcﬁﬁg%aﬁheNN classifier has a

plurality of output neurons t ‘each signal the
presence of a certain audio source in the nonophonic

aud h§ S! %aiudlfo%gurggcﬁg]ss%rs cﬁj claﬂ% 2§,rw&}1%}eein the feature extractor extracts one

or more of the audio features at multi time-frequency resolutions.

27.  The audio source classifier of claim 25, wherein the NN classifier has a plurality
of output neurons that each signal the presence of a certain audio source in the

monophonic audio signal for each baseline frame.
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