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ABSTRACT

In this work we develop a systemfor enhancemendf the

speechsignal with highestenepgy from a linear corvolu-

tive mixture of n statistically independensoundsources
recordedby m microphoneswherem < n. In this sys-
tem we usethe conceptof independentomponentanaly-
sis(ICA) togethemwith auditoryfilter banks pitch tracking,

adaptve bandpassfilters and masking. Computersimula-

tionsandrealworld experimentsonfirmthevalidity of the

proposedlgorithm.

1. INTRODUCTION

The codktail party problemis well known in auditory
sceneanalysis:in aroomtherearemary sourcef sound
mixed andreverberatedvoice, music,noise,etc. The task
is to sgygregateoneor moreof thosesoundsignalsandim-
provetheirintelligibility .

IndependentomponenanalysigICA) appeargsanim-
portanttechniqueto help solving this problem. This is be-
causdCA algorithmdfind alinearcombinatiorof themixed
signalswhich recoverstheoriginal (or source)ignals pos-
sibly re-scalechndrandomlyarrangedn the outputs.

However, thereare at leasttwo difficulties relatedwith
the codktail party problem: firstly, dueto reverbationef-
fect, we actually obsene a convolutive mixture; secondly
in practicewe have smallernumberof microphoneghan
unknowvn acousticsourcesignals thusstandardCA cannot
bedirectlyapplied.It isimportantto noticethathumanscan
dealwith this problemby usingonly two ears.

Similarly to humans,our aim hereis not to recover si-
multaneouslyall the original acousticsignals. Our taskis
ratherto turn a specificspeechsignalmoreintelligible than
theavailablemicrophonesignals.As doesour auditorysys-
tem,wetry to enhance¢hesignalnearesto themicrophones,
i.e.,thesignalwith highestenegy. We realizethis by mim-
icking somepropertiesof humanauditory system. This is
carriedout by (a) mimicking theinnerear, throughtheusea
bankof self-adaptre band-passvaveletfilters (b) thetrack-
ing of the speechfundamentalfrequeny f0 and; (c) by
maskingsomepartsof the speechwith lower eneny.

Therearetwo contributionsthatwe find importantin this
manuscript:oneis that we proposean algorithmwhich at
the sametime extractspitch and decideswhetherthe cur-
rentpartof speechis voicedor not; andthe otheris thatwe
proposean ICA algorithmwhich, contraryto otherworks,
e.g.,[18, 3], outputsonly onesignal,throughthe useof f0
information. Thus,theso-callechbermutatiorproblem[9] in
ICA is solved.

2. THEMETHOD

Considem sourcesignalsattimet, s = [s1(t), sa(t), .. .,
sp ()T arriving at m receversx(t) = [%1(k), Z2(¢),- - -,
Zm(®)]T. In thelinearmodelof cocktailparty, eachrecever
getsa combinationof the sourcesignals sothatwe have,

t
%(t) = /_ H(r)s(t + 7)dr 1)

whereH is a linear filter operatoy which modelsthe re-
verberatiorandmixing. It is importantto noticethatin an
actualervironment,H is a non-minimumphaselow-pass
filter [11], which turnsthe task of recovering the original
signalsvery difficult.

In this work, we employ mary featuresof humanaudi-
tory systemjn thewayshowvnin Fig. 1. Firstly wetrackthe
pitch throughanalgorithmcalledspeectinstantaneoufe-
queng (SIF). Secondly we adaptiely filter the corrupted
signal %, in differentsub-bandsising[f0,2f0, ...] asthe
centralfrequencies. Then, we take eachsub-bandoutput
andenterthemin anICA algorithmwhosetaskis to find
the signalwhichis mostlyrelatedto f0 andits multiples.

Ourfinal objectieis to developanalgorithmwhoseout-
put signaly(t) is a modifiedversionof a given sourcesig-
nal s;(t), i.e., the signalof interestwill begivenby y(¢) =
g(s:(t)), whereg(-) canat the sametime be a filter anda
non-lineartransformatioroperator

Also in our algorithmwe includedthetemporalmasking
characteristiof the auditorysystem.This is managedy a
switch which is onefor the voicedpart,anddecaysgradu-
ally to zeroin the silentandunvoicedpart. This switching
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Fig. 1. Block diagramof the algorithmwhich mimics the auditorysys-
tem. Firstly it tracksthe fundamentafrequeng (fO) using SIE. Then,it
processthe mixed signalsusing a bank of band-pasdilters (suchasthe
innerear). After, it processachmixed/reerberatedsignalby anICA al-
gorithm. Finally, it carriesout maskingby turningswitcheson or off.
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is managedy a variableestimatedby SIF, which we call
speeb instantaneousimplitude aswe shall seein the next
section.

2.1. Extraction of the Fundamental Frequency

Theextractioninvolvesfirstly theestimationof thespec-
trogramwhich, for asignal(¢), is definedas

2

P(t, f) = % ‘ / e 2T () h(r — t)dr| . )

whereh(r — t) is awindow function.

After this,welook for thefrequeng valuecorresponding
to the maximumof P(¢, f) at eachtime instantin a given
frequeny range. We call this quantitythe driver §(¢), and
it is givenby

8(t) = arg max , [P(t, )]3-) o- (3)

We definea asafrequeng valuethatlimits thesearching
range,and §(t~) asthe driver value at the previous time
t~—. Generallyspeakingwe wantedto saywith (3) thatthe
algorithmsearchefor themaximumof P(¢, f) ateachtime
instant¢, alongthe frequeng axis f which is boundedto
intenal [6(t7) — a, 6(t7) + al.

After this, we calculatethe instantaneoufrequeny by
using a band-pasdilter arounda centralfrequeny given
at eachtime instantby the driver. In particular we use
waveletsto constructhefilter. Thebasicwaveletis a slight
modification of the Gaborfunction, which is localizedin
bothtime andfrequeny domains.The modificationis car
ried outin orderto shift thespectrakesponsef thefilter to
thecentralfrequeng. Thus,thebasicwaveletis [5]

o) = L d e_w{@}:os (27775/95(7')d7') )

T 2rdt

where(Q is a shorttime interval®. Thesignalfilteredin this
interval is givenby

ro(t) = /QzQ(T)dJ(t — T1)dT. (5)

The speechinstantaneou$requeng is then calculated
substituting(5) into thefollowing equation,

_ doa(t) —Hlro(?)]
rO (t)

T ¢a(t) = arctan(
whereH[s(t)] is the Hilbert transformof thesignalrq ().
Another variablethat we extract from the signal rq (¢)
is the speechinstantaneouamplitude,given by aq(t) =
| H[ra(t)]]. Thistermis responsibldor theswitchingatthe
laststepof thealgorithm.

wa(t) ) (6)

2.2. TheBank of Adaptive Band-pass Filters

We use herethe conceptof harmonicity of the voiced
soundghatwasexploitedin somemodelsof computational
auditoryscenenalysig(CASA) whichgrouptogetherspec-
trotemporalegionsthataremodulatedy thesameperiod[20].

Theideais to usea bankof bandpassfilters centered
atthe fundamentafrequeng f0 andits harmonicsaspro-
posedin [5]. We usethe samewaveletasgivenin (4), but
now we substitutej(¢) by the estimatedf0(¢).

Fromthis, we obtainintermediarysignalsr; 5 (¢t) which
areZ; (¢) filteredaroundrequeny kf0(t), (k = 1,2,...,N),
givenby

ris(t) = / T(t, k)i () dr
fork=1,...,N,i=1,2,...,m. @)

whereN is the numberof harmonicgandthereforeof sub-
bands).

Then,wefind theinstantaneouamplitudeof eachr;  (t)
by thefollowing operation,

ik (t) = [H[rix (t)]| 8

whereH [r; 1 ()] istheHilberttransformof thesignalr; 5 (¢).

At this point, however, we have no phaseinformation
aboutthe signalwe want to estimate. Thus, we generate
from a; r (t) and f0(t) asetof orthogonakignals,

Zq,i,k a1, (t) 92RO 9

g = -1l,landk=1,...,N.

1We usedzeropaddingto handleborderdistortionscausecby the use
of wavelets.




In orderto obtainthe phasanformationof thesignal,we
usethe Wienertheory In this casethei — ¢h outputof the
k-th sub-bandvill be,

-'If'i,k = cgkzi,k(t), 7, = 1, 2, v, M. (10)

wherez; 1 (t) = [21,i,k, 2—1,i,5]" - IN Wienertheory given
the signal ;;(¢), the weight vector ¢; 5, which gives the
minimummeansquarecerror betweerthe estimatedsignal
Dik andZ (t) is givenby[12],

Cik = R_IP
E[Zi,k(t)zi’k (t)T]_lE[.’%ik (t)Zi,k (t)] (11)

Sincethe elementsof z; ;(¢) are mutually orthogonal,
matrix R is diagonal. Thus, it is not difficult to remove
theinversionin (11), by normalizingtheelementsf z; 3 (¢)
to have unity variance. In this case,R = I, thus,c; , =
Elzi(t)zi,r(t)].

3. INDEPENDENT COMPONENT ANALYSIS

In this sectionwe studythe third stepof the algorithm,
now thatwe have availablethe sub-bandsignals,given by
(10), obtainedfrom the bank of band-pasfilters. In other
words, we have split wide-bandinto narronv-bandsignals.
An importantpropertyof a narrov bandsignalis thatthey
have lesseffects of corvolution. In fact, the corvolutive
mixture turnsapproximatelyinto aninstantaneoumixture,
asthe bandwidthdiminishes.Anotherimportantpoit is that
we effectively reducethe probability of finding morethan
two strongsignalsat the samesub-band.

An importantcontribution of this manuscripts thatwe
no longerextracttwo (or more)componentsuchasin pre-
viousworks, e.g.,[18, 3]. Notice alsothattheinputsof the
ICA blocksarethe outputsof the bankof bandpassfilters
(seeFig. 1). In this casethe ICA inputsfor the k-th sub-
bandaresignalscomposingvectorxy,. In orderto simplify
notation,let us consideroutputof the k-th sub-bandat the
j-th step,andits correspondingerror respectrely defined
as:

Yik(t) = WXk (t), €j,k(t) = Wi pxe(t) — byjr(t — p), (12)

T T
wherew; ; = [Wit, Wiz, Wim] Xk = [F11,Z12,+ - L1m] &

p is agiventime delay andb is a scalarweight. For sim-
plicity, we will dropthetime index ¢t andmake y; ., =
Yik(t—p).

Thecostfunction; », = Ele} ,]canbe evaluatedasfol-
lows:

Solving gf%;’; = 0 we obtain a new iterative algorithm
1
givenby,

b
1+ 22’ (15)

w = E[x;x; | Elyi,pXe)
In orderto avoid the trivial solutionw;; = 0, we per
form normalizationof the vectorto unit length at eachit-
erationstepas wj .« = wji//||w;ell. With this, the
termb/(1 + 2b2) can be disregarded. Moreover, we can
assumewithout loss of generalitythat the sensordataare
prewhitened thus E[x;x} ] = I. With this, (15) leadsto a
very simplelearningrule,

w = E[Xpyip). (16)

In a previouswork, Barrosand Cichocki[4], have stud-
ied the propertiesof the above algorithm. One of themis
that, if the signalsare mutually independenandif for one
of the sourcesignals,say s;, the autocorrelatiorproperty
s;(t)s;(t — p) # 0 holds,thenthe algorithmoutputwill be
s; up to a scalingfactor?. Thus,sincein a previous step
we have estimatedhe voice pitch f0, we caneasilyuseas
the necessargelayp = 1/ f0, for thefirst frequeny band
i = 1 andfor theotherbandswe justmalep = 1/(k.f0).

Although we solved the permutationproblem,the scal-
ing effect well known in ICA [9], persists. For this, we
useanexponentialspectradecayi.e., §;.5.p = €~ **y; k.p,
where) < a < 1.

4. RESULTS

Firstly, we carriedout simulationswherewe mixed and
convolutedthreeindependenspeectsignalsinto two mix-
tures,asmodeledby (1), wheren = 3 andm = 2. The
desied signalwasa malevoice andthe interferencesvere
a male singingandthe soundof a laugh. The coeficients
of thecorvolutionfilter were100,whereasve turn someof
themzeroto roughly mimic arealroomimpulseresponse.
Thetaskfor the algorithm,aswe have statedbefore wasto
find the signalwith the highestenengy.

Similarly, we have carriedout realworld experimentsn
astandardaboratoryroom(5m x 7m), wherewe placedwo
microphonesn the middle, awvay 1.5 m from eachother
In the ervironment, there were computers tables, chairs,
etc. Onemalespealer stoodup in front of them,away 1.5
meters.Behindhim, makingatrianglewith heightof 1.5m,
was a femalespealer and a spealer phoneplaying music.

I T T 2 2
&b = WinExexy Wik — 20E[ys pw; 1 Xk + 0" E[yj 1, |- (13¥hedatawassampledat 16 KHz andrecordecbnapersonal

In orderto estimatethe weightvectorw ;, we evaluatethe
gradientof the costfunctionasfollows:

0.k
OW j

= 2E[xpx; |W; 5 — 2bE[y; pxx] + 202 E[x; pX; ] (14)

computer
As we have shovn before,the outputsignalis nolonger
alinearly mixed non-delayedrersionof the original source

2This is demonstrateth[4].



signal,thereforewe cannotmeasureasilyhow muchback-
groundnoisewas removed from the mixed signal, or how
distortedthe sourcecameout, by meansof a simpletech-
niguesuchasmeansquarecerror. Thus,we have optedfor
the subjectve measurementy the MOS scale[7], which
is a five-pointrating scale,covering the optionsExcellent,
Good, Fair, PoorandBad. Tensubjectsvereasledto rate
separatelya) The backgrounchoiseand;b) The distortion
introducedby the algorithm. Eachsoundwasplayedtwice
in randomorderusingthe MATLAB commandsound The
resultsareshovn in Tablel.

BACKGR. NOISE SENS. | Simulation | Real World
Conv./Mized 1.75 2.02
Output 3.89 3.32

Table 1: The meanMOS scoreaccountingfor the back-
groundnoisesensitvity ateachstageof theprocess.

As expected the systemworked more efficiently in the
caseof simulationthanin the real world experiment. This
is explainedby the fact that we do not know the impulse
responsef a realroom, includingits non-minimumphase
effect. On the otherhand,while in the simulationthe mix-
ing wasgenerallyevaluatedaspoor by thelistenersandthe
outputgood in therealroom casetherewasonly onestep
improvementfrom poor to regular. This maybe explained
by thefactthatsomealiasingshouldbe occurringwhenthe
sub-bandsrreadded.

Onecanseethatpitchtracking,bankof filtersandtheas-
sumptionof statisticalindependencef the sourcesareen-
couraging.Comparedo previous works’, wherethe main
focuswasthat of whenthe numberof sourcesandsensors
arethesamejn this papemwewentonestepaheacandmade
thenumberof sourcegyreaterthanthe numberof mixtures,
andturnedthe problemdifficult to be solved by the algo-
rithmsproposeduntil now.
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