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ABSTRACT

In this work we develop a systemfor enhancementof the
speechsignal with highestenergy from a linear convolu-
tive mixture of � statistically independentsoundsources
recordedby � microphones,where ���� . In this sys-
tem we usethe conceptof independentcomponentanaly-
sis(ICA) togetherwith auditoryfilter banks,pitch tracking,
adaptive bandpassfilters andmasking.Computersimula-
tionsandrealworld experimentsconfirmthevalidity of the
proposedalgorithm.

1. INTRODUCTION

The cocktail party problem is well known in auditory
sceneanalysis:in a roomtherearemany sourcesof sound
mixedandreverberated:voice,music,noise,etc. The task
is to segregateoneor moreof thosesoundsignalsandim-
provetheir intelligibility .

Independentcomponentanalysis(ICA) appearsasanim-
portanttechniqueto helpsolving this problem. This is be-
causeICA algorithmsfindalinearcombinationof themixed
signalswhich recoverstheoriginal (or source)signals,pos-
sibly re-scaledandrandomlyarrangedin theoutputs.

However, thereareat leasttwo difficulties relatedwith
the cocktail party problem: firstly, due to reverbationef-
fect, we actuallyobserve a convolutive mixture; secondly,
in practicewe have smallernumberof microphonesthan
unknown acousticsourcesignals,thusstandardICA cannot
bedirectlyapplied.It is importantto 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 doesourauditorysys-
tem,wetry toenhancethesignalnearestto themicrophones,
i.e., thesignalwith highestenergy. We realizethis by mim-
icking somepropertiesof humanauditorysystem.This is
carriedoutby (a)mimicking theinnerear, throughtheusea
bankof self-adaptiveband-passwaveletfilters(b) thetrack-
ing of the speechfundamentalfrequency ��� and; (c) by
maskingsomepartsof thespeechwith lowerenergy.

Therearetwo contributionsthatwefind importantin this
manuscript:oneis that we proposean algorithmwhich at
the sametime extractspitch anddecideswhetherthe cur-
rentpartof speechis voicedor not; andtheotheris thatwe
proposean ICA algorithmwhich, contraryto otherworks,
e.g.,[18, 3], outputsonly onesignal,throughtheuseof ���
information.Thus,theso-calledpermutationproblem[9] in
ICA is solved.

2. THE METHOD

Consider� sourcesignalsattime � , ����� � � � � � � � � � � � � � � � ��  �� � � ! " arriving at � receivers #$ � � �%�&� #' � � ( � � #' � � � � � � � � �#'�) � � � ! " . In thelinearmodelof cocktailparty, eachreceiver
getsa combinationof thesourcesignals,sothatwe have,#$ � � �*� +-,.�/10 � 2 � � � �43�25� 6 2 (1)

where 0 is a linear filter operator, which modelsthe re-
verberationandmixing. It is importantto noticethat in an
actualenvironment, 0 is a non-minimumphaselow-pass
filter [11], which turns the task of recovering the original
signalsverydifficult.

In this work, we employ many featuresof humanaudi-
tory system,in thewayshown in Fig. 1. Firstly wetrackthe
pitch throughanalgorithmcalledspeechinstantaneousfre-
quency (SIF). Secondly, we adaptively filter the corrupted
signal #$ , in different sub-bandsusing � ��� � 7 ��� � � � � ! as the
central frequencies.Then, we take eachsub-bandoutput
andenterthemin an ICA algorithmwhosetask is to find
thesignalwhich is mostlyrelatedto ��� andits multiples.

Ourfinal objectiveis to developanalgorithmwhoseout-
put signal 8�� � � is a modifiedversionof a givensourcesig-
nal � 9 � � � , i.e., thesignalof interestwill begivenby 8�� � �:�; � � 9 � � � � , where ; � < � canat the sametime be a filter anda
non-lineartransformationoperator.

Also in ouralgorithmweincludedthetemporalmasking
characteristicof theauditorysystem.This is managedby a
switchwhich is onefor thevoicedpart,anddecaysgradu-
ally to zeroin thesilentandunvoicedpart. This switching
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Fig. 1. Block diagramof thealgorithmwhich mimics theauditorysys-
tem. First ly it tracksthe fundamentalfrequency (f0) usingSIF. Then,it
processthe mixed signalsusinga bankof band-passfilters (suchas the
innerear). After, it processeachmixed/reverberatedsignalby anICA al-
gorithm.Finally, it carriesoutmaskingby turningswitchesonor off.

is managedby a variableestimatedby SIF, which we call
speech instantaneousamplitude, aswe shallseein thenext
section.

2.1. Extraction of the Fundamental Frequency

Theextractioninvolvesfirstly theestimationof thespec-
trogramwhich, for asignal ��4� � � , is definedas� � �   ¡��*¢¤£¥ ¦¨§§§§

©«ª ¬5 ® ¯ ° ± ��4� ²5� ³´� ²¶µ�� � · ² §§§§
®¹¸

(2)

where³´� ²¶µº� � is a window function.
After this,welook for thefrequency valuecorresponding

to the maximumof
� � �   ¡�� at eachtime instantin a given

frequency range.We call this quantitythedriver » � � � , and
it is givenby» � � �¹¢½¼ ¾ ¿�À¶¼ Á5Â*Ã � � �   ¡�� Ä Å Æ Ç È5É Ê´ËÅ Æ Ç È É ¬ Ë ¸ (3)

WedefineÌ asafrequency valuethatlimits thesearching
range,and » � � ¬ � as the driver value at the previous time� ¬ . Generallyspeaking,we wantedto saywith (3) that the
algorithmsearchesfor themaximumof

� � �   ¡�� ateachtime
instant � , along the frequency axis ¡ which is boundedto
interval [ » � � ¬ �4µ Ì   » � � ¬ �´Í Ì ].

After this, we calculatethe instantaneousfrequency by
using a band-passfilter arounda central frequency given
at eachtime instantby the driver. In particular, we use
waveletsto constructthefilter. Thebasicwaveletis a slight
modificationof the Gaborfunction, which is localizedin
bothtime andfrequency domains.Themodificationis car-
riedout in orderto shift thespectralresponseof thefilter to
thecentralfrequency. Thus,thebasicwaveletis [5]Î � � �*¢¤£¥ ¦ ·· ��ÏÐ ª ¬�¯5Ñ Ò Ó Ô Õ ÔÖ ×ºØ�Ù Ú Û Ü:Ý ¥ ¦ � © Þ » � ² � · ² ßáàâº 

» � � �*¢ã£ä%å Þ » � � � ¸ (4)

where
ä

is a shorttime interval1. Thesignalfilteredin this
interval is givenbyæ Þ � � �*¢ © Þáç Þ � ²5� è�� �¹µ�² � · ² ¸ (5)

The speechinstantaneousfrequency is then calculated
substituting(5) into thefollowing equation,é Þ � � �*¢ · ê Þ � � �· �  ëê Þ � � �*¢½¼ ¾ Ú ì ¼ í�� µ�î-Ã æ Þ � � � Äæ Þ � � � � (6)

whereî-Ã ï � � � Ä is theHilbert transformof thesignal æ Þ � � � .
Another variablethat we extract from the signal æ Þ � � �

is the speechinstantaneousamplitude,given by Ì Þ � � �ð¢ñ î-Ã æ Þ � � � Ä ñ . This termis responsiblefor theswitchingat the
laststepof thealgorithm.

2.2. The Bank of Adaptive Band-pass Filters

We useherethe conceptof harmonicityof the voiced
soundsthatwasexploitedin somemodelsof computational
auditorysceneanalysis(CASA) whichgrouptogetherspec-
trotemporalregionsthataremodulatedby thesameperiod[20].

The idea is to usea bank of bandpassfilters centered
at thefundamentalfrequency ¡�ò andits harmonics,aspro-
posedin [5]. We usethesamewaveletasgiven in (4), but
now we substitute» � � � by theestimated¡�ò � � � .

Fromthis, we obtainintermediarysignalsæ ó ô õ � � � which
are ���ó � � � filteredaroundfrequency ö ¡�ò � � �   � ö ¢ £   ¥   ¸ ¸ ¸   ÷º� ,
givenby æ ó ô õ � � �*¢ ©-ø¬ ø Î � �   ö � ��5ó � � � · ²ù Û ¾ ö ¢ £   ¸ ¸ ¸   ÷ð ´ú¹¢ £   ¥   ¸ ¸ ¸   û ¸ (7)

where÷ is thenumberof harmonics(andthereforeof sub-
bands).

Then,wefind theinstantaneousamplitudeof eachæ ó ô õ � � �
by thefollowing operation,üý ó ô õ � � �*¢ ñ î-Ã æ ó ô õ � � � Ä ñ (8)

whereî-Ã æ ó ô õ � � � Ä is theHilbert transformof thesignalæ ó ô õ � � � .
At this point, however, we have no phaseinformation

aboutthe signal we want to estimate. Thus, we generate
from

üý ó ô õ � � � and ¡�ò � � � asetof orthogonalsignals,ç þ ô ó ô õÿ¢ üý ó ô õ � � � ª þ  ® ¯ Ç õ ° � Æ Ç É   (9)�ÿ¢ µ £   £ ¼ í�� ö ¢ £   ¸ ¸ ¸   ÷ ¸
1We usedzeropaddingto handleborderdistortionscausedby theuse

of wavelets.



In orderto obtainthephaseinformationof thesignal,we
usetheWienertheory. In this casethe ����� 	 outputof the

-th sub-bandwill be,

�� � ����� �� � � � � � � � � � ��� ��� � � � � � � � ��� (10)

where � � � � � � � � � ! " � � � � � ! #�" � � � � $ � . In Wienertheory, given
the signal %��� � � � � , the weight vector � � � � which gives the
minimummeansquarederrorbetweentheestimatedsignal&�� � � and %�� � � � � is givenby[12],
� � � �'�)( #�" *

�)+,� � � � � � � � � � � � � � � �$ #�" +,� %��� � � � � � � � � � � � $ � (11)

Sincethe elementsof � � � � � � � are mutually orthogonal,
matrix ( is diagonal. Thus, it is not difficult to remove
theinversionin (11),by normalizingtheelementsof � � � � � � �
to have unity variance. In this case,(-�/. , thus, � � � �0�+,� �� � � � � � � � � � � $ .

3. INDEPENDENT COMPONENT ANALYSIS

In this sectionwe studythe third stepof the algorithm,
now that we have availablethe sub-bandsignals,givenby
(10), obtainedfrom the bankof band-passfilters. In other
words,we have split wide-bandinto narrow-bandsignals.
An importantpropertyof a narrow bandsignalis that they
have lesseffects of convolution. In fact, the convolutive
mixtureturnsapproximatelyinto aninstantaneousmixture,
asthebandwidthdiminishes.Anotherimportantpoit is that
we effectively reducethe probability of finding morethan
two strongsignalsat thesamesub-band.

An importantcontribution of this manuscriptis that we
no longerextracttwo (or more)componentssuchasin pre-
viousworks,e.g.,[18, 3]. Noticealsothat theinputsof the
ICA blocksaretheoutputsof thebankof bandpassfilters
(seeFig. 1). In this case,the ICA inputsfor the



-th sub-

bandaresignalscomposingvector 1 � . In orderto simplify
notation,let usconsideroutputof the



-th sub-bandat the2

-th step,and its correspondingerror respectively defined
as:
3 4 � � � � � �657�4 � � 1 � � � � ��8 4 � � � � � �657�4 � � 1 � � � �9�0: 3 4 � � � �9� & � � (12)

where5,4 � ���;� <=" " � <>" ? � � � � <>� @>$ � , 1 ���;� ��" " � �" ? � � � � ��" @>$ � ,& is a given time delay, and : is a scalarweight. For sim-
plicity, we will drop the time index � andmake A 4 � � � B6�
A 4 � � � �9� & � .

Thecostfunction C 4 � �,��+,� 8 ?4 � � $ canbeevaluatedasfol-
lows:

C 4 � �D�E57�4 � � +,� 1 � 1 �� $ 5D4 � � �0� : +,� 3 � � B 57�4 � � 1 � $ F : ? +,� A ?4 � � � B $ � (13)

In orderto estimatetheweightvector 5,4 � � we evaluatethe
gradientof thecostfunctionasfollows:G C 4 � �G 5,4 � � � � +,� 1 � 1 �� $ 5D4 � � �0� : +,� 3 � � B 1 � $ F � :

? +,� 1 � � B 1 � � B $ (14)

Solving H I J K LH M9J K L
�-N we obtain a new iterative algorithm

givenby,

5/��+,� 1 � 1 �� $ #�" +,� 3 � � B 1 � $ :�OF � : ? � (15)

In orderto avoid the trivial solution 5,4 � �P�QN , we per-
form normalizationof the vector to unit lengthat eachit-
eration step as 5,4 � � � R��S5D4 � � T T U U 5,4 � � U U . With this, the
term : T � ��F � : ? � can be disregarded. Moreover, we can
assumewithout lossof generalitythat the sensordataare
prewhitened,thus +,� 1 � 1 �� $��V. . With this, (15) leadsto a
verysimplelearningrule,

5Q��+,� 1 � 3 � � B $ � (16)

In a previouswork, BarrosandCichocki [4], have stud-
ied the propertiesof the above algorithm. Oneof themis
that, if the signalsaremutually independentandif for one
of the sourcesignals,say W 4 , the autocorrelationpropertyX 4 � � � X 4 � ��� & �=Y��Z holds,thenthealgorithmoutputwill beX 4 up to a scalingfactor2. Thus,sincein a previous step
we have estimatedthevoicepitch [ Z , we caneasilyuseas
thenecessarydelay &��Q� T [ Z , for thefirst frequency band
� �;� andfor theotherbandswe justmake &\�;� T � 
 � [ Z � .

Although we solved the permutationproblem,the scal-
ing effect well known in ICA [9], persists. For this, we
useanexponentialspectraldecay, i.e., %3 4 � � � BD��] #^ � 3 4 � � � B ,
whereZ,_E`E_�� .

4. RESULTS

Firstly, we carriedout simulationswherewe mixedand
convolutedthreeindependentspeechsignalsinto two mix-
tures,asmodeledby (1), where a �cb and � � � . The
desiredsignalwasa malevoiceandthe interferenceswere
a malesingingandthe soundof a laugh. The coefficients
of theconvolutionfilter were100,whereaswe turnsomeof
themzeroto roughlymimic a real roomimpulseresponse.
Thetaskfor thealgorithm,aswe havestatedbefore,wasto
find thesignalwith thehighestenergy.

Similarly, we have carriedout realworld experimentsin
astandardlaboratoryroom( d �6eOf � ), whereweplacedtwo
microphonesin the middle, away 1.5 m from eachother.
In the environment, therewere computers,tables,chairs,
etc. Onemalespeaker stoodup in front of them,away 1.5
meters.Behindhim, makingatrianglewith heightof 1.5m,
wasa femalespeaker anda speaker phoneplaying music.
Thedatawassampledat16KHz andrecordedonapersonal
computer.

As we have shown before,theoutputsignalis no longer
a linearly mixednon-delayedversionof theoriginal source

2This is demonstratedin[4].



signal,thereforewecannotmeasureeasilyhow muchback-
groundnoisewasremoved from the mixed signal,or how
distortedthe sourcecameout, by meansof a simpletech-
niquesuchasmeansquarederror. Thus,we have optedfor
the subjective measurementsby the MOS scale[7], which
is a five-pointrating scale,covering the optionsExcellent,
Good,Fair, PoorandBad. Tensubjectswereaskedto rate
separately:a) Thebackgroundnoiseand;b) Thedistortion
introducedby thealgorithm. Eachsoundwasplayedtwice
in randomorderusingtheMATLAB commandsound. The
resultsareshown in Table1.

BACKGR. NOISE SENS. g9h i\jk l m h n o p=q l k r;n s k tu n ovw x y�h zq t { w | } ~ w � ~� j�m � j�m � w � � � w � ~
Table 1: The meanMOS scoreaccountingfor the back-
groundnoisesensitivity at eachstageof theprocess.

As expected,the systemworked moreefficiently in the
caseof simulationthanin the real world experiment.This
is explainedby the fact that we do not know the impulse
responseof a real room, including its non-minimumphase
effect. On theotherhand,while in thesimulationthemix-
ing wasgenerallyevaluatedaspoorby thelistenersandthe
outputgood, in the real roomcasetherewasonly onestep
improvementfrom poor to regular. This maybeexplained
by thefactthatsomealiasingshouldbeoccurringwhenthe
sub-bandsareadded.

Onecanseethatpitchtracking,bankof filtersandtheas-
sumptionof statisticalindependenceof thesourcesareen-
couraging.Comparedto previousworks3, wherethe main
focuswasthatof whenthe numberof sourcesandsensors
arethesame,in thispaperwewentonestepaheadandmade
thenumberof sourcesgreaterthanthenumberof mixtures,
and turnedthe problemdifficult to be solved by the algo-
rithmsproposeduntil now.
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