
ON SPECTRAL ESTIMATION OF RESIDUAL ECHO IN HANDS-FREE TELEPHONY

Gerald Enzner, RainerMartin, PeterVary

Instituteof CommunicationSystemsandDataProcessing
, AachenUniversityof Technology, D-52056Aachen,Germany

Phone:+49-241-8026960, E-mail: enzner@ind.rwth-aachen.de

ABSTRACT

We presentandcompareresidualechopower spectralestimation
techniques.Residualechoarisesin hands-freetelephony equip-
mentdueto insufficientechocancellationperformance.Theresid-
ual echopower spectraldensityis very importantto controlcom-
binedresidualechoandnoisepostfiltering. Eventually, we intro-
ducea new partitionedblock-adaptive estimationtechniquedeliv-
ering considerablyimproved estimatesin reverberantand noisy
doubletalk environments.

1. INTR ODUCTION

Dueto theacousticenvironmentof mobilehands-freetelephones
we have to expect low signal-to-noiseratios and considerable
acousticfeedbackat the local microphone. It has beenshown
thata combinedacousticechoandnoisereductionpostfiltersub-
stantially improvesthe performanceof the moretraditionalecho
cancellationand noise reductionapproach[1]. Postfilteringin
turn relieson theresidualechoandnoisepower spectraldensities
(PSD).Thefunctionalityof our full-duplex echoandnoisecontrol
systemis depictedin Figure1. Sincethepostfilteris implemented
in thefrequency domain,all signalsarerepresentedby their short
termDiscreteFourierTransform(DFT) coefficientsat frameindex�

andnormalizeddiscretefrequency index � . WedenotetheDFT
coefficientsof themicrophonesignalby��� ��� ���
	�� � ��� ������ � ��� ������ � ��� ��� � (1)

where
� � ��� ��� , � � ��� ��� and

� � ��� ��� representcleannearspeech,
backgroundnoise,andacousticecho,respectively. Becauseof its
relatively short length, the echocanceller � yields a robust but
insufficient estimate �� � ��� ��� of theacousticecho.Therefore,we
apply combinedresidualechoandnoisepostfilteringwith input
signal � � ��� ����	 ��� ��� ����� �� � ��� ���	 � � ��� ������ � ��� ������ � ��� ��� � (2)

where
� � ��� ����	�� � ��� ����� �� � ��� ��� is theresidualechosignal.

In the receiving and sendingpath of the telephonewe have the
far endspeech� � ��� ��� andthe estimatedlocal speech �� � ��� ��� ,
respectively.

2. PREVIOUSLY PROPOSEDESTIMA TORS

Residualechoestimationtechniquesarebasedon theevaluation
of autoandcrossPSDsof the signalsin Figure1. For example,
thecrossPSDof � � ��� ��� and

� � ��� ��� is written as  "!$# � ��� ��� ,
autoPSDsaccordingly.

At first, werecapitulatetwo previouslyproposedsolutionsto the
estimationproblem.
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Figure1: Mobile hands-freetelephony environment.

2.1. CoherenceAnalysis
We assume

� � ��� ����	BA � ��� ��� � � ��� ��� , where
A � ��� ��� is the

residualechotransferfunction. Undertheassumptionof statisti-
cally independent

� � ��� ��� , � � ��� ��� , and � � ��� ��� , we canwriteA � ��� ����	  !$# � ��� ��� !8! � ��� ��� (3)

andobtain  DC�C � ��� ���D	FE A � ��� ���0E G  !8! � ��� ��� for theresidual
echoPSD.Thiscanbeexpressedequivalently[2] by DC�C � ��� ���
	 � !D# � ��� ���  #�# � ��� ��� (4)

usingthemagnitudesquaredcoherencefunction�"!$# � ��� ���
	 E  "!$# � ��� ���0E G "!8! � ��� ���  D#�# � ��� ��� (5)

of thesignals� � ��� ��� and

� � ��� ��� .
The result can be implementedon the basisof Welch’s power

spectralestimationtechnique[3], or recursive averagingof peri-
odogramswhichaccountsfor theshorttermstationarityof speech
signals( HJI�K�I�L ):� "!$# � ��� ���M	 KN� "!$# � ��� ��� L �� � L � K � �PO � ��� ��� � � ��� ��� (6)

The approachis conceptuallyclear, however, we observed bi-
asedestimatesof theresidualechoPSDin thecaseof finite length
block processinganddueto short term correlationsof otherwise
independentspeechandbackgroundnoisesignals.Therefore,the
coherencemethodstill haspotentialsfor considerableimprove-
mentswith regardto residualechoestimation.This will beshown
moredetailedin Section3 andby simulations.

2.2. Virtual Transfer Analysis
Accordingto [1], we assume

� � ��� ���<QSR � ��� ���T� � ��� ��� , whereR � ��� ���VU�W is the real valuedvirtual transferfunctionbetween
theacousticechoandtheresidualecho.Then,we obtain C�C + X7Y[Z]\ � ��� ���
	_^ R � ��� ���L �NR � ��� ���a` G  => => � ��� ��� (7)



withR � ��� ���<	  ;�; � ��� �����  D#�# � ��� �����  => => � ��� ��� ;�; � ��� �����  D#�# � ��� ����  => => � ��� ���cb (8)

Note that it is not allowed to applyan averagingprocessdirectly
to thevirtual transferfunction,neitherastime averagesnor in the
frequency domain. The problemis that the estimateof the vir-
tual transferfunctionis highly non–ergodicandnon–stationary, in
contrastto theresidualechoPSDwhich it servesfor.

Equations(7) and (8) rely on available auto PSDsonly and,
hence,theapproachis supposedto work alsoduringdoubletalk.
However, the above equationsdo also allow anotherinterpreta-
tion if we considerthe generalformula for the PSD of a signal�d� ��� ����	 �� � ��� ���� � � ��� ��� : ;7; � ��� ���M	  #e# � ��� ���0  => => � ��� ���0cf Re ga => # � ��� ���]h (9)
Equation(9) holds for estimatesobtainedfrom Welch’s spectral
estimationtechniqueor recursive averagingof periodograms(6),
too, since

E � E�	iE ��jEakE � El�f Regm�� O � h . Substituting(9) into
(7) and(8) deliverstheequivalentexpression CeC + X7Y*Zn\ � ��� ����	 Re

G gl => # � ��� ���]h => => � ��� ��� (10)

for the virtual transferestimator. This could be viewed asan in-
completecoherenceanalysisbetween �� � ��� ��� and

� � ��� ��� . In
fact, we might even complementthis virtual transferestimator
makinguseof thesignal�po5� ��� ����	�qmr �� � ��� ���� � � ��� ��� b

On the basisof
� o � ��� ��� andthe generalideabehindequation

(9) we cancompute

Im ga => # � ��� ���]h4	 Lf �  ;as ;as � ��� ���7�  D#l# � ��� ���7�  => => � ��� ���t�
(11)

andherebyobtaintheextendedvirtual transferestimate o C�C + X�Y[Z]\ � ��� ����	  DC�C + X7Y[Z]\ � ��� ���� Im
G gl => # � ��� ���]h => => � ��� ���	 � => # � ��� ���  #e# � ��� ��� b (12)

With regard to this interpretationwe concludethat the virtual
transferestimatorin factis anincompletecoherenceestimatorbe-
tween �� � ��� ��� and

� � ��� ��� . In particular, weexpectsimilarprob-
lemswith respectto finite lengthblock processingandlocal dis-
turbances.This will beshown by simulations.

This sectionshowed thatwe canproceedwith thedevelopment
of residualechoestimatorson thebasisof equations(4), (5), and
(6), possiblyusingeither � � ��� ��� or �� � ��� ��� .

3. MULTIPLE–FRAME COHERENCE ANALYSIS
3.1. ProblemDescription
a) We have alreadystatedin this article before, that we expect
a biasedcoherenceestimate(or residualechoestimate)in case
of finite lengthblock processing.This is dueto the fact that the
acousticechopath may considerablyspreadthe far speechover
time beforethe local microphonepicks it up. In car acoustics,
for example,we actuallyhave to accountfor animpulseresponse
of 400 to 800 coefficients at a samplingfrequency of 8kHz. In
anoffice environment,thereverberationtime canbesignificantly
higher. Typical speechenhancementsystems,in contrast,make
useof DFT lengthsof only 128 or 256 speechsamples(due to
signaldelayandcomplexity constraints).Therefore,a DFT based
block estimatoron thebasisof equations(4), (5), and(6) will cer-
tainly fail in theattemptto reflectthefull correlationbetweenthe
echocompensatedsignal and the far speech.Thus, oneobtains
systematicallyunderestimatedresidualecho.Therecanbea very

distinctive bias in thoseapplicationswhereearly echois already
cancelledout by theshortandrobustechocompensatorof length
128to 256.In thiscase,theresidualechobiasrelatedwith (4), (5),
and(6) considerablyimpactsthepostfilteringperformance.

b) Both localbackgroundnoiseandnearspeechactivity arealso
decisively influencingthe residualechoestimator. Background
noiseandnearspeechmeanlocaldisturbancesfrom theviewpoint
of acousticechocontrol. In general,the residualechoestimates
will betoo high dueto short–termcorrelationsbetweenotherwise
independentecho,speechandbackgroundnoisesignals. An ap-
proximation for the biasedcoherenceestimate(5), which holds
for calculationson thebasisof Welch’s power spectralestimation
technique,is givenin [4] for stationarysignals:�� Q �  L� � L � � � Gu^ L  f �� `wv	�x % � ��� �y� (13)

Thereby,
�

is thenumberof periodogramsusedfor averagingover
time andis relatedto anequivalentforgettingfactorfor recursive
averagingby

�z	 � L  K �t{ � L � K � . This resultallows for the
coherencebiascorrection� Q|xe}e~% � ��J� � � K �t� (14)

in thepresenceof stationarylocaldisturbances.

3.2. ProposedEstimator
Therationalebehindthenewly proposedmultiple–frameresidual
echo(or coherence)estimatoris asfollows:

Theacousticechocontainedin frame

� � ��� ��� wasexcitedby the
farspeechframes� � ���n� � �n��� � . With regardto theexponential
decayof theroomimpulseresponse,wemayhaveto consideronly
the limited number � of most recentframes � � ���n� � � ��� � LN���S� �

. According to (4) and(14), the residualechoPSD

correspondingto

� � ��� ��� andbeingdueto � � ����� � v	 � '*��/ �]���� � is writtenas: '*�l/C�C � ��� ����	|xe}e~%�� � !(�3���5# � ��� ��� � � � K �@�  D#�# � ��� ��� (15)

Thereby, we assumedmutualstatisticalindependenceof theexci-
tationframes� � ��� ��� . This is approximatelytruealsoin thecase
of speechexcitation andDFT lengthsof 128 to 256 datapoints.
Formula(15)accountsfor stationarylocaldisturbancesby thebias
correction(14). Notethat,strictly speaking,eventheacousticecho
dueto excitation frames� � ��� ��� � ���	 �e� representslocal distur-
bancesfor theestimationof  '*��/CeC � ��� ��� .

Then,the total residualechoPSDcanapproximatelybe calcu-
latedasa superpositionof the”single–frame”estimates(15): C�C + �a�T� � ��� ���
	 -����e- },����~  '3�l/CeC � ��� ��� (16)

3.3. RelatedBenefits
Theproposedstructurefor residualechoestimationentailsanum-
berof benefitswhicharebriefly discussedasfollows:� Eachcoherenceestimate� !$�*����# � ��� ��� considersan individ-

ual PSD  '*�l/!8! of the excitation signal. Thus,we make only
weakassumptionswith respectto the stationarityof the exci-
tation. This is particularlymeaningfulfor speechexcitation in
thepresenceof long reverberationtimes.� Thebiasof eachcoherenceestimate� ! �*��� # � ��� ��� is removed
individually by thebiascorrectionformula(14).� Eventually, weobserve thefreedomto assignindividual forget-
ting factors K '*��/ to the estimationprocessesof the coherence



functions� ! �*��� # � ��� ��� . Thatis useful,sinceareasonablefor-
gettingfactorcertainlydependsontheindividualratioof acous-
tic echoandlocaldisturbances.

3.4. Computational Complexity
The newly proposedalgorithmbasicallyrunsthe ”single-frame”
coherenceestimator(4), (5), and(6) � timesin parallelin orderto
deliver anunbiasedresidualechoestimate.Additionally, we also
applythebiascorrection(14) � timesin parallelto copewith local
disturbances.Thus,thecomplexity of thealgorithmis roughly �
timesashigh asfor theconventional”single-frame”algorithm.In
practice,it turnsout thatonly � 	�� or � 	�� canconsiderably
improve the residualechoestimatein the caseof car acoustics.
Furthermore,wemightadjustthelengthof theechocancellersuch
thatwe canevenomit thefirst coherenceestimator( � 	�� ).

The computationalcomplexity of the approachmainly depends
on the numberof divisionsassociatedwith coherenceestimation
(5). This is, however, originally relatedwith the ”single-frame”
algorithm.Thenumberof divisionscanbereducedby processing
averagesof frequency componentsat a time. Given fixed com-
plexity constraints,we stronglyrecommendto designanunbiased
residualechoestimator, if necessaryat the cost of a lower fre-
quency resolution.

4. APPLICATIONS
Wementiontwo mostimportantapplicationswherethenecessity

for reliableresidualechoPSDsarises.

4.1. Postfiltering for Joint Acoustic Echoand NoiseControl
The underlying application, currently driving the development
of residualechoestimationtechniques,is the frequency-domain
adaptive postfilter for the purposeof combinedsuppressionof
residualechoandbackgroundnoise,asoutlinedin theintroduction
of this article.

Spectralweighting�� � ��� ����	�� � � ��� ��� � � ��� ��� (17)
on thebasisof theWienerrule� � � ��� ���
	  :¡: � ��� ��� :¡: � ��� ����  ?<? � ��� ���e  C�C � ��� ��� (18)

canbeviewedasthesimplestform of DFT–basedspeechenhance-
ment,where  C�C � ��� ��� is the residualechopower spectralden-
sity and  ?<? � ��� ��� is thebackgroundnoisepower spectralden-
sity requiredfor the algorithm. Both parametersare crucial for
thereliability of thespectralweights

� � � ��� ��� . Thebackground
noisePSD can be determinedadaptively and accuratelyby the
Minimum Statisticsapproach[5], wherebythedesirednoisePSD
canbetrackedevenduringspeechactivity.

Insteadof Wienerfiltering,wedoactuallyusethemoreadvanced
MMSE-LSA spectralweightingalgorithm[6] which,however, re-
lies in a similarway on residualechoandnoisePSDestimates.

4.2. Frequency-DomainAdaptiveEcho Cancellation
We assume

� � ��� ���V	¢A o � ��� ��� � � ��� ��� , where
A o � ��� ��� is an

acousticechotransferfunction. We track the least-mean-square
approximationto

A o � ��� ��� by the unconstrainedfastLMS algo-
rithm�A o � ��� �m L �<	 �A o � ��� ����¤£ � ��� ��� �PO � ��� ��� � � ��� ��� (19)
with stepsizefactor

£ � ��� ��� anderrorsignal� � ��� ����	 �d� ��� ����� �A o � ��� ��� � � ��� ��� (20)
accordingto [3]. With regardto theleast-mean-squarecriterion¥�¦m§§§ �A o � ��� ���7�NA o � ��� ��� §§§ GM¨ ©

min (21)

we obtaintheoptimalstepsizefactor(compare[7])£ � ��� ����	  DC�C � ��� ��� DC�C � ��� ����  #e# � ��� ��� r L !8! � ��� ��� � (22)

which in turndependsonanaccurateestimateof theresidualecho
PSD  DC�C � ��� ��� . For the derivation of thestepsize,we assumed¥ ª E � � ��� ���0E «¬P	®f  G!8! � ��� ��� � othercalculationsarestraight-
forward.

5. RESULTS
5.1. Instrumental Measures
For the purposeof instrumentalevaluationof residualechoesti-
mationtechniques,we make useof a setof frame-orientedLog–
Spectral–Distancemeasures.Basedon theDFT block length ¯ ) ,
we considertheLog–Spectral–Mean°±� ���
	 L¯ ) � ) L0H log ~.² � C�C � ��� ��� DC�C � ��� ��� (23)

of theratioof theestimatedandthetrueresidualechopower. Fur-
thermore,we evaluatethe Log–Spectral–Meanof the ratio of the
estimatedandthe true spectralWienerweights(18) requiredfor
residualechoandbackgroundnoisesuppression,given  :¡: � ��� ���
and  ?"? � ��� ��� :° � � ���
	 L¯ ) � ) L�H log ~.² �� � � ��� ���� � � ��� ��� (24)

Thelatter
° � � ���

actuallymeasuresthereliability of theresidual
echoestimatewith respectto its impactonspectralweighting.For
example,in thepresenceof stronglocal speechactivity, theresid-
ual echoestimatedoesnot needto beasaccurateasfor a speech
pause(in orderto determinegoodspectralweights).

Eventually, we considertheLog–Spectral–Distance�³� � ���
	 ´µµ¶ L¯ ) � )¸· L�H log ~.² �� � � ��� ���� � � ��� ���a¹ G (25)

betweentheestimatedandthetruespectralWienerweights.

5.2. Numerical Results
Wecomparenumericalresultsfor theestimationtechniquesunder
consideration.In particular, we presentresidualechoestimateson
the basisof white noiseexcitation � � ��� ��� undervariouslevels
of local speech

� � ��� ��� andcarbackgroundnoise
� � ��� ��� . The

acousticechois generatedartificially by meansof a car impulse
responsecut to 512 coefficients, the first 128 coefficients being
cancelledideally by the echocompensator. The DFT length for
residualechoestimationis 256datapointswith 50%frameover-
lap andHannwindowing. With regardto theshorttermstationar-
ity of speech,wechosetheforgettingfactor K 	 H b º . Thenumber
of excitation framesinvolved with the multiple–framecoherence
estimatoris � 	�� , thecorrespondingforgettingfactorswerein-
dividually chosenas K '*-0/ 	 H b » , K '*- }e~ / 	 H b º , K '*- } G / 	 H b º ,K '*- },¼ / 	 H b »

Figure2 depictsthreedifferentstatesof local disturbances:In
the first 300 signal frames,there is no local contribution to the
microphonesignal, thus, only acousticecho. In frames300 to
600 we addedlocal car backgroundnoise,and in frames600 to
900,thereis carbackgroundnoiseandlocal speechpresent(dou-
ble talk). The correspondingtrue coherencelevel � !$# � ��� ���m	 C�C � ��� ���t{  D#�# � ��� ��� , which is depictedonly in Figure3 and4
for clarity, indicatesthosesituations.

From Figure2 we observe that both the ”single-frame”coher-
enceestimator(4) andtheextendedvirtual transferestimator(12)
do not completelyreflectthe residualecho. Note that the virtual
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Figure3: Biasof theWienerweightsdueto differentestimators.

transferestimatordelivers comparatively better resultsonly be-
causethe estimatedecho �� � ��� ��� is basicallya delayedversion
of the excitation � � ��� ��� . The bias of both estimatorsis most
severe when thereare no local disturbances.In the presenceof
local backgroundnoiseandspeechactivity, bothmethodsachieve
betterperformanceonly becauseof theadditionalbias(short–term
correlations)introducedin this case.

In contrast,Figure2 shows that the multiple–framecoherence
estimatorachieves nearly unbiasedresidualecho estimatesfor
any kind of localacousticenvironment.In particular, duringlocal
pausewe obtainan unbiasedestimatedueto the multiple–frame
residualechosuperposition(16). And in the caseof local back-
ground noise (and speech),the coherencebias correction (14)
avoidstheoccurrenceof considerableoverestimates.

Theperformanceof themultiple–framecoherenceestimatorbe-
comesevenmorefavorablefrom Figure3. Here,we canseethat
theestimationerrorsdueto nonstationarylocaldisturbances(com-
pareFigure2) do hardly ever impactthe constructionof spectral
Wienerweightsfrom residualechoestimates.Hence,weconclude
that themultiple–framecoherenceestimatordeliversconsistently
excellentresultsfor theapplicationof postfiltering.
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Figure4: Varianceof theWienerweightsfor differentestimators.

Eventually, Figure4 proves that the multiple–framecoherence
estimatoralso introducesthe smallest”variance”

� � � ���
com-

paredwith otherestimationtechniques.The potentialsfor com-
binedacousticechoandnoisepostfilteringareobvious.

5.3. Auditi ve Results
Theestimationtechniquesunderconsiderationweresimulatedin
ouracousticechoandnoisecontrolsetup(seeFigure1) usingsyn-
thetic and real world data. Using the multiple–framecoherence
estimator, the spectralpostfilteringalgorithmachieved very high
residualechoattenuation,while preservingverygoodspeechqual-
ity duringdoubletalk.

CONCLUSIONS

We proposedthenew block–partitioned(multiple–frame)resid-
ual echoestimatorbasedon recursive averagingof periodograms
and coherencebias correction. The estimatordelivers unbiased
resultswith regardto variousacousticenvironments.
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