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ABSTRACT
This paper proposes double-talk resistant echo canceller with
double filters, one for echo-path estimation and one for echo
cancellation. An adaptive step-size algorithm based on the
cross-correlation between the echo replica and the near-end
speech is used for the echo-path identification. The filter co-
efficients are copied from the estimation filter to the cancel-
lation filter only when the cross-correlation is small enough.
Computer simulation results show that the proposed algo-
rithm successfully reduces echoes in a double-talk period.
The tracking capability of the proposed algorithm for echo
path changes is almost comparable to that of a previously
proposed double-filter algorithm with fast transversal filter.

1. INTRODUCTION

Acoustic echo cancellers (AEC’s) are used to reduce echoes
which disturb comfortable conversation [1]. In AEC, adap-
tation in a double-talk period is an important problem[2],
[3], [4]. As a fast convergence and stable AEC, combined
fast adaptive filter (CFAF) algorithm, which uses fast transver-
sal filter (FTS) and normalized least mean squares (NLMS)[5],
has been proposed [3], [4]. Though CFAF successfully re-
duce echoes in a double-talk period, tracking performance
to an echo-path change within a double-talk period is not
enough.

This paper proposes double-talk resistant AEC with dou-
ble filters, one for echo-path estimation and one for echo
cancellation. An adaptive step-size algorithm based on the
cross-correlation between the echo replica and the near-end
speech is used for the echo-path identification. Section 2
describes the influence of the cross-correlation on the adap-
tation, followed by a cross-correlation estimation algorithm.
An AEC with double filters is proposed, and its performance
is shown by computer simulations using real speech signals.

2. DOUBLE-TALK IN ECHO CANCELLATION

A teleconferencing using an AEC shown in Fig. 1, the echo��������� is generated by propagation of the far-end speech sig-
nal 	 ������� from the loudspeaker to the microphone in the
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Fig. 1. Teleconferencing using AEC

near-end room. The AEC suppress echoes by subtracting
echo replica���� ����� from the mixture of the echo��������� and
the near-end talker speech	�! ����� .

Assuming an" -tap FIR adaptive filter, the echo replica����#����� is calculated by

����#�����%$'&)(*�����,+%�����.- (1)

&/����� is an " -th order coefficient vector,+%����� is an input
signal vector consists of	 ��������0�0�0 	 �����21 "4365 � , & ( �����
denotes the transpose of the vector&/����� . The error signal7������ , which is the AEC output, is generated by

7������8$9���#����� 3:	�! �����;1 ����������<- (2)

Assuming a normalized least mean square (NLMS)[5] algo-
rithm, the filter coefficient vector&/����� is updated by

&/��� 3=5 �8$=&/����� 34> 7?�����,+%�����+ ( �����@+%����� - (3)

> is a constant known as a step-size, which controls the
adaptation speed and the accuracy.

In NLMS, the filter coefficients are so updated as to min-
imize the mean squared errorACB 7 ! ������D . In double-talk situ-
ations,ACB 7 ! ������D becomes

ACB 7 ! ������DE$ AFB ��� � �����G1 �� � �����H� ! D3JI�ACB ��� � �����G1 �� � �����K� 	 ! ������D
3JACBL	 !! ������DH- (4)
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In (4), the3rd term of the right-handsideis a constantbe-
causeit is independentof thefilter characteristics.The2nd
termwill bezeroif � � ������1 �� � ����� and 	 ! ����� have nocross-
correlation.In this case,minimizing ACB 7 ! ������D is equivalent
to minimizing the1st term. Thustheadaptive filter canes-
timatetheechopath.

Ontheotherhand,the2ndtermwill notbezeroif ���#�����M1���������� and 	#! ����� arecross-correlated.Usually, the far-end
speech��������� andthenear-endspeech	#! ����� arestatistically
independent.However, a large step-sizemight result in a
strongcross-correlationbecauseof a short-termaveraging
of suchterms.

Minimizing ACB 7 ! ������D in sucha situationmight causea
poorestimateof theechopath. Therefore,adaptationcon-
trol basedon the crosscorrelationbetweenthe near-end
speechandthefar-endspeechis necessary.

3. ESTIMATION OF CROSS-CORRELATION

3.1. Approximation

In actualapplication,it is impossibleto calculatethecross-
correlationbetweenthenear-endspeechandthefar-endspeech.
Therefore,it shouldbe estimatedusing available signals.
The cross-correlationcanbe approximatedby using N �����
and O ����� definedby

N �����P$ ACB��� � �����.��� � ����� 3Q	 ! �����K��D$ ACB��� � �����H� � ������D 3RACB,�� � ����� 	 ! ������D (5)

O �����S$ ACB,�� ! � ������DH- (6)

After theconvergenceof theadaptive filter, we canassume

ACB,�� ! � ������DUT ACB,�� � �����K� � ������D@- (7)

In this case,the differencebetweenN ����� and O ����� , sayVW����� , leadsusto

VG�����S$ N �����G1 O �����$ ACB,����������H����������D 3:ACB,����#����� 	#! ������D1 ACB��� !� ������DT ACB,���������� 	�! ������DH- (8)

Thuswecanestimatethecross-correlationbetweentheecho
replica ����#����� and the near-end speech	�! ����� . The cross-
correlationnormalizedby the power of the far-endspeech	 � ����� , X �����8$ VW�����

ACBL	 ! � ������D�Y (9)

will beusedto adaptationcontrol.
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Fig. 2. Exampleof CorrelationEstimation

3.2. Accurate Estimation and Fast Tracking by Short-
Term and Long-Term Averages

In theestimationof thecross-correlation,time-averagingis
usedinsteadof theensembleaverage.Thuswe have trade-
off betweenthe accuracy andthe trackingspeed.To over-
comesuchtrade-off, ashort-termandalong-termaveraging
arecombined.

By a 1st-orderleaky integrator, the estimationby the
short-termaverage,

X � ����� , is calculatedby the following
equations.

N �����i$ j � N ���F1 5 �3 � 5 1kj��M� ����������.����������� 3:	�! �����H� (10)O �����S$ j � O ���l1 5 � 3 � 5 1mj � � �� ! � ����� (11)nporq.�����%$=j��Mnporq#���C1 5 � 3 � 5 1kj��.� 	 ! � ����� (12)X �#�����%$ N �����G1 O �����nsoMq#����� (13)

j�� is a constantwhich satisfies5ut j�� twv . Thelong-term
averageis calculatedbyX ! �����%$'j ! X ! ���l1 5 � 3 � 5 1mj��#� X �#����� Y (14)

whereanotherconstantj ! which satisfies5Jt j ! t j � t9v
is used.

In the beginning of the double-talkperiods,the cross-
correlationrapidly grows. To track such change,

X ! �����
is replacedby

X �#����� when x X ������� xytzx X ! ����� x . After the
endof the double-talkperiods,

X ! ����� might keepa larger
valuebecauseof the long time-constantj ! of the integra-
tor. Largerestimatecausesslower convergence.Therefore,x X ! ����� x is replacedby themaximumvalueof x X �#����� x in the
past{�! samplesif x X ������� x}|~x X ! ����� x is satisfiedin { � sam-
ples.

Figure 2 demonstratesthe estimationby the proposed
method.Fasttrackingandstableestimatecanbe achieved
by the combinationof the short-termand long-termaver-
ages.

4. AEC USING DOUBLE FILTERS

4.1. Structure

Figure3 depictsthestructureof theproposedAEC. Twofil-
ters,AF1 andAF2, areused.Thefilter coefficientsfor AF2



��������� � � � �

�?�������
Far-end
Speech

���@���������#�� � �@�@���

EchoCoefficient
Copy

�������%� � � ���%�
� � ������?�����%�^

� �
�y����y���

Fig. 3. AEC usingdoublefilters

areupdatedby anadaptive step-sizeNLMS algorithm.The
step-sizeof AF2 is controlledbasedonthecross-correlationX ! ����� . The filter coefficients for AF1 is transferredfrom
AF2. Either theAF1 output 7 � ����� or theAF2 output 7 ! �����
is usedastheAEC output.

4.2. Adaptation Control Based on Cross Correlation

The step-size> ����� for AF2 is selectedfrom >�� and >�  ,
where 5J¡ >�� t >�  ¡¢v - (15)

Thelargerstep-size> � isselectedwhenthecross-correlationX ! ����� issmallerthanthethreshold£ � . Thecoefficienttrans-
fer is carriedout whenbothX ! ����� |=£�! (16)

5{p¤
(}¥r¦ �§ ¨
©�ª 	 ! � ���F1¬«�� t­£<¤ (17)

aresatisfiedfor {p® sampleperiods. £ ! is greaterthan £ � ,
thus the coefficient transferrequiresmorestrict condition
thantheadaptation.

4.3. Echo-Path Change Detection

In a double-filterstructure,the performancewould be de-
gradedbetweenan echo-pathchangeand the next coeffi-
cienttransfer. Toovercomethis,anecho-pathchangedetec-
tion is introduced.Both the step-sizeandthe AEC output
arecontrolled.

Betweentheecho-pathchangeandthecoefficient trans-
fer, AF2 error 7 ! ����� is expectedto besmallerthanAF1 er-
ror 7�������� . In thedouble-talkperiods,however, 7 ! ����� could
becomesmallerbecauseof thenear-endspeechcancellation
causedby thecross-correlation.Sincethedurationof such
near-end speechcancellationis not so long, the averaged
errorpower ¯

¨ �����8��«W$ 5 Y I � definedby

¯
¨ �����;$ 5{�°

(}±§ ¨
©�ª 7 !

¨ ���C1:«�� (18)
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Fig. 4. Near-EndandFar-EndSpeechSignals

canbe usedto echo-pathchangedetection.Theecho-path
changeis detectedwhen

¯ �#����� t­¯;! ����� (19)

is truefor {¾½ sampleperiods.
If the echo-pathchangeoccursin single-talkperiods,

it is desirableto usea large step-sizeandto user 7 ! ����� as
the AEC output for the fast tracking. On the other hand,
the stability is moreimportantwithin double-talkperiods.
Therefore,if an echo-pathchangeis detectedin a single-
talk period,i.e., X ! ����� |­£<® (20)£<®¿|­£ ! (21)

then 7 ! ����� is usedastheAEC output.Themaximumstep-
size

> �����;$ >�ÀÂÁrÃ $ 5 (22)

is used.TheAEC returnsto thenormaloperationifX ! ����� ¡=£<® - (23)

If an echo-pathchangeis detectedin a double-talkperiod,
theAEC worksasusual.

4.4. Computational Costs

For N-tapFIR filters,theproposedstructurerequiresÄ ��Å " �
operations: " for AF1 and I�" for AF2. Even for multi-
processorimplementation,no coefficient copy operations
arenecessary. By preparingtwo coefficient buffersandby
switchingonefrom two, copyoperationscanbereplacedby
switchingfrom a buffer to another. In multi-processorcase,
AF1 andAF2 aredivided into cascadedsubsections.Each
processorperformscomputationfor for bothAF1 andAF2
which sharesthesamecoefficients.

5. COMPUTER SIMULATIONS

Simulationshave beencarriedout to show theperformance
of theproposedAEC. Theproposedalgorithmis compared
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Fig. 6. TrackingPerformancefor Echo-PathChange

with theNLMS algorithm.As a structurewith multiple fil-
ters,The CFAF algorithmwhich usesFTF andNLMS[3],
[4] is alsocompared.

Figure4 depictsthefar-endspeech	 � ����� andthenear-
endspeech	#! ����� . Recordedrealspeechsignalshave been
used.Theechopathis a Butteworth low-passfilter whose
cut-off frequency is 0.4.As AF1 andAF2,64-tapFIR filters
areused.

Parametershavebeensoselectedastoachievethesmall-
estcoefficienterrornorm.Normalizedcoefficienterrornorm
definedby

î �����%$ 5#v;ïað?ñ x ò 1k&/����� x !x òóx ! (24)

is used,where ò is the echo-pathimpulseresponse.For
theproposedalgorithm, j��¿$ v -Lô , j ! $ v -Lô?ô�õ , { ��$ 5�ö?v ,{ ! $ø÷�ù , { ¤ $ø÷�ù , {p® $ 5�v?v , {s® $úù v�v?v , { ° $ I�v?v ,£ � $ v - 5 , £ ! $ v - v?v?I , £ ¤ $ v - v?ö , £.® $ v - v?ö > � $ v -LÅ and

>   $ v - vû5 have beenused.For theNLMS, > $ v - v Å has
beenchosen.Both in theproposedandtheNLMS, adapta-
tion is not carriedout if x +%����� x ! |w5#v?v�v to avoid thedegra-
dationwhenthe far-endspeechis too small[2]. Figure5
demonstratesthe performancein double-talkperiods. The
coefficient errors for the NLMS, AF1 and AF2 are com-
pared.TheNLMS is unstable.Thoughthecoefficient error
for AF2 are degradedwithin somecritical periodsshown
by thecircles,AF1 which generatestheAEC outputworks
fine.
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Fig. 7. Comparisonwith CFAV

The tracking performancefor echo-pathchangeswith
and without the detectionare comparedby Fig. 6. The
arrow showstheecho-pathchange.Thetrackingspeedwith
thedetectionis twice asfastasthatwithout thedetection.

Figure7 comparestheperformanceof theproposedand
CFAF. The proposedalgorithmachieves20dB higherper-
formancebetween5�ö?v�v?v?v and I?v?v�v?v�v samples.Thetime-
delaybetweensecondchangeandthetrackingstartfor the
proposedalgorithm is almost1/4 comparedwith that for
CFAF. Notethatthecomputationalcostsfor CFAF, Ä ��ô " � ,
is threetimeslargerthanthatfor theproposedalgorithm.

6. CONCLUSION

A double-talkresistantechocancellerwith doublefiltershas
beenproposed.The adaptationis controlledby the cross-
correlationbetweentheechoreplicaandthenear-endspeech.
Computersimulationresultsshow that the proposedalgo-
rithm successfullyreducesechoesin a double-talkperiod.
Thetrackingcapabilityof theproposedalgorithmfor echo
pathchangesis almostcomparableto that of a previously
proposeddouble-filteralgorithmwith fasttransversalfilter.
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