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Abstract
Acousticechocancellationis an essential
signal enhancementtool in hands-free
communication.Loudspeakersignals are
picked up by a microphoneand are fed
backto the correspondentiesultingin an
undesired echo. Nowadays, adaptive
filtering techniques are typically em-
ployed to suppress this echo.

In acousticapplicationslong filters need
to be adaptedfor sufficient echo sup-

pression. Classical adaptation schemes
such as LMS are quite expensive for

accurateecho path modelling in highly

reverberating environments. Cheaper
algorithmswere proposedand are mainly

basedon subbandand frequency-domain
techniques.However, due to nonlineari-

ties and the time-dependencef the echo
path some residual echo will always
remain.

Apart from the adaptive filter also a

steeringalgorithm hasto be included to

removethe residualsandto ensureproper
operation during double-talk.

Different adaptivealgorithms have been

implemented on DSP. They are compareds

basedon a cost/performancenalysis.A
steering algorithm is used that can
withstand the non-stationaritiesof the
acoustic environment.

1 Introduction

Hands-free teleconferencing systems
such as hands-freetelephoned(in cars),
tele-classing and video-conferencing
systemsprovide a comfortable way of

communicating. However, signal dete-
rioration occurs when loudspeaker
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signals are picked up by a microphone
and sentbackto the correspondentThis

resultsin an undesiredechoas shownin

figure 1.
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Figure 1: Echo cancellation setup
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Conventionatechniquesisedin classical
telephony such as clipping and voice

controlled switching [1] only have a

limited performance. More advanced
techniquesusing powerful digital signal

processing equipment are expectedto

provide a better signal quality.

2 Adaptive Filtering Techniques

2.1 Least Mean Squares
Nowadays,acousticechoesare typically
uppressetly meansof adaptivefiltering
techniques|[2]. An adaptivefilter itera-
tively convergesto an estimateof the
impulse responseof the acoustic path
(seefigure 1). Of all existing adaptive
algorithms the Least Mean Squares
algorithm may be best known. An FIR
filter F is updated iteratively according to

I:new = I:old + p'(d - I:o-lrdx)x'
LMS-based algorithms havecamplexity
thatis linearin thefilter length,but they

suffer from aratherslow convergencéor
‘coloured' signals sudmsspeechlin order



to copewith dynamicsignals,stepsizeu

is often normalisedby takingit inversely
proportional to the energy of x. This

normalisedversion of LMS (NLMS) is

typically used in practice.

As acoustic echo cancellers have to

operatein real-time,they shouldfit on a
(single) DSP processor with limited

computationalcapacity and memory. In

acousticapplicationslong filters needto

be adaptedfor sufficient echo suppres-
sion. Classicaladaptationschemessuch
asLMS are quite expensivefor accurate
echo path modelling in highly rever-
berating environments. More efficient

structureshave beernproposedover the
last 15 years.They are mainly basedon

2.2.1 Critically Downsampled Subband
Schemes

If L is chosenequalto M a critically
downsampledsubbandadaptivefilter is
being implemented.It seemsattractive
becauseoptimal computational savings
canbe madeasL is ashigh as possible.
In [3] it is shown that critically down-
sampledsubbandsystemslead to a resi-
dual modelling error which is consi-
derableunlesscrossfilters are included
between neighbouring subbands.Cross
filters again increase the complexity.
Furthermore, croshlters fail to converge
quickly. This suggestshe use of over-
sampled subband schemesfor which
M>L.

subband or frequency-domain techniques.

2.2 Subband Adaptive Filtering
A general setup for subbandacoustic
echo cancellation is shown in figure 2.
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Figure 2 : Subband adaptive echo canceller

The input signalsare first processedy

identicalM-band analysis filtebanksand

then downsampledwith a factor L. The

far-end subband signals are passed
through a set of adaptivefilters F.. The

subbanderror signals are then finally

recombinedin the synthesisfilter bank.

The ideal frequencyamplitude characte-
ristics of the analysisbankfilters H, and

synthesisankfilters G, areshown(ideal

bandpasdilters). Due to aliasingeffects,
this setup will only work forM > L.

2.2.2 Oversampled Subband Schemes
Splitting signals into subbandsseems
very promising,sincefor colouredinput
spectrathe convergencef fullband LMS

is slow. Here, each downsampledsub-
bandsignalwill havea flatter spectrum,
leading to improved convergencef an
LMS updatingalgorithmis usedto adapt
the subbandveights.As all computations
canbe done at the lower samplingrate,
this subbandapproachis supposedto
give a better performance at a lower cost.
In practicea considerableresidual error
remains. It appears that an extra delay has
to beinsertedin the near-endsignal path
and that the subbandfilters needto be
larger than expectedin orderto remove
the error [4][5]. The effective computa-
tional gain w.r.t. LMS is therefore
smaller than expected.

2.3 Freguency-Domain
Filters

Adaptive

2.3.1 FDAF

By applyingblock processingechniques,
implementationcost can be exchanged
for extradelay.BLMS is a block version
of LMS. When it is translated in

frequency domain it leads to the fre-



guency-domainadaptive filter (FDAF)
[6]. The FDAF is only computationally
attractiveif the block length equalsthe
filter length approximately.In practice
this leads to unacceptableinput/output
delays.

2.3.2 PBFDAF

By partitioning the adaptive filter a
cancellerwith acceptabledelay and low
implementationcost can be obtained.It
was called the Partitioned Block
Frequency-Domain Adaptive Filter
(PBFDAF) [7][8]. The N-taps fullband
adaptivefilter w(k) is partitionedin N/P
equal partsv,(k) : *

e (k)
0

w(k) = k=pP - (p+)P-1
p

0o elsevhee
The equations for the PBFDAF are :
O X((n+1)L - pP -M +1)[[J
Op . ]
Xoop = dlaggzg
H H x((n+2)L - pP)

N
Ij)P—l 0 —13_1
= X W
=Ho 1 F X
(d(nL +1) C
d_DOD d _D(; )[
I B S =
F((n+)L)E
e=d-y

e Op 0 1w H
W, =W_ +F AX ' Fe
Prs P BO OL—1§: n-p

The block lengthis L, the corresponding
input/outputdelay equals2L-1. F is an

MxM DFT matrix, A=2diag{t,) and

M=P+L-12 Ideally, the first of the

equationsabove requiresonly 1 DFT

operationwhich correspondso p=0. X,

for p>0 can be recoveredfrom previous
iterations ifP is divisible byL.

! We assume th&l/P is integer.

2 For signal conventions : see figure 1.

3 P+L-1 is in fact a lower boundfor M, so also
M>P+L-1 will work.

It was shownin [9] that the PBFDAF
schemecan be put into the oversampled
subband framework. The PBFDAF
implements a simple DFT modulated
perfect reconstructionfilter bank with
filters havingsinc-like frequencycharac-
teristics.

There exists two variants, called the
constrained and the unconstrained
PBFDAF. For the unconstrained version

A, 0[,
"o o

is left out from the last equation.The
unconstrainedupdatingrequires3 FFTs
whereas the constrained PBFDAF is
more expensive,having an extra 2N/P
FFTsto compute.The latter on the other
hand has better convergence properties.
Stepping several times through the 5
equationghatdefinethe PBFDAF with n
kept constant leads to an approvesight
update.This algorithm, which of course
enhances theonvergencéehaviourwill
be called the PBFRAP

Introducing stepsize normalisation is
anotherway of improving convergence.
As the PBFDAF takeson the form of an
oversampled subband adaptive filter
more or less,applyingdifferent stepsizes
for each subband, dependenton the
subbandenergy, improves the conver-
gence.

In practical design, block length L is
constrained by the maximal tolerable
delay. For a samplinfyjequencyof 8 kHz
and a maximal delay of 16 ms L is
constrainedo be smallerthanor equalto
64. A value for P that minimises the
implementationcostis then preferred.In
general,one canstatethat L=P=M/2 is a
good choiceOnly whenN becomedarge
or the maximal tolerabledelay is small,
P/L>1 can be put forward.

* RAP stands for Row Action Projection [10].



3 Robust Operation and Control

Until now the designof adaptivefiltering

schemes was discussed. An echo
canceller however, operatesin a time-

varying environmentand has to cancel
highly non-stationary signals such as
speechA robustsystemis thenrequired.
Someextracontrol parameterfiaveto be

included, which are basically used to

steer the adaptation speed. Intensive
testingandtuning shouldeventuallylead
to a cheap control systemwhich is as
robust as possible. A more elaborated
schemeeplacingfigure 1 is shownin the

figure below?
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Figure 3: Acoustic echo canceller

For control the energy of the, d- ande-

buffer can be tracked.

Once the energiesare computed,some
control decisions can be made. For
instance,if the far-end signal energyis

lower than a certainthresholde, no far-

end stimulusis supposedo be present.
The adaptatiornprocessis frozen andthe
near-endsignald is passedo the output
without correction (e=d). By continuing
the adaptationthe filter(s) could drift

away from the acousticpath replica due
to the activity of backgrounchoiseat the
near-end side.

Also when a local near-endspeakeris

active or in double-talk situations, i.e.

when both speakers are active, the
adaptation process must be frozen.
Otherwise, the adaptive filter is again

® The A/D and D/A units are analog-to-digital
and digital-to-analog converters respectively.
S/B and B/S standfor serial-to-blockand block-
to-serial conversion.

driven awayfrom its Wiener solution by
the local non-stationary source. The
adaptive coefficientswould be whirling
aroundon the rhythm of the local source
resulting in an annoying echo-like dis-
turbance. Near-end speechdetection is
thuscrucial for correctoperation.In case
of double-talk,this is far from easyasit
comesdown to a detectionof speechin
speech.The onsetsof speechare often
difficult to detect and to discriminate
from a non-stationarypart of the far-end
signal. A double-talk detectorwhich is
too sensitivewill generatea lot of false
alarms. The adaptation is regularly
stopped, so the overall convergence
speedwill be low. On the other hand,
when the detectds critically tuned,even
a slightly too late detectionof the onset
of near-end speech could lead to a
significant misfit of the adaptive filter.
The echo path is supposedto attenuate
the far-end signal level. Therefore, a
comparisonbetweenfar-end and near-
end instantaneougnergy gives an idea
aboutnear-endsourceactivity. If Es>TE,
double talk is detectel Fine tuning
thresholdt is crucial however. Another
measure could be [8]
_ EE

P=rtr 2
E: +E
It is smallerthanl in absenceof double
talk. When a local speaker stattsspeak,
p will rise.
The problemso far is that the adaptation
is switched either off or on. A sliding
stepsizey may be more appropriate.u
can vary betweenO (near-endactivity)
and . (only far-endactivity) basedon
the probability thatthe near-endsourceis
active. In [11] acorrelationbasedmethod
wasproposedIn the absencef near-end
speechthe loudspeakerand microphone
signalare highly correlated.An estimate

® E4 is the near-endframe energy. E, is the
energy corresponding to the far-end framel.



of the attenuatiorn=EJ/E, canbe updated
now. If the short-time energy at the
output of the adaptive filter E. is
significantly larger than expected
(E>aE,) adaptatiormustbe stopped By
comparingthe short-time and long-time
energiesof both x and e, the activity at
the far-end side as well as the level of
near-end background noise can be
estimated.

4 Real-Time Implementation on DSP

A real-time echo canceller was
programmedon DSP as a demo for

adaptive echo cancellati@amdhands-free
communication.The canceller basically
consistsof an adaptivefiltering coreand
some surroundingcontrol software (fig.

3). Several adaptive filters can be

pluggedin for evaluationand compar-
ison.

4.1 DSP equipment

Two DSP boardsare placedin a VME-

rack. They are accessiblethrough our
local network via a Sun Sparc station.
For this applicationtwo DSPsare used.
A 25-MIPSTMS320C44, clockedat 50
MHz is responsiblefor the dataacquisi-
tion. The loudspeakerand microphone
channelare first sampledat 16 kHz and
thendigitally downsampledo 8 kHz to

avoid aliasing distortion. The input
channelsx and d are sentto a second
DSP, a 25-MIPS TMS320C40 @ 50
MHz, which doesthe echo cancellation.
The output samplesaretransferrecback
to the first DSP and after digital

upsampling, they are sent to a loud-
speaker for evaluation.

4.2 Software
The algorithms were first testéa matlab
en Candthenportedto DSP.The control

" The TMS320C4x-familyare standardfloating-
point DSPsfrom Texaslnstruments suitablefor
audio processing.

algorithm is based on [11] and was
mainly programmedin C. Some of its

features were already described in a
previous paragraph.

Different adaptive algorithms were
implemented, mainly programmed in

assemblyln this way somespecificDSP
operations such as circular addressing
and parallel instructions are optimally

used. At this momentNLMS, (un)con-
strained PBFDAF and PBFRAP are
availableon DSP. The longestfilter that
could be adaptedin real-time using an

unconstrained PBFDAF with

L=P=M/2=64 was 325 ms. For NLMS

this reducesto 100 ms : the on-chip
memory of the C4x is very fast, but

rather small and limits the filter length.

4.3 Experiments

Sometestswere carriedout in the ESAT
speechaboratory,which hasa recording
room with variable damping and the
necessary equipment to set up an
experiment. Referring to figure 3, a
loudspeaker (far-end signal x) and a
microphone (near-end signal d) were
placed 40 cnapart.The near-endspeaker
wasreplacedby anotheroudspeakerfed
by a CD-player,to avoid unwantedtime-
variationsin the echo path by speaker's
motion. The impulse responseof the
room was determined. The room was
found to be moderately damped.

In a first experimentbandfiltered® white
noise was put through the far-end
loudspeaker,the near-end speaker re-
mained silent. The acoustic path was
estimatedwith an FIR filter of 768 taps
(96 ms) using 4 adaptive algorithms
(L=P=M/2=64,f=8 kHz) : unconstrained
PBFDAF, constrainedPBFDAF, NLMS
(block length=64) and unconstrained
PBFRAP (2 iterations).

After afastinitial convergence residual
errorremains.This is mainly becausehe

8 The passband was chosen to be [200,3700] Hz.



infinite path length is modelled with a
finite length filter. The PBFRAP
algorithm apparently has the best
convergenceproperties.Neverthelessjn

practice the echo suppressionwill not

come below approximately 30 dB,

becauseof nonlinear distortion (loud-

speaker), the non-stationarity of the
acoustic path and wrong control deci-
sions. Identifying long acousticpathsis

thereforenot advised.It will slow down
convergencdpweringtheerror level just
a little bit. By identifying only the
dominantpart of the acousticpath -100
ms e.g.,aswasdonein this experiment-
sufficient echo suppressionis obtained
and more expensiveadaptivealgorithms
suchas NLMS may be reconsideredor

acoustic echo cancellation.

The echocancellerwas further validated
through listening tests in the speech
laboratory.In this caseboth the far-end
and near-endsourceare active. Several
tests were done under different
conditions: different signals ((coloured)
noise, speech, music, ...), sampling
frequenciesand sourcevolume. Also the
effect of a time-varying echo path was
verified. The steeringalgorithm cameup
to our expectations.

5 Conclusions

A real-time acousticecho cancellerwas
implementedon DSP. Different adaptive
algorithms were compared. Acoustic
channelsup to 325ms could be modelled
with an unconstrained PBFDAF. In

practicethere will always be a residual
error. Therefore,by modelling only the
dominantpart of the echopath sufficient
echosuppressiorcan be obtained.More
expensiveadaptivefilters suchasNLMS

may be reconsidered then.
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