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Abstract
Aiming at ’natural’ hands-free acoustic human/machine inter-
faces, the need for according distant-talking automatic speech
recognition (ASR) systems increases and presents us with ma-
jor signal processing challenges at the acoustic front-end. Con-
sidering interactive TV as a challenging exemplary application
scenario, we investigate the structural problems presented by
noisy and reverberant multi-source environments with unpre-
dictable interference and acoustic echoes of loudspeaker sig-
nals, and discuss current acoustic signal processing techniques
to enhance the input to the actual ASR system. For illustration,
the scenario of an EU-funded project on distant-talking inter-
faces for interactive TV (DICIT) is considered as a challenging
example.

1. Introduction
Human/machine interaction became a more and more common
part of our everyday life and along with increasingly power-
ful computational resources the demand for more ’human’ in-
terfaces grew continuously. With speech still being the most
efficient and natural modality for human-to-human commu-
nication, the quest for natural speech as a modality for hu-
man/machine interaction persists. While speech dialogue sys-
tems with acoustically well-controlled signal acquisition (e.g.
via telephones or headsets) are already a commodity, the ’nat-
ural’ acoustic human/machine interface, which allows the users
to be untethered, mobile, and distant from the signal acquisition
hardware without the need to wear any extra gear, remains an
ambitious goal for research, as the recognition performance of
current ASR technology in such scenarios is still very limited.

Generally, ASR systems can try to cope with the challenges
due to an uncontrolled acoustic environment on various levels:
First, preprocessing of the microphone signals can remove all
unwanted signal components and distortion from the desired
signal, so that, ideally, clean speech is available for subsequent
feature extraction. On a second level, the acoustic model ofthe
ASR system can be adapted to be more tolerant to remaining
unwanted signal components and distortions, and, if the word
recognition rate is still insufficient for smooth dialogues, lan-
guage models can correct word recognition errors on a third
level. Obviously, remaining errors on the lower levels impair
the discriminative performance on higher levels and thereby
limit the overall performance. E.g., if the word classifier re-
ceives noisy and reverberant signals rather than clean speech,
the vocabulary has to be limited and/or the dialogue has to be
restricted to well-defined input utterances in order to allow for
a satisfactory dialogue.

In this contribution, we concentrate on the acoustic prepro-
cessing in order to deliver a desired signal that can be recog-
nized well by the actual ASR system. We also hint at techniques

which operate on the feature level in order to remove unwanted
feature components in the acoustic model of the ASR systems to
support classification. After discussing the fundamental prob-
lems (partly following [1, 2], we outline basic techniques and
highlight some recent progress in this area. As an illustrative
example for many of the unsolved challenges, we refer to ”In-
teractive TV” scenario as it is currently considered in the EU-
funded project DICIT [3].

2. The acoustic signal processing scenario
For a generic description of the signal processing scenario, we
consider a multiple-input/multiple output (MIMO) system as il-
lustrated in Fig.1, which covers multiple users in an acoustic
environment with multichannel sound reproduction and a mi-
crophone array for multichannel audio acquisition. On the re-
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Figure 1:Multichannel acoustic human/machine interface.

production side, vectorv containsL loudspeaker signals, which
are derived from (or identical with) the vector ofK source sig-
nalsu. Vectorw describes the2M signals at the ears of theM
listeners, which in the ideal case correspond to a set of desired
signalswd. Correspondingly,s represents the signals emitted
by M desired sourcesSi, which should be captured byN mi-
crophones. Vectorn accounts for any unwanted acoustic sig-
nals, whose contributions to the microphone signals and theear
signals are termedxn.

The setup in Fig.1 covers a multitude of applications, with
varying emphasis and difficulty regarding the individual signal
processing problems of the generic scenario. Aside from speech
dialogue systems, applications include [1, 2], e.g., hands-



free equipment for telecommunication, teleconferencing,and
telecollaboration, seamless interfaces for virtual environments
and immersive sound, but also acoustic surveillance, whichre-
cently attracted a great deal of attention. Speech dialoguesys-
tems by themselves could find their way into an enormously
wide range of applications if they allowed for a truly natural
voice interaction: For mobile phones, personal digital assistants
and mobile computing devices, hands-free operation for com-
munication has been popular for a long time, while voice con-
trol is still lagging far behind. Similarly, in cars, hands-free
equipment is often an integral part of the user front-end fortele-
phony, but the use of voice dialogues for infrastructure control
and navigation systems is still in its infancy. Seamless voice
interaction with desktop computers, multimedia terminals, and
game stations is another field of applications which still requires
major technological advances to exploit its huge market po-
tential. Finally, a class of hands-free applications with poten-
tially even greater user benefit and high demands regarding nat-
uralness of the human/machine voice dialogue includes smart
homes, home theatre systems, smart meeting rooms, and home
care for elderly people, as well as interactive museums and ex-
hibitions. Here, we concentrate on the typical acoustic scenario
for the latter class and refer to Interactive TV as a prototypical
scenario, which is also investigated in the EU-funded project
DICIT. In this project, all the control and programming infor-
mation related to a TV system should be accessible via voice
in a living room-like environment with multiple users typically
several meters away from the microphones attached to the TV
set.

Disregarding reproduction techniques and focussing on sig-
nal acquisition for natural speech dialogue systems only, the
task for the digital signal processing (DSP) unitG in Fig.1 is
simply to extract the desired source signalss for ASR and to
determine the source locations, e.g., to support speaker identi-
fication and authentication. Then, obviously, three sources of
problems have to be addressed at the acoustic level by the DSP
algorithms: Noise, echoes and reverberation of the local source
signalss, and echoes of loudspeaker signals feeding back into
the microphones. In the following, we first review the funda-
mental signal processing problems for signal acquisition,while
the main part of the paper is dedicated to recent results with
some bias towards work in our own research group.

3. Fundamental problems for signal
acquisition

For the following we assume - unless otherwise stated - that
the components of the acoustic scenario can be modelled by
linear, generally time-varying discrete-time systems, sothat we
can describe the input/output relations by matrix equations. Ac-
cordingly, the MIMO (’multiple input/multiple output’) system
G performs linear convolutions on the time-domain signalsui,
xj (i = 1, . . . , K; j = 1, . . . , N ). DecomposingG into sub-
matricesGvu, Gvx, Gzu, Gzx, we can write:

(
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The microphone signalsx are given by (see Fig.1)

x = Hxs ∗ s + Hxv ∗ v + xn, (2)

where we may safely assume that the speech signalssi and
the set of reproduction signalsui (as contained inv) are mu-
tually statistically independent and also independent from the

elements of the noise vectorxn. We emphasize here that the el-
ements of the matricesH(·) are impulse responses which are
mainly characterized by the acoustic environment with a re-
verberation timeT60 [5] in the range of several hundreds of
milliseconds1. Therefore, appropriate digital FIR filter mod-
els require several hundred to several thousand coefficients, de-
pending onT60 and the sampling ratefs. (As a rule of thumb,
LG = fs ·T60/3 coefficients of the impulse response are needed
for a modelling error smaller than -20dB relative to the entire
impulse response energy. As an example, for a usual office and
telephone signal bandwidth,fs = 8kHz, LG = 1000 is a typ-
ical choice.) Besides the mere length of the impulse responses,
the according discrete-time transfer functions exhibit nonmin-
imum phase and many zeroes close to the unit circle, which
makes inversion mostly difficult and impractical [6]. More-
over, acoustic impulse responses are typically time-variant due
to the temperature-dependency of sound velocity and unpre-
dictable changes in the geometric arrangement of scattering ob-
jects. Note also that, even ifG represents linear filtering, the
elements ofG will usually be determined by complex and usu-
ally nonlinear adaptive algorithms.

Based on the system representation given by Eqs.1,2, we
analyze now the fundamental problems for signal acquisition to
be solved by the signal processing unitG.

As illustrated by Fig.1, signal acquisition has to extract a
vectorz generally containing a subset ofP separated and de-
layed versions of the set of source signalszi(k) ≈ sj(k) ∗
δ(k − k0), (i = 1, . . . , P ; j ∈ {1, . . . , M}), where the delay
k0 ≥ 0 is necessary for causality ofGzx. According to Eq.2,
this requires that the acoustic echoes of the loudspeaker sig-
nals must be compensated, the contributions from local noise
sources and the respective other sourcessk 6=j must be sup-
pressed, and echoes and reverberation of the desired sourcesj

must be removed from the microphone signals.

Generally, it is known that the performance of speech rec-
ognizers does not necessarily follow speech quality as measured
for human-to-human communication, so that the optimization
criteria for removing undesired components for the two cases
should ideally be different. For speech recognition an obvi-
ous strategy would be to directly optimize the acoustic signal
processing with recognition rates as criteria. However, asthe
susceptibility to different kinds of undesired signal components
varies for different speech recognizers and is difficult to predict,
the optimization criteria for acoustic signal processing are typi-
cally still aiming at minimizing signal power criteria capturing
the undesired components and the distortion of the desired sig-
nals.

For notational convenience, we assume from now onP =
M and disregard output permutations so that we obtain as the
requirement for ideal signal acquisition from Eq.1:

z = Gzu ∗ u + Gzx ∗ x
!
= s ∗ δ(k − k0).

To identify the individual signal processing problems, we insert

1By definingy = A ∗ x as a matrix multiplication with elemen-
twise convolution, the elementsyi(k) of y are given byyi(k) =
∑N

j=1

∑∞
n=−∞ aij(k−n)xj(n) assuming that the impulse response

aij(k) is time-invariant. The inverseA−1 of matrix A is defined by
A−1

∗ A = I · δ(k), with I as identity matrix. andδ(k) as discrete-
time unit impulse. For rank-deficient or non-square matrices A, A−1

is the pseudoinverse (see [4]).



Eq.2 to obtain:

z = Gzu ∗ u + Gzx ∗ (Hxs ∗ s + Hxv ∗ v + xn)

= (Gzu + Gzx ∗ Hxv ∗ Gvu) ∗ u + Gzx ∗ (Hxs ∗ s + xn)

!
= s ∗ δ(k − k0). (3)

Note that the decomposition ofx presumes thatG is able to
separate the componentsHxs ∗ s,Hxv ∗ v, andxn.

From Eq.3, we can isolate three subproblems:
A. Echo cancellation. For compensating the feedback of

the reproduction signalsu into the desired signalsz, we obvi-
ously have to ask for

(Gzu + Gzx ∗ Hxv ∗ Gvu) ∗ u = 0. (4)

In a conventional speech dialogue system,u would typically
represent the system outputs, e.g., prompts. Here, we are always
assuming that the users are allowed to talk whileu is nonzero
(’barge in’-mode). In an interactive TV or home theatre sce-
nario,u also includes the reproduction signals of the TV sys-
tem, e.g., a multichannel movie sound. For signal-independent
echo cancellation,Gzu needs to fulfill

Gzu = −Gzx ∗ Hxv ∗ Gvu, (5)

which is obviously a MIMO system identification problem with
both inputu and outputx being observable. Note that actu-
ally only the matrixHxv describing the acoustic paths between
microphones and loudspeakers must be identified.

B. Source separation and dereverberation. In order to
extract the original source signals from the convolutive mix-
tures in each microphone, the sources need to be separated and
dereverberated such that ideally

Gzx ∗ Hxs ∗ s = s ∗ δ(k − k0) (6)

is obtained. This means that any signal-independent solution
must meet:

Gzx ∗ Hxs = IM,M · δ(k − k0), (7)

whereIM,M is theM ×M identity matrix. Therefore, we have
for the elements of the main diagonal ofGzx ∗ Hxs a multi-
channel blind deconvolution problem, and for the off-diagonal
elements we have an interference suppression problem similar
to that of Eq.8 below.

C. Suppression of interfering noise. To remove the local
noise in the output vectorz

Gzx ∗ xn = 0 (8)

must be met. Signal-independent solutions would require
Gzx = 0, which, obviously, would also suppress the desired
signals. Thus, Eq.8 actually requiresGzx to include a linear
signal-dependent signal separation unit, such that only the noise
is suppressed while Eqs.5,6 can still be met.

In summary, the above subproblems in acquisition involve
essentially system identification problems and signal separa-
tion/extraction problems. The separation of the various com-
ponents inx, i.e.,Hxss, Hxvv, andxn is not only necessary
to suppress the noise signals itself, it is also a necessary precon-
dition for obtaining reference information for the variousfilter
optimization algorithms, i.e., for determiningGzx, andGzu.

With the spatial diversity given by several microphones, the
separation ofx into its components can exploit orthogonality

in both the time/frequency and the spatial domain. The spa-
tial domain is especially important, as the involved signals are
usually not sufficiently orthogonal in time/frequency to leave
the desired sources undistorted after separation. This consti-
tutes a major advantage of the multichannel approaches over
single-channel approaches for acoustic human/machine inter-
faces. One should note, however, that both in time/frequency
and the spatial domain, apertures are finite and imply finite res-
olution, and sampling frequencies of the apertures are limited,
which implies aliasing. For determining the optimum, usually
time-varying, spatiotemporal filters for signal separation, we
typically use a-priori knowledge (e.g., about source positions),
heuristic detection algorithms (e.g., for speech activityat a cer-
tain time from a certain direction) or parameter estimationcon-
cepts based on (mostly short-time) signal statistics.

Localisation. The task of localizing and tracking active
desired sourcesSi is relevant in speech dialogue systems when-
ever several sources are active and should be distinguished. Lo-
calization information can then be used to assign utterances to
persons which is especially relevant if authentication is useful or
necessary. As a signal processing problem it is different from
signal acquisition and reproduction insofar, as the algorithm’s
output is not a desired signal resulting from modifying input
signals, but position information as derived from analyzing the
input signalsx by parameter estimation techniques. Clearly,
extraction of the desired signalss should be beneficial, and it
seems obvious that knowledge ofHxs should facilitate localiza-
tion. The according techniques for our scenario will be briefly
reviewed when discussing recent advances for signal acquisi-
tion below.

4. Basic techniques, recent advances, and
remaining challenges

In this section we present a brief synopsis of the main tech-
niques and the state of the art regarding the four classes of prob-
lems in signal acquisition introduced above, with some biasto-
wards the work of the author’s research group. Thereby we
mainly concentrate on techniques operating on the signal level
while techniques operating on the feature level of speech recog-
nizers are only briefly considered for completeness.

4.1. Acoustic echo cancellation

In the single input/single output case, this supervised system
identification problem is considered to be theoretically solved
for some time. However, in practice, the fact that the adaptive
filters have to continuously identify hundreds to thousandsof
coefficients and that the reproduction signalsui have to suffice
as training signals while local sources (s andn) act as interfer-
ers, requires fast-converging adaptation algorithms withsophis-
ticated control, which are still considereed a research subject by
many (see e.g. [7]).

For multichannel echo cancellation, i.e.,K ≥ 2 (while
still considering only one microphone,N = 1), the system
identification problem becomes even more challenging, because
then, not only the number of filter coefficients multiplies with
the number of loudspeakers, but, more importantly, the usually
strong and time-varying correlation between the loudspeaker
signals (e.g., for stereo or 5.1 sound reproduction) renders the
system identification of theK echo paths an ill-conditioned
problem [8]. The demand for fast converging and robust adap-
tation algorithms for very large numbers of coefficients canbe
met, e.g., by a DFT-domain algorithm, which essentially re-



places the inversion of one matrix of size(K ·LG)× (K ·LG)
as necessary for a time-domain realization by the inversionof
LG matrices of sizeK × K instead of [9], and thereby allows
real-time operation of aK = 5-channel echo canceller with
K · LG > 20000 filter coefficients on an ordinary PC (In-
tel 1.7GHz, dual processor board, sampling frequency 12kHz)
[10].

To reduce the correlation between the reproduction chan-
nelsui. For this, three methods have been investigated: (ideally
imperceptible) nonlinearities (e.g., [8, 11]), insertionof addi-
tive noise (e.g. by an audio codec, such as MP3 or AAC, [12]),
and time-varying allpass filters [13, 14]. Obviously, none of
these methods will comply with the quest for perfect reproduc-
tion, and will be especially objectionable for large numbers of
reproduction channelsK, where they need to be applied more
severely in order to obtain sufficiently fast convergence. More
recently, time-varying allpass filtering exploiting the limited
spatial resolution of human hearing was proposed and found
to be least objectionable ([15]). A powerful means for further
increasing convergence speed and ensuring robustness of the
echo suppression is to modify the cost function for the filterop-
timization following the concept of robust statistics [16,17].

Considering the performance of such echo cancellation sys-
tems for a distant-talking speech dialogue system, typically,
even the 5-channel AEC system withK · LG > 20000 con-
verges to about 20 dB of echo attenuation within two seconds
[10, 1]. This assures sufficient echo suppression for most ofthe
time if the loudspeakers provide persistent excitationu (e.g., by
broadcasting a TV program as in the interactive scenario) sothat
the adaptation can continuously follow changes in the acous-
tic environment. If, however, only occasional system prompts
are available as inputu to the filter adaptation and changes in
the acoustic environment could not be tracked for some time,
echo residuals stemming from the initial parts of these prompts
must be expected in the signalsz delivered to the ASR sys-
tem. Therefore, for typical natural dialogue systems allowing
barge-in mode, fast convergence of the echo canceller remains
of paramount importance.

Considering the transition from a single microphone (N =
1) to microphone arrays with respect to echo cancellation, this
is straightforward as long as the microphone array process-
ing Gzx acts as a time-invariant multiple-input/single-output
(MISO) system: Then, the echo cancellation simply has to use
the outputz of Gzx instead of the microphone signalsx as ref-
erence signal to be freed from echoes. If multiple desired sig-
nalszi should be extracted from the acoustic environment, then
acoustic echo cancellation has to be implemented for each of
them. OnceGzx becomes time-variant (e.g., when incorporat-
ing adaptive algorithms) the echo cancellation algorithmswill
generally not be able to follow the time-variance ofGzx and
should then cancel the echoes from the individual microphone
signalsxi [18].

While the conventional multichannel AEC configuration is
suitable, e.g. for most voice-controlled home theatres, other
schemes are desirable for more demanding reproduction envi-
ronments, where a very large number of channelsL such as in
wave field synthesis is used. For this, a new echo cancellation
concept based onwave domain adaptive filtering (WDAF)[19]
has been proposed to perform echo cancellation in a transform
domain with eigenfunctions of the sound field as basis func-
tions. In this area, current research concentrates on combin-
ing large loudspeaker arrays with small microphone arrays and
studying the effects of moving objects onto the eigenfunctions
and the corresponding adaptive filtering [20].

In some common applications, especially with low-cost
loudspeakers and overloaded amplifiers, the linear model for
the feedback pathHvx is not valid any more [21, 22]. In [22],
the matrix notation as used so far for linear systems was also
extended to incorporate Volterra filters, and an efficient DFT-
domain algorithm was presented which allows modelling of
loudspeaker nonlinearities by second-order Volterra filters [24].
With its large number of parameters and only sparse excitation
of system nonlinearities, nonlinear filter structures likeVolterra
filters are known to converge very slowly in acoustic environ-
ments. The quest for fast convergence and computational effi-
ciency has triggered the development and application of many
advanced adaptive filtering schemes for this application, as e.g.,
power filters [25], diagonal coordinate filters [26], iterated par-
titioned [27], and, most recently, the ’combination of filters’
paradigm [28].

4.2. Signal extraction and interference suppression

In the following we consider several multichannel techniques
for determining spatiotemporal filtersGzx to approximate
Eqs.6, 8 and/or 7. Seemingly unrelated at first glance, they
pursue the same goals and differ essentially regarding the used
reference information and optimization criteria. Beamform-
ing aims at extracting desired sources which implies separat-
ing them from others and suppressing interference and noise, so
that Eqs.6,8 should be approximated. Blind source separation,
while separating the desired source signals, concentrateson an
approximation of Eq.6, whereas dereverberation aims at fulfill-
ing the stricter requirement Eq.7, which in the multi-speaker
case includes perfect source separation.

4.2.1. Beamforming

Beamforming microphone arrays aim at both signal separation
and the suppression of noise and interference, and ideally ex-
tract undistorted desired source signals. A general treatment of
theoretical concepts and aspects of design and applications can
be found, e.g., in [29, 30, 31, 32]. Beamforming essentially
forms a ’beam’ of increased sensitivity towards the location of
a desired source and simultaneously tries to suppress all other
sources. If not known a priori, the position of the desired source
must be determined by localization methods as discussed below.

For a single desired source, the componentsxi of x are in
the simplest case individually delayed and summed such that
components of the desired source signal are summed up co-
herently while signals from other locations are summed with
generally nonzero phase differences and cancel out to a certain
degree (’Delay & Sum beamformer’, DSB). This supposes that
the location or at least the direction of arrival (DOA) of thede-
sired source is known. Using filters instead of delays, ’Filter
& Sum’ beamformers are obtained, which allow a frequency-
selective modification of the spatial filtering characteristics of
the plain DSB. Such beamformers are still data-independentas
long as they do not account for the actual signal statistics of
x. In principle, a constant aperture width/wavelength ratiofor
the entire frequency range of interest is desirable to allowfor
a frequency-independent spatial resolution. Consideringa fre-
quency range from 20Hz to 20kHz this would imply a very large
aperture at low frequencies and a very small microphone spac-
ing for high frequencies. As a compromise, nested arrays are
often used, where microphone spacings increase from the cen-
ter towards the outer parts [33]. Especially for use with ASR
systems, the beamformers will usually also aim at frequency-
independent beamwidth, which ensures that sources which are



positioned slightly off the look direction of the beamformer do
not appear lowpass-filtered inz [34, 35].

In many cases, small apertures are desirable which implies
that the beamformers operate as differential (’superdirective’)
beamformers at low frequencies and become highly sensitiveto
spatially uncorrelated noise (including calibration errors, sen-
sor and amplifier noise)[36]. The latter can be controlled inthe
design process while simultaneously approximating frequency-
independent beamwidth by a newly proposed constrained opti-
mization procedure [37].

As an alternative to computationally low-cost data-
independent beamforming, adaptive data-dependent beamform-
ing is attractive for its efficiency in suppressing point-like inter-
fering sources and diffuse background noise. Here, the spa-
tiotemporal filteringGzx is typically designed to either pur-
sue a minimum mean square error (MMSE) criterion or to aim
at minimum output variance while ensuring distortionless re-
sponse (MVDR) for the desired source [38]2. MMSE criteria
lead to a multichannel Wiener filter solution, with the inher-
ent problem that the desired signal will be distorted while the
suppression of noise and interference is maximized [39].Onthe
other hand, MVDR criteria ensure an undistorted desired signal
as long as the source position is exactly known, by imposing
a constraint on the optimization. To circumvent the constraint
optimization problem, the so-called Generalized SidelobeCan-
celler (GSC) has been proposed [40], which will cancel the
desired signal, however, if the target direction is not precisely
known. A robust adaptive version of the GSC has been devel-
oped in [41] and further been refined using a DFT-domain im-
plementation [42, 43, 44]. In such a system, for a linear array
of N = 8 sensors with spacing of4cm, more than20dB of in-
terference suppression with negligible distortion of the desired
signal can be obtained in environments with moderate reverber-
ation (T60 = 0.3sec)[42].

It should be mentioned that for applications where only few
microphones can be used and the aperture must be very small,
adaptive versions of differential arrays [36] are a naturalchoice.
Their properties can be derived as special cases of the general
beamforming concepts.

For hands-free speech dialogue front-ends, microphone ar-
rays recently gained considerable popularity. Mostly, simple
data-independent Delay&Sum beamformers are used, but also
RGSC-type adaptive beamformers have been evaluated [42].
As noted above, for optimum ASR performance, beamformers
should obviously use recognition scores as optimization crite-
rion. This, however, leads to a complex error surface where
useful optima are hard to find [45].

If P > 1 desired sourceszi should be extracted,P beam-
formers can work in parallel using the sameN microphone sig-
nalsx [46]. As long as these beamformers are time-invariant,
they do not interact and subsequent postprocessing may decide
which of them should be used as input for an ASR system. The
set of beamformers can also be used to track a moving source
by switching from one beamformer output to the next. If acous-
tic echo cancellation is not applied to allP beamformers at all
times, but should follow the source of interest, then it is advis-
able to consider the beamformer as a time-varying system with
P states and store the previously obtained AEC filter coeffi-

2Note that the MMSE criterion and the MVDR criterion are defined
for stationary processes and based on statistical averaging whereas for
nonstationary processes and real data samples, the criteria must be mod-
ified to operate with short-term estimates, thereby offering many varia-
tions [30]

cients as initial values for a given beam until this beam is used
again [47]. This method proved also successful in the Interac-
tive TV scenario of the DICIT project[3]. However, if several
adaptive beamformers involving estimation of statisticalquanti-
ties for individual sources should operate in parallel, theestima-
tion will suffer from the interference of the remaining sources as
long as classical optimization criteria, like Mean Square Error
(MSE), are used. This problem is better addressed by criteria
minimizing mutual information as shown below.

For future applications it might also be of interest that, simi-
larly as for multichannel echo cancellation, the interference can-
cellation concept of adaptive beamformers can be carried over
to the wave domain [48].

4.2.2. Blind source separation

When the desired source position is not available and the sig-
nal extraction should not rely on a well-defined array geometry
as with beamforming, blind signal processing algorithms are
especially attractive. Unlike in the original blind sourcesepa-
ration (BSS) scenarios, where scalar signal mixtures have to be
separated [49], in our scenario, BSS algorithms have to separate
convolutive mixtures given byHxs∗s, so that the output signals
are usually still linearly filtered versions of the originalsignals.
Reaching beyond separating the source signals, dereverberation
by blind deconvolution aims at extracting the original desired
signals by additionally assuming a source model for the desired
signals. For distinction, BSS can be understood as blind beam-
forming [50], and blind dereverberation algorithms would then
correspond to blind beamforming with additional equalization
of the acoustic channel from the source to the microphones.

Separating convolutive mixtures of several desired sources,
means that BSS aims atGzx ∗ Hxs ∗ s = z ≈ s. Here, the
≈ sign allows for an additional filtering of each vector element
but not for mixing of the vector elements. Actually, BSS can be
seen as an interference cancellation system for each outputzi

[51]. However, due to the blindness,Gzx cannot be determined
by the same criterion. Lacking reference information, BSS es-
sentially attempts to minimize statistical dependency (’mini-
mum mutual information’) between the output signalszi, but
it should be emphasized that the separation performance of the
resulting filters inGzx is nevertheless determined by the spatial
selectivity ofGzx. Note that the optimization criteria of BSS
do not address the dereverberation problem Eq.7, although the
spatial selectivity of the resultingGzx may contribute to dere-
verberation (just as beamforming does).

For the given convolutive mixtures of speech and audio sig-
nals, three stochastic signal properties can be exploited to deter-
mine optimum demixing filtersGzx [52, 53, 54]:

Nonwhitenessof speech and audio signals can be exploited
by simultaneous block-diagonalization of correlation matrices
formed byzi(k), zj(k − d), for all relative delaysd.

Nonstationaritycan be exploited by simultaneous diagonal-
ization of several short-time estimates of the correlationmatri-
ces, assuming that the optimum filters vary less than the short-
time signal statistics.

Nongaussianitycan be exploited by higher order statistics
(HOS) as used for independent component analysis (see, e.g.,
[55]). Then, instead of minimizing crosscorrelation matrices
between different channels, joint probability density functions
linking the samples of different channelszi(k), zj(k − d) must
be factorized across different channels while leaving the joint
pdfs of the samples within a channel unchanged.

For most known algorithms, only one or two of these prop-



erties are exploited. Successful systems have been presented
that are based on second order statistics (SOS) only, and use
nonwhiteness and nonstationarity only [54, 56, 57]. TRINICON
has been introduced as a generic framework, which allows to
simultaneously exploit all three properties and minimizesmu-
tual information between the source signals [52, 53, 58]. Here,
spherical invariant random processes (SIRPs) [59] can be incor-
porated into the score function to provide an efficient modelfor
multivariate pdfs of speech signals.

As in our scenario convolutive mixtures have to be sepa-
rated, an implementation in the DFT domain is especially at-
tractive, because it converts convolutive mixtures in the time
domain into scalar mixtures for each frequency bin [60]. How-
ever, if separation in different frequency bins is carried out inde-
pendently, this leads to the so-called internal permutation prob-
lem: the separated DFT bins for sourcesSi andSj cannot be
aligned to guarantee that all bins with components of a source
Si appear at the same output of the BSS system. Moreover,
most frequency-domain algorithms are implicitly based on the
DFT-inherent circular convolution of the input data instead of
the required linear convolution. Heuristic repair mechanisms
are common and sometimes reasonably efficient [56, 61, 62].
On the other hand, within the framework of a generic SOS or
HOS algorithm, time-domain criteria can also be transformed
rigorously into the DFT domain and, thereby, both problems
are solved perfectly [52].

In mildly reverberant scenarios withM = N = P = 2, 3
sources, SOS-based TRINICON algorithms can suppress inter-
fering sources by about15 . . . 20dB and converge within one or
two seconds even in real-time implementations [53, 63]. HOS
algorithms converge faster requiring however more computa-
tional effort [58].

Research in BSS strives and, a BSS system for up to
M = N = P = 6 channels has already been demon-
strated in real-life situations [64]. Moreover, noise-robust ver-
sions have also been published already [65]. Looking at un-
constrained scenarios, two major challenges are still awaiting
convincing solutions: The distant-talking scenario with aneg-
ative Signal-to-Reverberation power ratio (SRR), where rever-
beration is stronger than the direct sound, and the underdeter-
mined case, where more sources are active than sensors avail-
able,M > N .

4.2.3. Blind dereverberation

In order to meet Eq.6, dereverberation has to equalize, i.e.in-
vert, the acoustic MIMO systemHxs by Gzx. In [66] it was
shown that in principle this is perfectly possible as long as
M < N and the original source signalss are available (and
the transfer functions from a source to all the microphones
have no common zeros). In the considered scenarios, however,
the source signals are not accessible (otherwise dereverberation
would not be necessary), which renders the problem of deter-
mining the dereverberating systemGzx a blind one. Clearly,
speech signals cannot be assumed to be white noise signals, as
it is possible for the sources in blind deconvolution problems in
data communications. Fig.2 illustrates that speech dereverber-
ation actually only asks for partial blind deconvolution where
the filtering by the human vocal tract has to be preserved, as
otherwise, the output would be the signal as produced by the
glottis. Therefore, blind dereverberation methods for speech
signals rely on a speech source model that aims at separating
the filtering effect of the vocal tract from that of the acoustic
environment [53, 67]. The TRINICON framework foresees to

room (slowly time-varying)

to be equalized

vocal tract (rapidly time-varying)

to be preserved

excitation

Figure 2:Dereverberation and the PBD principle (from [53]).

incorporate such a speech model into its generic cost function
and thereby allows even simultaneous separation and derever-
beration for several sources [53]. ForM = N = 2 an SRR im-
provement of 7dB without any spurious processing artifactswas
reported in [53]. Although further significant progress hasbeen
reported (e.g., [68, 69]) over the last few years in dereverbera-
tion on the signal level, crucial problems for application in natu-
ral environments are still unsolved: So far, most dereverberation
algorithms require relatively long observation intervalsto de-
termine useful dereverberating filtersGzx, and therefore would
not be able to follow potentially fast changes of the acoustic
transfer functions inHxs. Robustness to noise and interference
are also not yet addressed by current approaches, so that a ro-
bust solution for real-time dereverberation as, e.g., desired for
distant-talking speech recognition applications presents still a
major challenge for the future.

4.3. Localization

Traditional methods for source localization of sound sources in
reverberant rooms follow either one or a combination of the
following concepts [70]: a, Steered response beamforming,b,
TDOA estimation by crosscorrelation measurement, or c, spec-
tral analysis from array processing techniques. Steered response
beamforming essentially scans the acoustic space for peaksof
signal power to locate sources. This involves relatively high
computational load if localization should be precise. Moreover,
it may easily misinterpret focal points of reflections and noise as
desired sources. Crosscorrelation-based methods detect peaks
in the generalized cross-correlation (GCC) of microphone pairs
and compute from the corresponding time differences of arrival
(TDOA) the source locations [71]. As it is computationally rel-
atively inexpensive, it is very popular and performs well for low
noise and low-reverberation environments as long as only a sin-
gle source must be detected. However, room reverberation and
noise can essentially only be accounted for by tuning window
lengths and weighting mechanisms. The main idea of statisti-
cal array processing localization techniques is to decompose the
correlation matrix of the sensor signals into its eigenvectors and
to use theM eigenvectors corresponding to the largest eigen-
values as indicators for the desired source locations. Based on
this subspace idea, wide classes of algorithms have been derived
(e.g. MUSIC, ROOT-MUSIC, ESPRIT) [72], which are inher-
ently based on a narrowband signal model and rely strongly on
well-established correlation matrices, which in turn require suf-
ficiently stationary environments (as they are rarely givenin our
scenario).

More recently, new concepts have been proposed that ex-
plicitly address wideband sources and nonstationary acoustic



environments. Most notably, the adaptive eigenvalue decom-
position [73] uses a microphone pair to approximately iden-
tify the acoustic paths to a source. From the resulting impulse
responses only the dominant peaks are considered to obtain a
useful TDOA estimate. As opposed to GCC, this method thus
explicitly accounts for the reverberation in the room. BSS for
M = N = 2 was shown to achieve the same for two sources
simultaneously [74] with even greater robustness to noise.BSS-
based localization can be extended to multiple sources in mul-
tiple dimensions even forM = N ≥ 3 as reported in [75, 76].

Aiming at even larger number of wideband sources, the
above mentioned array processing methods have recently been
applied to signals transformed to the wave domain [77, 78, 79],
where the array processing algorithms behave just as for nar-
rowband signals and allow real-time loacalization of up toM =
5 sources.

Beyond estimating instantaneous source locations, tracking
of moving sources can be supported by movement models, such
as extended Kalman filters [80] or particle filters [81].

4.4. Feature-level processing

While not being in the focus of this contribution, it should not be
ignored that for ASR systems the problems of acoustic echoes,
noise and interference, and dereverberation can also be tack-
led at the feature level. The most straightforward approachis
to train the acoustic models in the respective environments, so
that the recognizers become robust to the undesired signal com-
ponents (see e.g. [82, 83, 84]). If the acoustic scene at hand,
however, does not match the training conditions degradation of
recognition performance must be expected. Then two options
remain: First, training can try to incorporate a sufficient variety
of acoustic scenes. This involves not only a large data collec-
tion effort but also implies inferior performance for individual
scenes. Second, a parametric model can be extracted from the
acoustic scene, which can then be combined with the acoustic
model of the ASR system. From the viewpoint of signal pro-
cessing, the latter approach is more interesting and preferable,
especially if a recognizer based on a clean speech model can
be used such that it performs well in any acoustic scene with-
out the need for retraining . As a very popular method, cepstral
mean subtraction (CMS) is often used to remove the effect of
additive noise and linear distortion (e.g., resulting frommicro-
phone characteristics) from a feature vector in the MFCC (mel
frequency cepstral coefficient) domain. However, this can not
model dispersive effects such as reverberation (see [85]).For
that, models for the propagation of undesired components over
several analysis frames of the feature extraction have to beused
[86, 87, 88, 89] with the REMOS framework [85] describing the
generic underlying structure for many approaches. Note, that
spatial information provided by microphone arrays can not be
used on the feature level any more and several simultaneously
active sources can also not be separated on the feature levelun-
less very strong assumptions on the source signals are possible
(as., e.g., for some musical instruments).

5. Summary and Conclusions
In our discussion of natural seamless acoustic interfaces for hu-
man/machine speech dialogues, we considered the various sig-
nal processing problems for signal acquisition, which mustbe
solved to obtain high ASR performance in distant-talking real-
world ecoustic enviironments. Among those, acoustic echo can-
cellation as a non-blind MIMO system identification problem,

appears close to being solved, although for multi-channel re-
production system still fundamental problems await elegant so-
lutions. Over the last few years, data-independent as well as
adaptive beamforming has reached a certain maturity in achiev-
ing the desired signal extraction and interference cancellation.
Without relying on source location information and due to a
more powerful optimization criterion, blind source separation
techniques offer significant potential for the same tasks astradi-
tional beamforming, handling several sources simultaneously.
Dereverberation, involving blind deconvolution, will remain a
major challenge for distant-talking speech recognition for some
more years. Finally, new promising localization techniques
for nonstationary wideband sources appear as by-products of
blind signal separation and wave-domain signal representation.
Feature-level techniques, with their potentially small number of
model parameters, promise to be efficient alternatives to signal-
level techniques as long as they match the acoustic scenes at
hand.

In summary, we may safely conclude that despite of signif-
icant progress over the last few years, on the way to a perfect
acoustic human/machine interface for natural speech dialogue
systems, many fascinating challenges for digital signal process-
ing - on both theoretical and experimental level - remain and
can be expected to stimulate intensive for several more years.
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