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Preface 

The study and implementation of microphone arrays originated over 20 years 
ago. Thanks to the research and experimental developments pursued to the 
present day, the field has matured to the point that array-based technology 
now has immediate applicability to a number of current systems and a vast 
potential for the improvement of existing products and the creation of future 
devices. 

In putting this book together, our goal was to provide, for the first time, 
a single complete reference on microphone arrays. We invited the top re­
searchers in the field to contribute articles addressing their specific topic(s) 
of study. The reception we received from our colleagues was quite enthusi­
astic and very encouraging. There was the general consensus that a work 
of this kind was well overdue. The results provided in this collection cover 
the current state of the art in microphone array research, development, and 
technological application. 

This text is organized into four sections which roughly follow the major 
areas of microphone array research today. Parts I and II are primarily the­
oretical in nature and emphasize the use of microphone arrays for speech 
enhancement and source localization, respectively. Part III presents a num­
ber of specific applications of array-based technology. Part IV addresses some 
open questions and explores the future of the field. 

Part I concerns the problem of enhancing the speech signal acquired by 
an array of microphones. For a variety of applications, including human­
computer interaction and hands-free telephony, the goal is to allow users to 
roam unfettered in diverse environments while still providing a high quality 
speech signal and robustness against background noise, interfering sources, 
and reverberation effects. The use of microphone arrays gives one the oppor­
tunity to exploit the fact that the source of the desired speech signal and the 
noise sources are physically separated in space. Conventional array process­
ing techniques, typically developed for applications such as radar and sonar, 
were initially applied to the hands-free speech acquisition problem. However, 
the environment in which microphone arrays is used is significantly different 
from that of conventional array applications. Firstly, the desired speech signal 
has an extremely wide bandwidth relative to its center frequency, meaning 
that conventional narrowband techniques are not suitable. Secondly, there 
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VI Preface 

is significant multi path interference caused by room reverberation. Finally, 
the speech source and noise signals may located close to the array, meaning 
that the conventional far-field assumption is typically not valid. These dif­
ferences (amongst others) have meant that new array techniques have had 
to be formulated for microphone array applications. Chapter 1 describes the 
design of an array whose spatial response does not change appreciably over 
a wide bandwidth. Such a design ensures that the spatial filtering performed 
by the array is uniform across the entire bandwidth of the speech signal. The 
main problem with many array designs is that a very large physical array is 
required to obtain reasonable spatial resolution, especially at low frequencies. 
This problem is addressed in Chapter 2, which reviews so-called superdirec­
tive arrays. These arrays are designed to achieve spatial directivity that is 
significantly higher than a standard delay-and-sum beamformer. Chapter 3 
describes the use of a single-channel noise suppression filter on the output 
of a microphone array. The design of such a post-filter typically requires in­
formation about the correlation of the noise between different microphones. 
The spatial correlation functions for various directional microphones are in­
vestigated in Chapter 4, which also describes the use of these functions in 
adaptive noise cancellation applications. Chapter 5 reviews adaptive tech­
niques for microphone arrays, focusing on algorithms that are robust and 
perform well in real environments. Chapter 6 presents optimal spatial filter­
ing algorithms based on the generalized singular-value decomposition. These 
techniques require a large number of computations, so the chapter presents 
techniques to reduce the computational complexity and thereby permit real­
time implementation. Chapter 7 advocates a new approach that combines 
explicit modeling of the speech signal (a technique which is well-known in 
single-channel speech enhancement applications) with the spatial filtering af­
forded by multi-channel array processing. 

Part II is devoted to the source localization problem. The ability to locate 
and track one or more speech sources is an essential requirement of micro­
phone array systems. For speech enhancement applications, an accurate fix 
on the primary talker, as well as knowledge of any interfering talkers or coher­
ent noise sources, is necessary to effectively steer the array, enhancing a given 
source while simultaneously attenuating those deemed undesirable. Location 
data may be used as a guide for discriminating individual speakers in a multi­
source scenario. With this information available, it would then be possible to 
automatically focus upon and follow a given source on an extended basis. Of 
particular interest lately, is the application of the speaker location estimates 
for aiming a camera or series of cameras in a video-conferencing system. In 
this regard, the automated localization information eliminates the need for a 
human or number of human camera operators. Several existing commercial 
products apply microphone-array technology in small-room environments to 
steer a robotic camera and frame active talkers. Chapter 8 summarizes the 
various approaches which have been explored to accurately locate an individ-
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ual in a practical acoustic environment. The emphasis is on precision in the 
face of adverse conditions, with an appropriate method presented in detail. 
Chapter 9 extends the problem to the case of multiple active sources. While 
again considering realistic environments, the issue is complicated by the pres­
ence of several talkers. Chapter 10 further generalizes the source localization 
scenario to include knowledge derived from non-acoustic sensor modalities. 
In this case both audio and video signals are effectively combined to track 
the motion of a talker. 

Part III of this text details some specific applications of microphone array 
technology available today. Microphone arrays have been deployed for a vari­
ety of practical applications thus far and their utility and presence in our daily 
lives is increasing rapidly. At one extreme are large aperture arrays with tens 
to hundreds of elements designed for large rooms, distant talkers, and adverse 
acoustic conditions. Examples include the two-dimensional, harmonic array 
installed in the main auditorium of Bell Laboratories, Murray Hill and the 
512-element Huge Microphone Array (HMA) developed at Brown University. 
While these systems provide tremendous functionality in the environments 
for which they are intended, small arrays consisting of just a handful (usu­
ally 2 to 8) of microphones and encompassing only a few centimeters of space 
have become far more common and affordable. These systems are intended 
for sound capture in close-talking, low to moderate noise conditions (such 
as an individual dictating at a workstation or using a hands-free telephone 
in an automobile) and have exhibited a degree of effectiveness, especially 
when compared to their single microphone counterparts. The technology has 
developed to the point that microphone arrays are now available in off-the­
shelf consumer electronic devices available for under $150. Because of their 
growing popularity and feasibility we have chosen to focus primarily on the 
issues associated with small-aperture devices. Chapter 11 addresses the in­
corporation of multiple microphones into hearing aid devices. The ability of 
beamforming methods to reduce background noise and interference has been 
shown to dramatically improve the speech understanding of the hearing im­
paired and to increase their overall satisfaction with the device. Chapter 12 
focuses on the case of a simple two-element array combined with postfiltering 
to achieve noise and echo reduction. The performance of this configuration 
is analyzed under realistic acoustic conditions and its utility is demonstrated 
for desktop conferencing and intercom applications. Chapter 13 is concerned 
with the problem of acoustic feedback inherent in full-duplex communica­
tions involving loudspeakers and microphones. Existing single-channel echo 
cancellation methods are integrated within a beamforming context to achieve 
enhanced echo suppression. These results are applied to single- and multi­
channel conferencing scenarios. Chapter 14 explores the use of microphone 
arrays for sound capture in automobiles. The issues of noise, interference, and 
echo cancellation specifically within the car environment are addressed and a 
particularly effective approach is detailed. Chapter 15 discusses the applica-
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tion of microphone arrays to improve the performance of speech recognition 
systems in adverse conditions. Strategies for effectively coupling the acous­
tic signal enhancements afforded through beamforming with existing speech 
recognition techniques are presented. A specific adaptation of a recognizer to 
function with an array is presented. Finally, Chapter 16 presents an overview 
of the problem of separating blind mixtures of acoustic signals recorded at a 
microphone array. This represents a very new application for microphone ar­
rays, and is a technique that is fundamentally different to the spatial filtering 
approaches detailed in earlier chapters. 

In the final section of the book, Part IV presents expert summaries of 
current open problems in the field, as well as personal views of what the future 
of microphone array processing might hold. These summaries, presented in 
Chapters 17 and 18, describe both academically-oriented research problems, 
as well as industry-focused areas where microphone array research may be 
headed. 

The individual chapters that we selected for .the book were designed to 
be tutorial in nature with a specific emphasis on recent important results. 
We hope the result is a text that will be of utility to a large audience, from 
the student Or practicing engineer just approaching the field to the advanced 
researcher with multi-channel signal processing experience. 

Cambridge MA, USA 
London, UK 
January 2001 

Michael Brandstein 
Darren Ward 
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1 Constant Directivity Beamforming 

Darren B. Ward!, Rodney A. Kennedy2, and Robert C. Williamson2 

1 Imperial College of Science, Technology and Medicine, London, UK 
2 The Australian National University, Canberra, Australia 

Abstract. Beamforming, or spatial filtering, is one of the simplest methods for dis­
criminating between different signals based on the physical location of the sources. 
Because speech is a very wide band signal, covering some four octaves, traditional 
narrowband beamforming techniques are inappropriate for hands-free speech ac­
quisition. One class of broadband beamformers, called constant directivity beam­
formers, aim to produce a constant spatial response over a broad frequency range. 
In this chapter we review such beamformers, and discuss implementation issues 
related to their use in microphone arrays. 

1.1 Introduction 

Beamforming is one of the simplest and most robust means of spatial jiltering, 
i.e., discriminating between signals based on the physical locations of the 
signal sources [1]. In a typical microphone array environment, the desired 
speech signal originates from a talker's mouth, and is corrupted by interfering 
signals such as other talkers and room reverberation. Spatial filtering can be 
useful in such an environment, since the interfering sources generally originate 
from points in space separate from the desired talker's mouth. By exploiting 
the spatial dimension of the problem, microphone arrays attempt to obtain a 
high-quality speech signal without requiring the talker to speak directly into 
a close-talking microphone. 

In most beamforming applications two assumptions simplify the analysis: 
(i) the signals incident on the array are narrowband (the narrowband as­
sumption); and (ii) the signal sources are located far enough away from the 
array that the wavefronts impinging on the array can be modeled as plane 
waves (the farjield assumption). For many microphone array applications, the 
farfield assumption is valid. However, the narrowband assumption is never 
valid, and it is this aspect of the beamforming problem that we focus on in 
this chapter (see [2] for techniques that also lift the nearfield assumption). 

To understand the inherent problem in using a narrowband array for 
broadband signals, consider a linear array with a fixed number of elements 
separated by a fixed inter-element distance. The important dimension in mea­
suring array performance is its size in terms of operating wavelength. Thus 
for high frequency signals (having a small wavelength) a fixed array will ap­
pear large and the main beam will be narrow. However, for low frequencies 
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180 

FREQUENCY (Hz) ANGLE (degrees) 

Fig. 1.1. Response of a narrowband array operated over a wide bandwidth. 

(large wavelength) the same physical array appears small and the main beam 
will widen. 

This is illustrated in Fig. 1.1 which shows the beampattern of an array 
designed for 1.5 kHz, but operated over a frequency range of 300 Hz to 
3 kHz. If an interfering signal is present at, say, 60°, then ideally it should be 
attenuated completely by the array. However, because the beam is wider at 
low frequencies than at high frequencies, the interfering signal will be low-pass 
filtered rather than uniformly attenuated over its entire band. This "spectral 
tilt" results in a disturbing speech output if used for speech acquisition, 
and thus, such a narrowband array is unacceptable for speech applications. 
Another drawback of this narrowband design is that spatial aliasing is evident 
at high frequencies. 1 

To overcome this problem, one must use a beamformer that is designed 
specifically for broadband applications. In this chapter we focus on a spe­
cific class of broadband beamformers, called constant directivity beamformers 
(CDB), designed such that the spatial response is the same over a wide fre­
quency band. The response of a typical CDB is shown in Fig. 1.6 on page 15. 

There have been several techniques proposed to design a CDB. Most tech­
niques are based on the idea that at different frequencies, a different array 
should be used that has total size and inter-sensor spacing appropriate for 
that particular frequency. An example of this idea is the use of harmonically-

1 Spatial aliasing comes about if a sensor spacing wider than half a wavelength is 
used. It is analogous to temporal aliasing in discrete-time signal processing. 
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nested subarrays, e.g., [3-5J. In this case, the array is composed of a set of 
nested equally-spaced arrays, with each subarray being designed as a nar­
rowband array. The outputs of the various subarrays are then combined by 
appropriate bandpass filtering. The idea of harmonic nesting is to reduce the 
beampattern variation to that which occurs within a single octave. This ap­
proach can be improved by using a set of subarray filters to interpolate to 
frequencies between the subarray design frequencies [6J. 

A novel approach to CDB design was proposed by Smith in [7J. Noting 
that, for a given array, the beamwidth narrows at high frequencies, Smith's 
idea was to form several beams and to steer each individual beam in such 
a way that the width of the overall multi-beam was kept constant. Thus, 
as the individual beams narrow at higher frequencies, they are progressively 
"fanned" outwards in an attempt to keep the overall beamwidth constant. 
Unless a very large number of beams are formed, at high frequencies this 
fanning will result in notches in the main beam where the progressively nar­
rower beams no longer overlap. This approach was applied to the design of 
microphone arrays in [8J. 

The first approach to CDB design that attempted to keep a constant 
beampattern over the entire spatial region (not just for the main beam) 
was presented by Doles and Benedict [9J. Using the asymptotic theory of 
unequally-spaced arrays [10,11]' they derived relationships between beam­
pattern characteristics and functional requirements on sensor spacings and 
weightings. This results in a filter-and-sum array, with the sensor filters creat­
ing a space-tapered array: at each frequency the non-zero filter responses iden­
tify a subarray having total length and spacing appropriate for that frequency. 
Although this design technique results in a beampattern that is frequency­
invariant over a specified frequency band, it is not a general design technique, 
since it is based on a specific array geometry and beampattern shape. Other 
recent techniques for CDB design include [12J (based on a two-dimensional 
Fourier transform property [13J which exists for equally-spaced arrays) and 
[14J (based on a beam space implementation). 

Prompted by the work of Doles and Benedict, we derived in [15J a very 
general design method for CDB's, suitable for three-dimensional array geome­
tries. In this chapter we outline this technique, and discuss implementation 
issues specific to microphone array applications. 

Time-domain versus frequency-domain beamforming 

There are two general methods of beamforming for broadband signals: time­
domain beamforming and frequency-domain beamforming. In time-domain 
beamforming an FIR filter is used on each sensor, and the filter outputs 
summed to form the beamformer output. For an array with M sensors, each 
feeding a L tap filter, there are M L free parameters. In frequency-domain 
beamforming the signal received by each sensor is separated into narrow­
band frequency bins (either through bandpass filtering or data segmentation 

Page 22 of 401



6 Ward et al. 

and discrete Fourier transform), and the data in each frequency bin is pro­
cessed separately using narrowband techniques. For an array with M sen­
sors, with L frequency bins within the band of interest, there are again M L 
free parameters. As with most beamformers, the method that we describe in 
this chapter can be formulated in either domain. A time-domain formulation 
has previously been given in [16], and hence, we restrict our attention to 
frequency-domain processing here. 

1.2 Problem Formulation 

Consider a linear array of M = 2N + 1 sensors located at Pn, n = -N, ... ,N. 
Assume that the data received at the nth sensor is separated into narrowband 
frequency bins, each of width 1).f. Let the center frequency of the ith bin be 
fi, and denote the frequencies within the bin as 

Fi = [fi - 1).f /2, fi + 1).f /2). 

The array data received in the ith bin at time k, is given by the M-vector: 

The desired source signal is represented by siCk), and the M-vector vi(k) rep­
resents the interfering noise (consisting of reverberation and other unwanted 
noise sources). The array vector a( 8, 1) represents the propagation of the 
signal source to the array, and its nth element is given by 

where c is the speed of wave propagation, and 8 is the direction to the desired 
source (measured relative to the array axis). To simplify notation we will drop 
the explicit dependence on k in the sequel. 

The beamformer output is formed by applying a weight vector to the 
received array data, giving 

where H denotes Hermitian transpose, and Wi is the M -vector of array 
weights to apply to the ith frequency bin.2 

The spatial response of the beamformer is given by 

b(8, 1) = wfa(8, f), f E Fi , (1.2) 

which defines the transfer function between a source at location 8 E [-1f, 1f) 
and the beamformer output. Also of interest is the beampattern, defined as 
the squared magnitude of the spatial response. 

2 Note that it is a notational convention to use w H rather than w T [1]. 
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The problem of designing a CDB can now be formulated as finding the 
array weights in each frequency bin such that the resulting spatial response 
remains constant over all frequency bins of interest. 

One simple (but not very illuminating) approach to solving this problem 
is to perform a least-squares optimization in each frequency bin, i.e., 

(1.3) 

where bFI((J) is the desired frequency-invariant response. Thus, in each fre­
quency bin there are M free parameters to optimize. Although this is a stan­
dard least-squares optimization problem and the required array weights are 
easily found, the solution provides very little insight into the problem. Specif­
ically, there is no suggestion of any inherent structure in the CDB, and many 
important questions are left unanswered, such as how many sensors are re­
quired, and what range of frequencies can be used. 

In an attempt to provide some insight into the problem of designing a 
CDB, we take an alternative theoretical approach in the following section, 
and then relate these theoretical results back to the problem of finding the 
required filter coefficients. As we will see, there is in fact a very strong implicit 
structure in the CDB, and exploiting this structure enables us to reduce the 
number of design parameters and find efficient implementations. 

1.3 Theoretical Solution 

It is well known that the important dimension in determining the array re­
sponse is the physical array size, measured in wavelengths. Thus, to obtain 
the same beampattern at different frequencies requires that the array size 
remains constant in terms of wavelength. Specifically, consider a linear ar­
ray with N elements located at Pn, n = 1, ... , N, and assume the array 
weights are chosen to produce a desired beampattern b((J) at a frequency 
fl. Then, at a frequency 12, the same beampattern b((J) will be produced 
if the same array weights are used in an array with elements located at 
Pn(fd h), n = 1, ... , N. In other words, the size of the array must scale di­
rectly with frequency to obtain the same beampattern.3 To obtain the same 
beampattern over a continuous range of frequencies would theoretically re­
quire a continuum of sensors. 

1.3.1 Continuous sensor 

Motivated by this interpretation, we consider the response of a theoretical 
continuous sensor. Assume that a signal x(p, f) is received at a point P on 

3 This is precisely the idea used in the harmonically-nested subarray technique. 
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the sensor at frequency f, and a weight w(p, f) is applied to the sensor at 
this point and frequency. The output of the sensor is 

y(f) = J w(p, f) x(p, f) dp, 

and the spatial response for a source at angle B is 

b(B, f) = J w(p, f) e-j27r!c-1pcoslJ dp. (1.4) 

We assume that the aperture has finite support in p, and thus, the integration 
has infinite limits. 

Let u = c- 1 cos B. The response of the continuous sensor can now be 
written 

bu(u, f) = J w(p, f) e- j27r!pu dp. 

Let the sensor weighting function be given by 

w(P,f) = fB(pf), (1.5) 

where B(·) is an arbitrary, absolutely-integrable, finite-support function. Sub­
stitution gives 

bu(u, f) = J f B(pf) e- j27r!pu dp. (1.6) 

With the change of variable ( = p f, and noting that d( = f dp, it is easily 
seen that the resulting spatial response is now independent of frequency, i.e., 

(1. 7) 

This is an important result, since it states that if the weighting function 
is given by (1.5), then the resulting spatial response will be independent of 
frequency. In Qther words, (1.5) defines the weighting function for a CDB. It 
was shown in [15], that not only does (1.5) provide a sufficient condition, but 
it is in fact the necessary condition for a frequency-invariant spatial response. 

1.3.2 Beam-shaping function 

Equation (1. 7) defines a Fourier transform relationship between B (.) and 
bF10. To achieve some desired spatial response, the required function B(() 
is thus easily found by taking the inverse Fourier transform of b(u). We will 
refer to B(·) as the beam-shaping (BS) function, since it has a fundamental 
role in determining the spatial response. 
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Because of its symmetry with respect to space and frequency, the BS 
function can be interpreted as either a filter response at a certain point, 
i.e., Hp(f) = B(Pf), or equivalently, as an aperture weighting function at a 
certain frequency, i.e., Af(P) = B(Pf). 

We will assume that the BS function is Hermitian symmetric, i.e., B( -() = 
B*((). This implies that the resulting spatial response is real-valued. 

1.4 Practical Implementation 

Whilst we have shown theoretically that it is possible to produce a beampat­
tern that is exactly frequency-invariant using a continuous sensor, in prac­
tise we must attempt to approximate such a response using a finite array 
of discrete sensors. The problem of approximating a continuous aperture by 
a discrete array has been considered in [17]. One simple but effective tech­
nique is to approximate the integral in (1.6) using a Riemann sum-this is 
the approach we take here. In particular, we use trapezoidal integration to 
approximate the integral (1.6) by a summation of the form: 

N 

bF1(U) = L f B(Pnf) e-j27rfPnU Lln (1.8) 
n=-N 

where Pn is the location of the nth discrete sensor, and bFI denotes an approx­
imation of bF1 . We assume that the array is Hermitian symmetric about the 
origin, so that B( -pf) = B(Pf)*, and P-n = -Pn· Although the technique 
is suitable for an arbitrary array geometry, a symmetric geometry simplifies 
implementation, and ensures that the position of the array phase center does 
not vary with frequency. The length of the nth subinterval is 

Ll _ Pn+l - Pn-l 
n - 2 ' (1.9) 

which we refer to as the spatial weighting term. 
Relating (1.8) to the response of a general array (1.2), we find that for a 

CDB the weight on the nth sensor in the ith frequency bin is 

(1.10) 

where, recall, Pn is the location of the sensor, and Ii is the center frequency 
of the bin. 

1.4.1 Dimension-reducing parameterization 

Define the reference beam-shaping filter response as 

H(f) = B(prer/), (1.11) 
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where Pref is some reference location (to be defined later). Also define the 
beam-shaping filter response of the nth sensor as 

Hn(f) = B(pnf), n = -N, ... ,N. 

It immediately follows that the BS filters satisfy the following dilation prop­
erty: 

where 

Pn 
"(n=-

P<ef 

(1.12) 

is the dilation factor for the nth sensor. This is an extremely important prop­
erty, since it shows that the filter responses on all sensors can be derived from 
the single filter response, H(f), and enables the following efficient implemen­
tation of the CDB. 

Let the reference BS filter response be given by its standard FIR filter 
representation: 

where fs is the sampling frequency, and h[l] is a L-vector of beam-shaping 
coefficients. From (1.12), the nth BS filter response is given by 

Hn(f) = L h[l] e-j27rflkfnl 

1 

= hH dn(f), (1.13) 

where dn (f) is the L-dimensional dilation vector for the nth sensor. From 
(1.10), we see that the weight to use on the nth sensor in the ith bin is 

(1.14) 

where 

(1.15) 

is a L-dimensional transformation vector. 
Equation (1.14) demonstrates the efficient parameterization afforded by 

this particular formulation of the CDB problem. Whereas the naive least­
squares approach (1.3) requkes an optimization of M parameters Wi in each 
frequency bin, we find that it is really only necessary to choose L frequency­
independent BS parameters h. Changing the beampattern shape only re­
quires modification of these BS coefficients, and the implicit structure im­
posed by the transformation vectors ensures that the resulting response has 
constant directivity over the design band. 
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1.4.2 Reference beam-shaping filter 

The underlying principle of the CDB is that the size and shape of the active 
array aperture should scale directly with frequency. This frequency scaling 
operation is performed by the BS filters. In deciding the coefficients of the ref­
erence BS filter, and the location of the reference point P<ef, we must consider 
this scaling property in more detail. 

Let the chosen aperture size be Q wavelengths. Assuming the array is 
symmetric about the origin, this meanS that at any wavelength A, sensors 
further from the origin than QA/2 should be inactive. In other words, the 
nth senSor should have a low-pass characteristic with a cutoff frequency of 

Qc 
In = 21Pnl' (1.16) 

From (1.13), note that "(n > 1 results in compression in the frequency do­
main, whereas "(n < 1 results in frequency expansion. Since the discrete-time 
frequency response H(f) is periodic, it follows that frequency compression 
may cause aliasing; this is extremely undesirable. Aliasing can be avoided in 
One of two ways. First, choosing Pref = max IPnl ensures that "(n :S 1, Vn, thus 
avoiding aliasing altogether-however, this requires additional constraints On 
the reference BS coefficients to impose the low-pass property (1.16). Alterna­
tively, for sensors having "(n > 1, the weights Wi,n are set to zero for frequency 
bins Ii > In-the reference BS weights are nOw potentially unconstrained. 
Of these two approaches, the second is preferable, since it removes any con­
straints on the BS coefficients. Moreover, the requirement that the sensor 
weights within certain bins are always zero does not complicate implementa­
tion. 

Assume that the frequency response of the reference BS filter is non-zero 
for all frequencies up to 1./2, the Nyquist frequency; this is the most general 
case of H(f). From (1.16), it follows that a sensor with non-zero frequency 
response up to 1./2 would be positioned at IPnl = Qc/ I •. Thus, for the most 
general case of H(f) the reference location is chosen as 

(1.17) 

The reference BS coefficients can be found by using the Fourier transform 
relationship defined by (1.7). Specifically, the BS function B(() is found by 
taking the Fourier transform of the desired frequency-invariant spatial re­
sponse bFI(U). Setting I = (/Pref' B(() now defines the frequency response of 
the reference BS filter. The BS coefficient vector h is found using any stan­
dard FIR filter design technique. In practise, low-order implementations of 
the reference BS filter are generally to be preferred; this point is demonstrated 
in the following section. 
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1.4.3 Sensor placelllent 

The most common geometry for array processing applications is typically 
an equally-spaced array, usually with a spacing of one half-wavelength at 
the highest frequency of operation. Although such a geometry is valid for a 
CDB, less sensors are required if a logarithmically spaced array is used. In 
choosing an appropriate sensor geometry, the most important consideration 
is to ensure that at any frequency spatial aliasing is avoided. 

The idea is to start with an equally-spaced array that is used at the highest 
frequency, and then progressively add more sensors with wider spacings as 
frequency decreases (and the wavelength increases). At any frequency i, the 
total active aperture size should be Qcj i, and the largest spacing within the 
active array should be cj(2J). These requirements are met (using the least 
number of sensors) with the following symmetric array geometry: 

C 

Pn = n 2iu' 

Q 

O<n< Q - - 2 

Pn+1 = Q _ 1 Pn, 
Q (Q -1)c 

n> 2' Pn < 2h 

(1.18a) 

(1.18b) 

(1.18c) 

Note that a harmonically-nested subarray geometry is only produced if Q = 2. 

1.4.4 SUllllllary of illlplelllentation 

1. Choose a set of L reference BS coefficients, h. 
2. Position the sensors according to (1.18a)-(1.18c). 
3. In the ith frequency bin, the weight on the nth sensor is 

where 

t. _ {ii L1ndn(!i), 
.,n - 0 , 

Qc 
in = 2iPni 

L1 - Pn+1 - Pn-l 
n - 2 

!i <in 
otherwise, 

dn(fi) = [ei211"f/fB'Yn(L-l)/2, ... ,e-i211"f/f8 'Yn (L-l)/2] 

iPni 'Yn= -
Pref 

Qc 
Pref = Ts 
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1.5 Examples 

We now show an example of the CDB design technique. The design was for 
a bandwidth of 300-3000 Hz (i.e., the same bandwidth as used in Fig. 1.1), 
with an aperture size of Q = 4 wavelengths. Using an FFT size of 128 resulted 
in 44 bins within the design band, with each bin having a width of 62.5 Hz. 
The sensors were positioned according to (1. 18a)-(1.18c) , resulting in the 
M = 25 sensor array geometry shown in Fig. 1.2. For frequencies of 1000 Hz 
and 2000 Hz, the active sensors are also indicated in this figure. 

-2.5 -2 -1.5 -1 

f= 2000 Hz 
I 

f=1000Hz 

-0.5 0 0.5 
POSITION (m) 

1.5 

Fig. 1.2. Array geometry used for example CDB. 

2 2.5 

Assume we wish to design a standard sine-like response (as produced 
by a uniformly weighted array). In this case it is known that the aperture 
function should be uniform. Thus, the BS function B(·) should ideally be a 
brick-wall low-pass filter. Assume we design the BS vector h to approximate 
an ideal low-pass filter using L = 101 filter coefficients. This results in the 
BS frequency responses shown in Fig. 1.3; for each sensor in the array, the 
weight required at each frequency is plotted. Note that these responses are 
all dilations of a single response, and that each has a low-pass characteristic. 

Using these BS coefficients, the resulting spatial response of the CDB is 
shown in Fig. 1.4. Although the variation is not as great as for the narrow­
band design in Fig. 1.1, the spatial response in Fig. 1.4 is far from frequency 
invariant. Why is this? The answer lies in the fact that the BS frequency 
response has a very sharp cutoff. Consider a single sensor. At low frequencies 
the sensor is always on. As frequency increases, there will come a point where 
the sensor will suddenly turn off, and at this frequency the aperture abruptly 
changes size. This abrupt change in the active aperture causes the alp-like 
appearance of the spatial response in Fig. 1.4. 

Now, returning to the problem of designing the BS coefficients for the 
desired uniform spatial response, assume we design the BS vector h to ap-
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Fig. 1.3. Frequency responses of the weights on each sensor. 
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Fig. 1.4. Spatial response of example CDB. 

180 

proximate an ideal low-pass filter using only L = 21 filter coefficients. This 
results in the BS frequency responses shown in Fig. 1.5. In comparing this fig­
ure with Fig. 1.4, notice that the frequency responses exhibit a more gradual 
cutoff. 
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Fig. 1.5. Frequency responses of the weights on each sensor. 
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Fig. 1.6. Spatial response of example CDB. 

Using these 21 BS coefficients, the resulting spatial response of the CDB is 
shown in Fig. 1.6. In this case the spatial response shows very little variation 
with frequency. This demonstrates that one should take careful consideration 
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of how well the underlying function can be approximated by the discrete 
array when choosing the required BS function. 

1.6 Conclusions 

Constant-directivity beamforming is a useful technique for spatial filtering 
in broadband signal environments in which the desired signal and the inter­
ference signals cover approximately the same bandwidth. In this chapter we 
have developed a technique for designing a CDB, and shown that there is 
an efficient parameterization and underlying structure exhibited by a CDB. 
The greatest drawback of a CDB in microphone array applications is that 
the size of the array is related to the lowest frequency of operation. Thus, 
producing an array that has a frequency-invariant spatial response down to, 
say, 300 Hz may require an array that is several meters long. In all but the 
largest rooms this is impractical. However, a constant spatial response can be 
readily achieved for mid and high frequencies (above say 1000 Hz) using an 
array with a total size of less than a meter. For the lower frequencies, other 
methods (such as the superdirective techniques described in the following 
chapter) are probably more appropriate. 
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2 Superdirective Microphone Arrays 
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Abstract. This chapter gives an overview of so-called superdirective beamform­
ers, which can be derived by applying the minimum variance distortionless response 
(MVDR) principle to theoretically well-defined noise fields, as for example the dif­
fuse noise field. We show that all relevant performance measures for beamformer 
designs are functions of the coherence matrix of the noise field. Additionally, we 
present unconstrained and constrained MVDR-solutions using modified coherence 
functions. Solutions for different choices of the optimization criterion are given in­
cluding a new solution to optimize the front-to-back ratio. Finally, we present a 
comparison of superdirective beamformers to gradient microphones and an alter­
native generalized sidelobe canceler (GSC) implementation of the superdirective 
beamformer. 

2.1 Introduction 

What is "super" about a superdirective microphone array? Compared to 
the standard delay-and-sum beamformer a superdirective array achieves a 
higher directivity. Therefore, "super" -directivity indicates that summing is 
not the optimal choice for combining sensor signals, if optimal directivity is 
desired. The term directivity describes the ability of a beamformer to suppress 
noise coming from all directions without affecting a desired signal from one 
principal direction. 

A short historical overview in [6] shows that superdirectivity (or super­
gain) in connection with array processing was first mentioned in the first half 
of the last century. The solutions provided at that time were of academic 
interest only, since a lot of practical problems occurred which restricted the 
use of the theoretical work. The main reasons for failure were the self-noise 
and the gain and phase errors of the microphones. In order to overcome these 
problems a first constrained solution was published by Gilbert and Morgan 
in 1955 [15]. Early applications with slight modifications were seismic and 
sonar techniques [5]. It was not until the 90's that supergain was connected 
to microphone applications. Research in hearing aids highlighted the advan­
tages of fixed beamformers over adaptive solutions [17]. Modern designs of 
superdirective beamformers include nearfield assumptions and the possibility 
to adapt the constraining to the actual problem. 

This chapter is organized as follows: Section 2.2 introduces the measures 
to judge the different designs. In section 2.3 the optimal design will be derived 
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with respect to the given problems. Further extensions and special details are 
given in section 2.4. Concluding remarks close this chapter. 

2.2 Evaluation of Beamformers 

In order to get a better understanding of the features of the different designs 
of optimal beamformers, we first need to derive the measures to analyze their 
performance. 

t Z noise field 

.A ouree --. x 

Fig. 2.1. Signal model consisting of noise field and desired source signal 

The signal model is shown in Fig. 2.1. We assume that one sample of 
the discrete input sequence x(k) at each sensor n consists of a delayed and 
attenuated version of the desired signal ais(k - Tn) and a noise component 
vn(k) with arbitrary spatial statistics. 

x(k) = as(k - or) + v(k) . (2.1) 

Since all relevant quantities and designs depend on the frequency, the follow­
ing examinations are carried out in the frequency domain without any loss 
of generality. The Fourier-transform leads to 

(2.2) 

where d is the representation of the delays and the attenuation in the fre­
quency domain which depends on the actual geometry of the array and the 
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direction of the source signal. 

Finally, the output signal 

N~l 

Yi,(e j !7) = L Wn * (e j !7)Xn(e j !7) = WH X , (2.4) 
n=O 

where Wn (e j !7) denotes the frequency-domain coefficients of the beamformer 
of sensor n at the frequency n and the operator H denotes a conjugated 
transposition (Hermitian operator). The inverse Fourier-transform results in 
the discrete-time output signal Yb(k). 

2.2.1 Array-Gain 

The array-gain (AG) is the measure which shows the improvement of the 
signal-to-noise ratio (SNR) between one sensor and the output of the whole 
array 1. Therefore, 

G = SNRArray 
SNRsensor 

(2.5) 

Assuming stationary signals, the SNR of one sensor is given by the ratio of 
the power spectral densities (PSD) of the signal Pss and the average noise 
PVa Va· 

The SNR at the output can be computed by deriving the PSD of the 
output signal 

(2.6) 

where 

iPxx = ( 

PXoxo PXOx1 

Px1XO PX1X1 

PXN~lXO PXN:_1Xl 

PXOXN_l ) 
PX1XN_l 

PXN_~XN_l 
(2.7) 

is a power spectral density matrix of the array input signals. When the desired 
signal is present only, the output is 

(2.8) 
Signal 

1 The dependence on n is omitted for the sake of brevity and readability. 
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and for the noise-only case the output is 

PYbYbl = PVaVa WHcl)vv W , 
Noise 

(2.9) 

where cl)vv is a normalized cross power spectral density matrix of the noise2 . 

Therefore, 

G _ !WH d!2 
- WHcl)vv W . (2.10) 

Assuming a homogeneous noise field (2.10) can be expressed in terms of 
the coherence matrix 

rvv= ( 

1 rVOVl rVOV2 

rV1 Va 1 r V1 V2 

r VN :_ 1 Va r VN :_ 1 Vl rV~·~l V2 .. :. 

rVOVN_l) 
rV1VN_l 

1 

(2.11 ) 

where 

(2.12) 

is the coherence function [4]. 
Thus, 

(2.13) 

This representation allows an easier examination of beamformers for different 
noise fields, since many theoretically defined noise fields can be expressed by 
their coherence function. 

2.2.2 Beampattern 

One way to evaluate beamformers is to compute the response of the array to 
a wavefront coming from a specific frequency and a specific angle, depending 
on azimuth <p and elevation B in a spherical coordinate system. Computing 
this response over all angles and frequencies leads to the spatial-temporal 
transfer function 

2 (!W H d!2) IH(<p,B)1 I = -10loglO I 
dB wHrvv W 

Wavefront 

(2.14) 

2 The normalization factor is set to force the trace of the matrix to equal N. 
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called the farfield beampattern, which is usually displayed on a logarithmic 
scale. It can be computed by using (2.13) and the knowledge of the coherence 
function of a single wavefront with frequency fl and an angle of arrival <p, (). 
Additionally, Is denotes the sampling frequency, c = 340 m/s the speed of 
sound, and in m the distances between the sensors in the Cartesian coordinate 
system 

rVn v~ I = exp(jflTnm) , 
Wavefront 

(2.15) 

where 

Tnm = Is (lx nm sin(()) cos(<p) + Iy nm sin(()) sin(<p) + Iz nm cos(())) 
C ' , , 

(2.16) 

Since the beampattern depends on three variables, it is not possible to 
display it in a single plot. Fortunately, line arrays aligned to the z-axis have 
a rotational symmetry and, therefore, the beampattern is independent of <po 
Examples of beampatterns for line arrays will be shown in section 2.3. 

2.2.3 Directivity 

A common quantity to evaluate beamformers is the directivity factor, or its 
logarithmic equivalent the directivity index (DI) which describes the ability 
of the array to suppress a diffuse noise field. Therefore, we can compute the 
directivity factor by using (2.13) and inserting the coherence function of a 
diffuse noise field: 

rv v (e j !?) I = sin (flfsInmlc) 
n ~ Diffuse fllslnmlc 

(2.17) 

. {Dlslnm} = Slnc 
C 

where sinc(x) = sin(x)lx. Thus, the DI is 

(2.18) 

Another formal definition uses the transfer function (2.14) and describes 
the ratio of the transfer function of the look-direction ()o, <Po of the array to 
the spatial integration over all directions of incoming signals. 

(2.19) 
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2.2.4 Front-to-Back Ratio 

In many applications no principal look-direction exists, as for example in 
video-conferences or the recording of orchestras. Therefore, the DI is not the 
best quantity to describe the behavior of the array. In such applications a 
front-to-back ratio (FBR) is a better choice, since in most cases all desired 
sources are in front of the array and all unwanted disturbances are behind 
the array [19], [11]. The formal description utilizes the beampattern again: 

(2.20) 

2.2.5 White Noise Gain 

This last quantity shows the ability of the array to suppress spatially un cor­
related noise, which can be caused by self-noise of the sensors. Inserting the 
coherence matrix for this noise field 

rvvi = I 
uncorr 

(2.21) 

into (2.13) results in the white noise gain: 

(2.22) 

On a logarithmic scale positive values represent an attenuation of uncorre­
lated noise, whereas negative values show an amplification. 

2.3 Design of Superdirective Beamformers 

In order to design optimal beamformers, we have to minimize the power of 
the output signal Yb(k) of the array. The output PSD is given by (2.6) and is 
a function of the input signal and the coefficients we want to determine. In 
order to avoid the trivial solution Wn = 0, the minimization is constrained 
to give an undistorted signal response in the desired look direction, i.e., 

(2.23) 

Therefore, the following constrained minimization problem has to be solved: 

min WH«f)xxW subjectto WHd = 1. 
w 

(2.24) 
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Since we are only interested in the optimal suppression of the noise, and we 
assume a perfect correspondence between the direction of the desired signal 
and the look-direction of the array, only the noise PSD-matrix ~vv is used. 

The well-known solution for (2.24) is called the Minimum Variance Dis­
tortionless Response (MVDR) beamformer [6]. It is given by 

~vv-ld 
W = dH~VV-ld' (2.25) 

and can be derived by using the Lagrange-multiplier [13] or gradient compu­
tation [20], [9]. Assuming a homogeneous noise field the solution is a function 
of the coherence matrix: 

rvv-1d 
W = dHrvv-1d . (2.26) 

Equations (2.25) or (2.26) can be interpreted as a spatial decorrelation 
process followed by a matched filter for the desired signal. The normalization 
in the denominator leads to unity signal response for the look direction. 

The design procedure reduces to the choice of theoretically well-defined 
noise-fields in order to get optimal designs for different applications. Fur­
thermore, different models for the desired signal can be included, leading to 
farfield and nearfield designs. 

Examples for desired signal models are: 

• Standard farfield model for linear arrays with equidistant sensors: 

dT = [1,exp(-jD!sc-1lcos(Bo)),exp(-jD!sc-121cos(Bo)), (2.27) 

... ,exp(-jD!sc-1(N -1)lcos(Bo))] 

where I is the inter-sensor spacing . 
• Nearfield design, including attenuation of the desired signal [14], [22] 

dT = [aoexp(-jwTo),alexp(-jwTd,··· ,aN-lexp(-jwTN-l)] , 
(2.28) 

Ilq - Pre/ll 
Ilq -Pill ' 

Ilq - Pre/ll-Ilq -Pill 
c 

(2.29) 

(2.30) 

where Ilq - Pre/ll and Ilq - Pill denote the distance between the vector 
location of the source q and a reference sensor Prel, or the sensor Pi, 
respectively. 

More elaborate examples for exact nearfield designs can be found in [18], [23] 
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2.3.1 Delay-and-Sum Beamformer 

Although this chapter is called superdirective microphone arrays the well­
known Delay-and-Sum Beamformer (DSB) is included for comparison pur­
poses. It is an 'optimal' beamformer for optimizing the WNG. We can derive 
the coefficients from (2.26) by inserting the coherence matrix for spatial un­
correlated noise r = I. Thus, 

(2.31) 

The WNG is optimal in this case and reaches N. All other standard shad­
ing schemes like the Dolph-Chebycheff window [10] worsen the performance 
subject to WNG. 

2.3.2 Design for spherical isotropic noise 

In order to optimize the directivity factor, which depends on the noise-field 
of a spherical isotropic noise field (diffuse), we have to solve (2.26) by using 
the coherence matrix of the diffuse noise field, given by (2.17). The resulting 
coefficients represent the classic superdirective beamformer (SDB)3. 

Figure 2.2 shows the beampattern of a DSB and a superdirective beam­
former, both using five linear equispaced microphones (l = 5 cm) in endfire 
steering direction (()o = 7f). The x-axis represents the incoming spatial angle 
([0· . ·27f]) and the y-axes represents the frequency of the signal in kHz. The 
sampling-frequency was set to 8 kHz to cover the telephone bandwidth. The 
grey-scaled image represents the attenuation of the incoming signals in dB. 

The look-direction is unmodified at all frequencies due to the linear con­
straint. Additionally, an unmodified region at higher frequencies can be seen 
caused by spatial aliasing, since our choice of the parameter does not fulfill 
the spatial sampling theorem, which is given by 

.A 
1 <-

2 ' 
(2.32) 

where .A denotes the wavelength. The upper sampling frequency should there­
fore be restricted to fs = 6.8 kHz, or the distance should not exceed 1 = 4.25 cm. 
However, in order to show some effects we will keep these parameters in all 
experiments. 

Furthermore, the DSB is unable to suppress low frequency noise sources 
coming from any direction. In contrast, the superdirective beamformer atten­
uates very well sources coming from directions other than the look-direction 

3 In this chapter the term superdirective beamformer is used for the beamformer 
which optimizes the directivity factor, independent of the frequency or the ratio 
of the wavelength to the distance between the sensor elements. In the classic 
definition this is often restricted to the case where the wavelength is large with 
respect to the distance between sensors. 
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Fig. 2.2. Left: beampattern of a delay-and-sum beamformer. Right: beampattern 
of an optimal array for isotropic noise (superdirective beamformer) . (l = 5 cm, 
N = 5, endfire steering direction) 

over the whole frequency range. However, at higher frequencies the superdi­
rective beamformer degrades to the DSB, since supergain can only be achieved 
if the signal wavelength is larger than two times the microphone distance. 
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Fig. 2.3. Left: Directivity index (D!) for delay-and-sum beamformer and superdi­
rective beamformer. Right: White noise gain (WNG) for delay-and-sum beamformer 
and superdirective beamformer. (l = 5 cm, N = 5, endfire steering direction) 

Figure 2.3 shows the DI on the left side and the WNG on the right side for 
the same parameters as in the previous figure. The directivity index reaches 
zero at low frequencies for the DSB (as expected by analyzing the beam­
pattern) and N2 for the superdirective beamformer. The proof for this limit 
in the endfire steering case can be found in [11]. At higher frequencies the 
directivity for both designs is nearly the same and it is given by N, since the 
sinc{ .} function tends to zero, and the noise field is uncorrelated in this case. 
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If we now take a closer look at the WNG, we can see why this design is not 
suitable in real-world applications. Whereas the DSB suppresses uncorrelated 
noise equally at all frequencies, the SDB boosts uncorrelated noise at lower 
frequencies. 

In order to give a deeper insight into how supergain works, we will com­
pute the coefficients for an array of only two microphones. The distance is 
again 5 cm, and endfire steering is used. 

30r------------------, 

i 20 ····,,···,,········· 
CD 
"C 

.!: 10 
~ 

8 
I 0 

0.5..:.------------------, 
- :- Sensor 1 
~ - Sen$or 2 

o ............... .' ..... _~. , ___ r:::l 

. " 
" ,, : 

. ...-

-1 0 L-_____________ ---' -0.5 "'-----------------' 
o 1000 2000 3000 4000 0 1000 2000 3000 4000 

n fs /(21t) in Hz ~ n 1s /(21t) in Hz ~ 

Fig. 2.4. Coefficients of a two channel SDB, left: Magnitude, right: Phase (I = 5 
cm, N = 2, endfire steering direction) 

In Fig. 2.4 the squared magnitude and the phase of the two coefficient vec­
tors are shown. First of all, the coefficients are conjugate complex. Secondly, 
the filters force the phase between the noise components at each sensor to 
be 7r. Therefore, the correlated part of the noise will be compensated. Hence, 
the desired signal is also correlated, and therefore it is reduced as well. To 
fulfill the constraint of an undisturbed desired signal, the coefficients have 
to boost the input signals to compensate this behavior, which can be seen 
on the left side of Fig. 2.4. Therefore, uncorrelated noise will be amplified. 
At higher frequencies the correlation between the noise components vanishes 
and the beamformer degrades to the DSB. The magnitude of the coefficients 
reaches 1/2. 

In order to overcome the problem of self-noise amplification in superdirec­
tive designs, Gilbert and Morgan have proposed a method for solving (2.24) 
under a WNG constraint [15]. The method uses a small added scalar J.t to 
the main diagonal of the normalized PSD or coherence matrix: 

(2.33) 

We prefer a mathematically equivalent form, which preserves the interpreta­
tion as a coherence matrix with elements smaller than one. Instead of adding 
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the scalar to the main diagonal, we divide each non-diagonal element by 1 + p. 
Therefore, p can be interpreted as the ratio of the sensor noise u2 to the am­
bient noise power <livv. For the diffuse noise field the non-diagonal elements 
are given by 

v n=/:m. (2.34) 

The factor p can vary from zero to infinity, which results in the unconstrained 
SDB or the DSB respectively. The WNG changes as a monotonic function 
between the two limits [15). Typical values for p are in the range between 
-lOdB to -30dB. Unfortunately, there is no simple relation between p and 
the resulting WNG. By using a frequency variant p the WNG can be re­
stricted at all frequencies , but not through direct computation. 

There are two different iterative design schemes. The first one was pub­
lished by Doerbecker [9) . It is a straightforward implementation of a trial­
and-error strategy. Another iterative design method uses the scaled projection 
algorithm developed by Cox et al. for adaptive arrays [6). Instead of the es­
timated PSD-matrix, the theoretically defined coherence or PSD-matrix is 
inserted in the scaled projection algorithm. This solution was presented in 
[17). Both algorithms result in similar coefficients and can be implemented 
easily. 
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Fig. 2.5. Left: Directivity index (DI) for different constrained designs. Right: White 
noise gain (WNG) for different constrained designs. (I = 5 cm, N = 5, endfire 
steering direction) 

Figure 2.5 depicts the effects for three fixed and one variable p as con­
straining parameters. For the variable p , the WNG constraint was set to 
-6 dB. The constrained design facilitates a good compromise between DI 
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and WNG. A careful design can optimize such arrays for a wide range of 
applications. 

2.3.3 Design for Cylindrical Isotropic Noise 

In some applications a spherical isotropic noise field is not the best choice 
or the best approximation of a given noise-field. Another well-defined noise­
field can be used, if we reduce the three dimensions to two dimensions. We 
get a noise-field which is defined by infinite noise sources of a circle with an 
infinite radius. This kind of noise can arise if a lot of people speak in large 
rooms where the ceiling and the floor are damped well, or in the free-field 
(cocktail-party noise) 4. The coherence between two sensors is given by [7] 

(2.35) 

where Jo (.) is the zeroth-order Bessel function of the first kind. This leads to 
the solution of [8] as an improved design for speech enhancement for a hearing­
aid application. In order to constrain the coefficients, a similar technique as 
in (2.34) has to be carried out. 

In comparison to the design for a diffuse noise-field the differences are not 
large, but at lower frequencies a better suppression of noise sources behind 
the look direction can be observed. Elko [11] has shown that the directivity 
factor is less and its limit is 2N - 1, in contrast to N 2 in the unconstrained 
case (J.l = 0). A design example will be given in the next section. 

2.3.4 Design for an Optimal Front-to-Back Ratio 

A last data-independent design tries to optimize the front-to-back ratio. In 
many applications the look direction of the desired signal cannot be pre­
determined, but in most cases the desired signal is in front of the array and 
all disturbances are at the rear, e.g. when recording an orchestra or in video­
conferences. 

Our suggestion for a different design strategy is not to use an isotropic 
noise field, but to restrict the assumed infinite noise sources to the back half 
of a circle or a sphere. 

The resulting noise-field between two sensors separated by the distance Z 

can be described by an integration over an infinite number of uncorrelated 
noise sources. The resulting function in the two-dimensional case is: 

, 1 1°0 +37</2 f( elf}, Bo) = - exp (j n fsc-1Z cos (B) ) dB. 
7r 00+1f/2 

(2.36) 

4 The origin of this cylindrical isotropic noise-field is the sonar application in shal­
low water. 
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Using numerical integration methods, inserting the resulting complex values 
in the coherence matrix and solving (2.26) , results in a new design which 
suppresses noise sources from the rear very well. 

0 10 

N 

~ 1000 0 

~ ~ 
82000 -.. ~ 2000 - 10 

-'" -<J) 

~ 3000 ~ 3000 -20 

4000 4000 -30 
0 2 0 2 

Sin ....:, S/1t -7 

Fig. 2.6. Left: beampattern of a constrained superdirective beamformer. Right : 
beampattern of a constrained beamformer, designed with (2 .36). (I = 5 em, N = 5, 
JL = 0.01, endfire steering direction) 

Figure 2.6 shows beampatterns of two constrained beamformers (Il = 
0.01). The left side is computed with optimized coefficients for a diffuse noise­
field, and the right side uses coefficients designed with the help of (2.36). 
At lower frequencies the constraining parameter is dominant and therefore, 
both designs do not perform well. From 300 Hz to 2800 Hz the new design 
suppresses all signals coming from the rear at the cost of a wider main lobe; 
this is sometimes an advantage, for example if the source is not exactly in 
endfire position. 

At higher frequencies, especially if spatial aliasing occurs, the new design 
boosts signals coming from directions near the look direction, which can cause 
some unnatural coloring of the signal and the remaining noise. Therefore, 
special care has to be taken when choosing the parameters of the new design 
scheme. 

In order to show the advantages of the new schemes, Fig. 2.7 depicts the 
DI and the FBR measure for the three different designs. At lower frequencies 
the small advantage of the cylindrical optimal design against the spherical 
design for the FBR can be seen, but the differences are very small over the 
whole frequency range. On the other hand, the behavior of the new design is 
completely different. Measuring the DI leads to much smaller values, but the 
FBR is very high, especially in the mid-frequency range. 

Interestingly, we can transform between the optimal design for cylindri­
cal isotropic noise and the new design by introducing a new variable which 
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Fig. 2.7. Left: Directivity index (DI) for three optimal designs. Right: Front-to­
back ratio (FBR) for three optimal designs. (I = 5 em, N = 5, J.t = 0.01, endfire 
steering direction) 

adjusts the limits of the integral , i.e., 

(2.37) 

Setting 8 = 0 corresponds to the isotropic noise case, and 8 = 7r /2 results in 
(2.36). 

2.3.5 Design for Measured Noise Fields 

So far, only data-independent designs have been considered. If a priori knowl­
edge is available, however, it should be used to improve the performance. For 
example, this information could be a prescribed direction (B = angle) of an 
incoming noise source. Assuming the noise source is in the far field of the mi­
crophone array, the complex coherence function between two sensors is given 
by 

R {r ( )} ( flfsCOS(B)lnm) e x x w = cos 
n '" C 

(2.38) 

I {r ( )} . (flfsCOS(B)lnm) 
m XnX'" W = -SIn 

c 
(2.39) 

Inserting the complete coherence matrix in (2.26) forms a null in that direc­
tion over the whole frequency range. In order to restrict the WNG a con­
strained design is necessary. 

Furthermore, if we assume stationarity we can measure the actual noise­
field and solve the design equation which results in the MVDR solution. 
Adaptive algorithms like the constrained projection by Cox [6], or the original 
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algorithm by Frost [13], will converge exactly to the same solution under the 
assumption of stationary noise and an infinitely small step-size. 

2.4 Extensions and Details 

After describing the main form of the MVDR beamformer and typical data­
independent designs, we will compare them to their analogue counterparts, 
the gradient microphones. Furthermore, an alternative implementation struc­
ture will be given which can reduce the computational complexity and open 
superdirective designs for future extensions. 

2.4.1 Alternative Form 

Assuming a time-aligned input signal, the optimal weights are defined differ­
ently, since the look-direction vector d is replaced by the column-vector 

1=fLL···.11T 

~ 
N 

containing only ones, and the PSD-matrix or the coherence matrix contain 
the statistical information after time alignment (see Fig. 2.8). This gives 

I x~(k) = s(k)+ v~(k) 
1-----
, 

Fig. 2.8. Signal model after time delay compensation 

(2.40) 

This solution of the constrained minimization problem can be decomposed 
into two orthogonal parts, following the ideas of Griffith and Jim [16]. One 
part represents the constraints only and the other part represents the uncon­
strained coefficients to minimize the output power of the noise. 
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Fig. 2.9. Schematic description of the decomposition of the optimal weight vector 
into two orthogonal parts 

The decomposed structure is depicted in Fig. 2.9. The multi-channel time­
aligned input signal X is multiplied by W C to fulfill the constraints. Fur­
thermore, the input signal is projected onto the noise-only subspace5 by a 
blocking matrix B. The resulting vector X B is multiplied by the optimal 
vector H and then subtracted from the output of the upper part of the struc­
ture to get the noise-reduced output signal Z. Several authors have shown 
the equivalence between this structure and the standard beamformer [16], 
[3], [12], if 

1 
WC=-l 

N' 

which represents a delay-and-sum beamformer. Additionally, B has to fulfill 
the following properties: 

• The size of the matrix is (N - 1) x N 
• The sum of all values in one row is zero 
• The matrix has to be of rank N-l. 

An example for N = 4 is given by 

[
11 -1-1] 

B = 1 -1 -1 1 
1 -1 1 -1 

(2.41) 

Another well-known example is the original Griffith-Jim matrix which sub­
tracts two adjacent channels only: 

B = (~~1 ~1 ~ ... ~). 
o ... 0 0 1 -1 

The last step to achieve a solution equivalent to (2.25) is the computation 
of the optimal filter H. A closer look at Fig. 2.9 shows that Yf, XB and Z 
describe exactly the problem of a multiple input noise canceler, described by 

5 Which means that the desired signal is spatially filtered out (blocked). 
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Widrow and Stearns [24]. Therefore, this structure is called the generalized 
sidelobe canceler (GSC), if an adaptive implementation is used. The non­
adaptive multi-channel Wiener solution of this problem can be found in [21] 

(2.42) 

where <P x B X B denotes the PSD-matrix of all signals after the matrix B, and 
<PXBYt is the cross-PSD vector between the fixed beamformer output and 
the output signals X B. Additionally, the coefficient vector can be computed 
as a function of the input PSD-matrix: 

(2.43) 

If we now assume a homogeneous noise field, the PSD-matrix can be replaced 
by the coherence matrix of the delay-compensated noise field to compute the 
optimal coefficients: 

(2.44) 

Therefore, all designs presented in section 2.3 can be implemented by using 
the GSC-structure. However, why should we do that? First of all, the new 
structure needs one filter less than the direct implementation. Using the first 
blocking matrix (2.41) further reduces the number of filters [1]. Secondly, a 
DSB output is available which can be used for future extensions. Thirdly, the 
new structure allows us to combine superdirective beamformers with adap­
tive post-filters for further noise reduction [2], and the new structure gives a 
deeper insight into MVDR-beamforming. For example, we can see that opti­
mal beamforming is an averaging process combined with noise compensation. 

2.4.2 Comparison with Gradient Microphones 

Other devices with superdirectional characteristics are optimized gradient 
microphones [11]. In Fig. 2.10 a typical structure of a first order gradient 
microphone and its technical equivalent (composed of two omni-directional 
microphones) is shown. 

The acoustic delay between the two open parts of the microphone can be 
realized by placing the diaphragm not exactly in the middle, or by using a 
material with a slower speed of sound. 

The output of such systems is given by 

E(w, B) = Po (1 - exp( -jW[T + c-1Z cos(B)])) , (2.45) 

where T is the acoustic delay and Po denotes the amplitude of the source 
signal. If we now assume a small spacing with respect to the wavelength, an 
approximate solution can be derived: 

E(w, B) :=;:j Pow( T + c-1Z cos (B) ) . (2.46) 
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8 

diaphragm 

acoustic 
delay 

Fig. 2.10. Schematic description of a first order gradient microphone 

A proper choice of T leads to the different superdirective designs, called car­
dioid, supercardioid and hypercardioid. For example, the beampattern for a 
hypercardioid first order gradient microphone shows its zeros at ~ ± 1 09° . 
This type of microphone is designed to optimize the directivity factor and 
therefore, it represents the analogue equivalent of a two-sensor superdirective 
array. For a deeper insight and a complete review of higher order gradient 
microphones see [11]. 

At lower frequencies the two systems react more or less equally. The ad­
vantages of the analogue system are the smaller size of the device, and that 
no analogue-to-digital conversion is necessary. The advantages of the digital 
array technique are its flexibility, the easy scaling for many microphones, and 
the possible extensions with post-filters or other adaptive techniques. 

At higher frequencies, if the assumption of small spacing is not valid any­
more, the differences become visible. Through careful manufacturing these 
frequencies are much higher than the covered bandwidth. However, at some 
high frequencies the analogue microphone cancels the desired signal com­
pletely. On the other hand the array system reacts like a DSB at these fre­
quencies, and no cancellation occurs. 

2.5 Conclusion 

Designing a so-called superdirective array or an optimal array for theoret­
ically well-defined noise fields can be reduced to solving a single equation. 
Even nearfield assumptions and measured noise fields can be easily included. 
We have shown that the spatial characteristic, described by the coherence 
function, plays a key role in designing arrays. Most of the evaluation tools 
like the beampattern or the directivity index are directly connected to the 
coherence function. Beamformer designs with optimized directivity or higher 
front-to-back ratio also use the coherence. 

One of the new aspects included in this chapter was a new noise model 
to improve the front-to-back ratio. Furthermore, we emphasized the close 
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relationship between superdirective arrays and adaptive beamformers and 
their well-known implementation as a generalized sidelobe canceler. 
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Abstract. In the context of microphone arrays, the term post-filtering denotes the 
post-processing of the array output by a single-channel noise suppression filter. A 
theoretical analysis shows that Wiener post-filtering of the output of an optimum 
distortionless beamformer provides a minimum mean squared error solution. We 
examine published methods for post-filter estimation and develop a new algorithm. 
A simulation system is presented to compare the performance of the discussed 
algorithms. 

3.1 Introduction 

What can be gained by additional post-filtering if the Minimum Variance 
Distortionless Response (MVDR) beamformer already provides the optimum 
solution for a given sound field? 

Assuming that signal and noise are mutually uncorrelated the MVDR 
beamformer minimizes the noise power (or variance) subject to the constraint 
of a distortionless look direction response. The solution can be shown to be 
optimum in the Maximum Likelihood (ML) sense and produces the best pos­
sible Signal to Noise Ratio (SNR) for a narrowband input [1]. However, it 
does not maximize the SNR for a broadband input such as speech. Further­
more, the MVDR beamformer does not provide a broadband Minimum Mean 
Squared Error (MMSE) solution. The best possible linear filter in the MMSE 
sense is the multi-channel Wiener filter. As shown below the broadband multi­
channel MMSE solution can be factorized into a MVDR beamformer followed 
by a single-channel Wiener post-filter. The multi-channel Wiener filter gen­
erally produces a higher output SNR than the MVDR filter. Therefore, addi­
tional post-filtering can significantly improve the SNR, which motivates this 
chapter. 

The squared error minimized by the single-channel Wiener filter is the 
sum of residual noise and signal distortion components at the output of the 
filter. As a result, linear distortion of the desired signal cannot be avoided en­
tirely if Wiener filtering is used. Additional Wiener filtering is advantageous 
in practice, however, because signal distortions can be masked by residual 
noise and a compromise between signal distortion and noise suppression can 
be found. Using MVDR beamforming alone often does not provide sufficient 
noise reduction due to its limited ability to reduce diffuse noise and rever­
beration. 
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The first concept of an electronic multi-microphone device to suppress 
diffuse reverberation was proposed by Danilenko in 1968 [2]. His research 
was motivated by Bekesy's [3] observation that human listeners are able to 
suppress reverberation if sounds are presented binaurally. In Danilenko's re­
verberation suppressor a main microphone signal is multiplied by a broad­
band gain factor that is equal to the ratio of short-time cross-correlation and 
energy measurements. Two auxiliary microphones were used to measure cor­
relation and energy. Danilenko already noted that such a system would also 
suppress incoherent acoustic noise. However, the proposed analog, electronic 
tube version of this system was not realized at that time. Another proposal 
in [2] was to evaluate squared sum and differences of two microphone signals, 
an idea that later was developed independently by Gierl and others in the 
context of digital multi-channel spectral subtraction algorithms [4], [5], [6], 
[7], [8]. 

According to Danilenko, his correlation-based concept was first realized 
during Blauert's stay at Bell Labs. In [9], Allen et al. presented a digital, 
two-microphone algorithm for dereverberation based on short-term Fourier­
Transform and the overlap-add method. In 1984, Kaneda and Tohyama ex­
tended the application of the correlation based post-filters to noise reduction 
[10]. The first multi-microphone solution was published by Zelinski [11], [12]. 
Simmer and Wasiljeff showed that Zelinski's approach does not provide an op­
timum solution in the Wiener sense if the noise is spatially uncorrelated, and 
developed a slightly modified version [13]. A deeper analysis of the Zelinski 
and the Simmer post-filter can be found in [14], [15]. 

In the last decade, several new combinations and extensions of the post­
filter approach were published. Le-Bouquin and Faucon used the coherence 
function as a post-filter [16], [17] and extended their system by a coherence 
subtraction method to overcome the problem of insufficient noise reduction at 
low frequencies [18], [19]. The problem of time delay estimation and further 
improvement of the estimation of the transfer function was independently 
addressed by Kuczynski et al. [20], [21] and Drews et al. [22], [23]. Fischer 
and Simmer gave a first solution by associating a post-filter and a generalized 
sidelobe canceler (GSC) to improve the noise reduction in case the noise field 
is dominated by coherent sources [24], [25]. Another system for the same task 
was introduced by Hussain et al. [26] and was based on switching between al­
gorithms. The same strategy of switching between different algorithms, where 
the decision is based on the coherence between the sensors, can be found in 
[27], [28]. Furthermore, Mamhoudi and Drygajlo used the wavelet-transform 
in combination with different post-filters to improve the performance [29], 
[30]. Bitzer et al. [31], [32] proposed a solution with a super-directive array 
and McCowan et al. used a near-field super-directive approach [33]. 

Reading these papers we find that a theoretical basis for post-filtering 
seems to be missing. Therefore, an analysis based on optimum MMSE multi­
channel filtering is presented in the following section. 
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3.2 Multi-channel Wiener Filtering in Subbands 

We use matrix notation for a compact derivation. Signal vector x and weight 
vector W denote the multi-channel signal at the output of the N microphones 
and the multi-channel beamformer coefficients, respectively. We assume that 
the input signal vector x(k) is decomposed into M complex subband signals 
x(k, i) by means of an analysis filter-bank, where k is the discrete time in­
dex and i is the subband index. The optimum weight vector wopt(k,i) for 
transforming the input signal vector x(k, i) = s(k, i) + v(k, i) corrupted by 
additive noise v(k, i) into the best possible MMSE approximation of the de­
sired scalar signal s(k, i) is referred to as multi-channel Wiener filter [34J. 
We assume that the relation between the desired scalar signal s(k, i) and the 
signal vector s(k, i) is linear and that the N elements of the column vectors 
s(k, i) and v(k, i) are random processes. In the following, T denotes trans­
position, * denotes complex conjugation, H denotes Hermitian transposition, 
and E [.J denotes the statistical expectation operator. 

3.2.1 Derivation of the Optimum Solution 

The error in subband i for an arbitrary weight vector w(k, i) is defined as 
the difference of the filter output 

y(k, i) = w H (k, i)x(k, i) = w H (k, i) [s(k, i) + v(k, i)J 

and the scalar desired signal s(k, i), that is 

e(k, i) = s(k, i) - wH (k, i)x(k, i). 

Using the definitions for the power of a complex signal 

¢xx(k, i) = E [x(k, i)x(k, i)*J, 

the cross-correlation vector 

¢xy(k, i) = E [x(k, i)y* (k, i)J , 

and the correlation matrix 

pxx(k,i) = E [x(k,i)XH(k,i)] , 

the squared error at time k may be written as 

¢ee(i) = E [{s(i) - w H (i)x(i)}{s*(i) - xH (i)w(i)}] 

(3.1) 

(3.2) 

(3.3) 

(3.4) 

(3.5) 

= ¢ss(i) - w H (i)¢xs(i) - ¢:!s(i)w(i) + w H (i)pxx(i)w(i), (3.6) 

where the time index k has been omitted without loss of generality. The 
optimum solution minimizes the sum of all error powers ¢ee(i): 

M 

L [¢ss(i) - w H (i)¢xs(i) - ¢:!s(i)w(i) + w H (i)Pxx(i)w(i)]. (3.7) 
i=O 
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Since the error power is necessarily real-valued and nonnegative for all sub­
bands, the sum can be minimized for the weight vector w(i) by minimizing 
the error power rPee(i) for each subband. Therefore, the frequency index i 
may also be omitted without loss of generality. 

The power rPee is a quadratic function of w and therefore has a single, 
global minimum. The optimum weight vector minimizing the squared error 
is obtained by setting the gradient of rPee with respect to w equal to the null 
vector [35]: 

( ) 8rPee 
V'w rPee = 2~ = -241xs + 24ixxw = o. 

uw* 
(3.8) 

The resulting expression is the subband version of the multi-channel Wiener­
Hopf equation in its most general form 

(3.9) 

where 4ixx is the correlation matrix of the noisy input vector and 41X8 is the 
cross-correlation vector between the noisy input vector and the desired scalar 
signals. Assuming 4ixx to be nonsingular, we may solve (3.9) for the optimum 
weight vector: 

(3.10) 

3.2.2 Factorization of the Wiener Solution 

In our application, the received signal is assumed to consist of a single desired 
scalar signal that is transformed by the acoustic path d and additive noise: 

x = sd+v. 

The noise vector v is given by 

v = [VO,Vl,··· ,VN_l]T 

(3.11) 

(3.12) 

where Vn is a complex noise signal in sub band i at microphone n. The complex 
propagation vector is 

(3.13) 

where dn describes the acoustic path from the desired source to the micro­
phone n for subband i. The propagation vector d may include time delays, 
near-field effects, and the transfer functions of enclosure and microphones. 
With the definitions (3.3), (3.4), (3.5) and assuming that signal and noise are 
uncorrelated, the cross-correlation vector may be reduced to 

(3.14) 
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and the correlation matrix may be expressed as 

(3.15) 

Consequently, the optimum weight vector may be written as 

(3.16) 

The multi-channel Wiener filter can now be factorized into an array processor 
and a single channel post-filter by applying the Sherman-Morrison-Woodbury 
formula 

(3.17) 

which is also known as the matrix inversion lemma [35]. Substituting 

A = gJvv -1, B = J¢;;d, and C = 1 (3.18) 

into (3.17), and taking into account that the Hermitian form d H gJvv -1d is 
scalar and real valued, the MMSE solution (3.16) can be transformed into 

Wopt = [
gJ -1 _ 4>ssgJvv -1ddH gJvv -1] A- d 

vv 1 + 4>ssdH gJvv -1d 'l'ss 

[ 4>ss ] gJ -1d 
1 + 4>ss d H gJvv -1d vv 

= [ 4>ss 1 gJvv -1d 
4>ss+(dHgJvv-1d)-1 d H gJvv-1d · 

(3.19) 

Equation (3.19) shows that the multi-channel Wiener filter (3.10) can be 
written as the product of the weight vector of the MVDR beamformer, (see 
Chapter 2) and a real-valued scalar factor. A similar result is used in [36] and 
[1] to show that the multi-channel Wiener and the MVDR solution yield the 
same SNR if the input is narrowband. In this case the MVDR beamformer is 
preferable since it is data independent (Le. completely defined by the spatial 
configuration of signal and noise sources), whereas the Wiener solution is 
data dependent (4)ss must be known or estimated) and is therefore much 
more difficult to handle. However, MVDR and Wiener solutions yield the 
same SNR only if the input consists of a single frequency. For the broadband 
case (which has already been discussed in [37]), the scalar factor becomes a 
subband or frequency domain post-filter that may significantly improve the 
SNR. 
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To show that the optimum post-filter is also a Wiener filter that operates 
on the single-channel output data, we evaluate the power of the desired signal 
at the output of the MVDR processor as 

(3.20) 

This demonstrates the distortionless magnitude response. Furthermore, we 
determine the power of the output noise as 

(3.21) 

Substituting (3.20) and (3.21) into (3.19), we can finally factorize the opti­
mum MMSE solution into the following expression: 

[ ¢soso ] iPvv -ld 
Wopt = A.. A.. HI' 'l'soso + 'l'vovo d iPvv - d 

, '" '''-v-'' 
Wiener post-filter MVDR array 

(3.22) 

Equation (3.22) includes the complex weight vector of the MVDR beam­
former 

W (k i) _ iP;;v1 (k, i) d(k, i) 
mvdr , - dH(k,i) iP;;;(k,i) d(k,i)' (3.23) 

and the scalar, single channel Wiener post-filter that depends on the SNR at 
the output of the beamformer: 

H (k') _ ¢soso (k, i) 
post , t - A.. (k') A.. (k') 

0/8 0 8 0 ,~+ o/VoVo ,~ 

SNRout(k,i) 
1 + SNRout(k,i)' 

(3.24) 

The output signal z(k, i) of the factorized MMSE filter is the product of the 
output signal y(k, i) of the MVDR array: 

y(k, i) = w:;'vdr(k, i) x(k, i), (3.25) 

and the transfer function Hpost(k, i) of a single-channel post-filter: 

z(k, i) = y(k, i) Hpost(k, i). (3.26) 

The MVDR solution (3.23) maximizes the directivity index if iPvv equals 
the correlation matrix of the diffuse sound field. The resulting system may 
therefore be called 'superdirective array with Wiener post-filter' (although 
the term superdirectivity originated in the context of analog microphones). 
Since the definition (3.13) of the propagation vector does not include any far­
field assumptions, (3.23) may also be used to design a near-field superdirective 
array. 
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3.2.3 Interpretation 

Although the above results are clearly related to Wiener's work on optimum 
filtering [38], some basic assumptions were different. First of all, Wiener con­
sidered continuous time signals which leads to the Wiener-Hopf integral equa­
tion. The corresponding equation in matrix form (3.10) usually determines 
the filter coefficients for an optimum discrete time FIR filter of order N. In 
our case, the delay line is defined by the spatial arrangement of the acoustic 
sensor and the taps are realized by the N microphones. The array and the 
weight vector form a spatial filter. Wiener assumed that signal and noise are 
ergodic and stationary random processes and he used the Fourier-transform 
to find a solution for the optimum filter. This leads to a linear, time invariant 
filter. Such a filter is not appropriate for speech signals that may be modeled 
as short-time stationary processes only. The derivation used here is based 
on ensemble averages (expectations) and does not assume stationarity. In 
practice, however, only an approximate realization of such a filter is possible. 

There are two main sources of errors: the analysis and synthesis filter­
bank, and the procedures to estimate the time-varying signal and noise powers 
in the individual subbands. For the design of the filter-banks, a compromise 
between frequency and time resolution has to be made. High resolution in the 
frequency domain leads to poor resolution in the time domain and vice versa. 
Therefore, the highest possible frequency resolution that does not violate 
the short-term stationarity of speech should be chosen. Furthermore, the 
minimum error in the time-domain is only reached if the filters have non­
overlapping frequency regions (see the discussion of subband methods in [39]). 
Since such filters are physically unrealizable, overlapping of subbands cannot 
be avoided. As a result, the suppression of a noise-only sub band may affect 
adjacent subbands containing desired signal components. In the following, 
we will use windowing, Fast Fourier Transform (FFT) and the overlap-add 
method to implement the filter-bank. However, (3.22) is general enough to 
allow any complex or real valued filter-bank method. If overlap-add is used, 
circular convolution should be avoided by zero padding and by constraints 
imposed on the estimated transfer function. 

In the derivation of the optimum filter, expectations are used to estimate 
the parameters. This is a theoretical construction since the ensemble averages 
cannot be computed in practice. An approximation proposed in [9] is the 
recursive Welsh periodogram: 

¢xy(k, i) = a ¢xy(k - 1, i) + (1 - a)x(k, i)y* (k, i), (3.27) 

where a = exp( - D j[T 0: Is]) is defined by the decimation factor D of the 
filter-bank, the time-constant To: (ms), and the sampling frequency Is (kHz). 
The time constant is again a compromise. If To: is low, artifacts may occur 
due to the variation of the transfer function estimate. On the other hand, if 
a high time constant To: is chosen, the assumption of short time stationarity 
is violated and the output speech signal may sound reverberant. 
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Unfortunately, the factorized result (3.22) does not give any indication of 
how the Wiener post-filter could be estimated. A possible solution, which we 
discuss in the next section, is based on the observation that the correlation 
between two microphone signals is low if the sound field is diffuse and the 
microphone distance is large enough. 

3.3 Algorithms for Post-Filter Estimation 

Figure 3.1 shows the block diagram of the studied algorithms. The micro­
phone signals are time aligned and decomposed by a frequency subband 
transform (FT). The coefficients Wn represent the weight vector w of the 
beamformer and H represents the post-filter. The inverse subband transform 
(1FT) synthesizes the output signal. The coefficients In for post-filter estima­
tion form a vector f. Unless otherwise noted we assume that f = w. We begin 

+ 

Post­
fi lter 

estimation 

Fig. 3.1. General block diagram of the examined post-filters. 

our analysis on multi-microphone post-filters by recalling some results on the 
performance of arrays from Chapter 2 since these results are needed later. We 
generally assume that the coefficients are normalized so that w H 11 H w = 1 
and f H ll Hf = 1, where 1 is the N-vector of ones. Therefore, the array gain 
equals the noise reduction of the array. For convenience, we define a noise 
power attenuation factor that equals the inverse of the array gain: 

Ar = wHrvvw = C-1 , (3.28) 
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where the coherence matrix rvv is the normalized noise correlation matrix 
rvv = 4>vvN ftrace [4>vv], and all quantities are assumed to be frequency de­
pendent. 

An examination of (3.28) shows that the noise attenuation of the array 
is the weighted sum of the complex coherence functions of all sensor pairs. 
Thus, all products appear in conjugate pairs rmn + rnm = 2Re{rnm}. As 
a result, the noise reduction of the array is actually a function of the real 
part of the complex coherence between the sensors. The knowledge of the 
magnitude squared coherence is not sufficient. 

The white noise gain is the array gain for spatially uncorrelated noise, 
where rvv = I. Thus, the attenuation factor for spatially white noise is 

The additional noise attenuation of the post-filter is given by 

Apost = 1 Hpost 12 . 

(3.29) 

(3.30) 

The total noise attenuation of the combined system is the product of the at­
tenuation of the array and the attenuation of the post-filter, or the respective 
sum in dB: 

Atotall = 101og10 (Ar) + 101oglO (Aposd . 
dB 

3.3.1 Analysis of Post-Filter Algorithms 

(3.31) 

The first method for post-filter estimation we study is a generalized version of 
Zelinski's algorithms that was discussed by Marro et al. [15]. It covers several 
other algorithms as a special case. 

(3.32) 

Equation (3.32) includes Danilenko's [2] idea to use the ratio of cross-correlation 
4>xnXTn and power 4>xnxn for suppressing incoherent noise, the complex sub­
band approach of Allen et al. [9], Zelinski's proposal to average over all mi­
crophone pairs m > n [11], and Marro's [40] extension to complex shading 
coefficients W n . To write this algorithm in matrix notation, we note that 

{
N-2 N-l } N-l N-l N-l 

2Re L L wnw:n4>xnxTn = L L wnW:n!PXnXm - L wnw~!PXnXn· 
n=O m=n+ 1 n=O m=O n=O 
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This is a Hermitian form of the shading coefficients Wn and the correlation 
matrix Pxx , minus the weighted sum of diagonal elements of Pxx . The algo­
rithm (3.32) requires that the relative time-delay differences and gain ratios 
between the microphone signals have been compensated in advance so that 
d = 1. This leads to a modified noise correlation matrix Pxx (see Chapter 
2). The transfer function of the post-filter (3.32) may now conveniently be 
written in matrix form as 

(3.33) 

where p?x is a diagonal matrix of the diagonal elements of Pxx . If the sound 
field is homogeneous, we have the same input power at each microphone, i.e. 
p?x = ¢xx I , and may write 

(WHpXXW - ¢xxwHw) 
H zm = ¢u (wHII Hw _ wHw)· (3.34) 

If signal and noise are uncorrelated we have Pxx = PSS + Pvv . Therefore, 

(3.35) 

Assuming that the coefficients are normalized such that w H 11 H w = 1, the 
desired signal is coherent, i.e., Pss = ¢ssIIH. With the noise correlation 
matrix being Pvv = ¢vvrvv, where ¢vv = trace [pvv] IN, we finally obtain 

H _ ¢ss ¢vv (wH rvv w - wHw) 
zm - + (H ). ¢ss + ¢vv (¢ss + ¢vv) 1 - w w 

(3.36) 

Although the designs of the MVDR array and the post-filter estimation 
algorithm do not seem to have much in common, the transfer function of the 
post-filter may be expressed as a function of the attenuation factors of the 
array by substituting (3.28) and (3.29) into (3.36): 

H _ ¢ss + ¢vv (Ar - AI) 
zm - ¢ss + ¢vv (¢ss + ¢vv) (1 - AI) 

(3.37) 

This is also true for the slightly modified version of Zelinski's algorithm [13]: 

(3.38) 
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where c/lyy = c/lss + c/lvvAr is the output power of the array. The modified 
post-filter can be expressed as 

Hsm = c/lss + c/lvvAr (Ar - AI) 
c/lss + c/lvvAr (c/lss + c/lvvAr) (1 - AI) 

(3.39) 

These rather surprising results were first derived in [15]. They are used in 
the following section to discuss the properties of a large class of post-filtering 
algorithms. 

3.3.2 Properties of Post-Filter Algorithms 

First of all, we note that the shading coefficients Wn form a weight vector 
w that generally can be computed by using the design rule of the MVDR 
array. It is not necessary, however, to use the same design for array processor 
and post-filter (see Fig. 3.1). Both the MVDR weight vector and the array 
gain are functions of the noise correlation matrix. It should be noted that the 
correlation matrix that is used for the design may differ from the correlation 
matrix of the environment in which the array operates. Therefore, three dif­
ferent correlation matrices may be involved: a first one for the design of the 
array processor, a second one for the design of the post-filter, and a third one 
to determine the performance in the actual environment. 

Analyzing (3.37) and (3.39) leads to the following conclusions: 

• Optimum performance is only reached if Ar = AI: 
The difference of the two attenuation factors is zero only if the noise is 
spatially uncorrelated which was Danilenko's initial assumption in the 
design of his suppression system. In this case, (3.37) becomes a Wiener 
filter for the input signal of the beamformer. On the other hand, (3.39) 
becomes a Wiener filter for the beamformer output and therefore rep­
resents the MMSE solution for uncorrelated noise if the delay and sum 
beamformer is used. All other coefficient sets, including superdirective so­
lutions, yield suboptimal performance. In a diffuse sound field, the noise 
is correlated at low frequencies which leads to poor performance for low 
frequency noise. 

• Negative post-filter if Ar < AI: 
In a diffuse noise field, or if coherent sources are present, the difference of 
the attenuation factors (Ar - Ad may cause a negative transfer-function. 
If negative parts of the transfer functions are set to zero, which is a 
common strategy, signal cancellation may occur. 

• Infinite post-filter if AI = 1: 
This is usually the case with superdirective designs which amplify uncor­
related noise at low frequencies. 

To demonstrate the preceding results, we computed the theoretical perfor­
mance of a four microphone end-fire array with 8 cm inter-microphone dis­
tance in a diffuse noise field (c/lss = 0). Figure 3.2 shows the attenuation 
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Fig. 3.2. Theoretical noise attenuation of an end-fire array for a diffuse noise field. 
Left: delay and sum beamformer coefficients. Right: superdirective coefficients. 

factors Ar and AI of the beamformer and the noise attenuation Apost of 
the post-filter (3.37). The left part depicts the attenuation for delay and 
sum beamformer coefficients (f = w = liN) and the right part depicts the 
attenuation for superdirective coefficients (f = WMVDR). 

The performance of the delay and sum beamformer and the respective 
post-filter is poor at low frequencies. At high frequencies the coherence of a 
diffuse noise field is approaching zero. Therefore, Ar is close to AI and both 
post-filters perform nearly optimally. 

The superdirective beamformer performs particularly well at low frequen­
cies. The respective post-filter, however, does not benefit from using superdi­
rective coefficients. The performance gets even worse at low frequencies and 
the transfer function is infinite at the frequency where AI crosses 0 dB. 

3.3.3 A New Post-Filter Algorithm 

To derive an improved algorithm we note that in all cases the subtraction of 
the white noise attenuation AI in (3.37) is causing the trouble. It reduces the 
performance for superdirective coefficients and is responsible for negative or 
infinite post-filters. Our straightforward approach for solving these problems 
is to replace the difference Ar - AI with Ar , since Ar is the parameter that 
is actually minimized by the design of the MVDR beamformer. Substituting 
AI = 0 in (3.37) results in 

H <Pss + <PvvAr 
apab = 

<Pss + <Pvv <Pss + <Pvv 
- <Pyy 

<Pxx· 
(3.40) 

This new algorithm can be implemented easily by estimating the ratio of 
the output power <Pyy and the input power <Pxx of the beamformer for all sub­
bands, where <Pxx is the power of the microphone closest to the desired source 
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or , alternatively, the average input power of the beamformer (see Fig. 3.3) . 
This design is compatible with superdirective coefficients, is always positive, 
and provides good performance for low frequency noise. However, the new 
transfer function still approximates a Wiener filter for the input signal. It 
does not take into account that the noise has already been reduced by the 
MVDR beamformer. In order to correct this behavior, we may apply the 
following function to (3.40) 

H 
g(H, A) = H+(1-H)A. (3.41) 

This transforms the Wiener filter for the input to a Wiener filter for the 
output of the beamformer: 

( <Pss A) _ <Pss g , r - . 
<Pss + <Pvv <Pss + <PvvAr 

(3.42) 

Since Ar is usually unknown, we may implement (3.40) directly and call this 
algorithm Adaptive Post-Filter for an Arbitrary Beamformer (APAB). 

Channel­
switch 

Fig. 3.3. Block diagram of the adaptive post-filter for an arbitrary beamformer 
(APAB). 

3.4 Performance Evaluation 

It is difficult to obtain reliable speech quality measures for the performance 
evaluation of noise reduction units. Subjective listening tests reach statistical 
significance only for a large number of trained listeners and are expensive 
and time-consuming. On the other hand, objective measures are often less 
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sensitive than the human auditory system to artifacts such as musical tones. 
Therefore, we did not rely exclusively on objective measures to optimize 
the noise reduction algorithms. Accompanying informal listening tests were 
conducted to validate the objective results. 

3.4.1 Simulation System 

Our simulation system consists of three parts: A signal generation module, 
the device or algorithm under test (DUT), and the evaluation unit. In a first 
step, clean speech s(k) and a pure noise signal v(k) are convolved with room 
impulse responses (RIR) that are computed using the image method of Allen 
and Berkley [41]. In Fig. 3.4, we show the room configuration used. Noise is 
added to the computed multi-channel signals to produce a given signal-to­
noise ratio (SNR). The resulting noisy signal is fed into the DUT. 

y 
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3.4m 0 
~I 
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7.4m 

Fig. 3.4. Configuration of the simulated room. 

The adaptive coefficients of the algorithm are copied to two slave algo­
rithms which process speech or noise only. Thus, we have access to the pro­
cessed speech signal ys(k), the processed noise signal yv(k), and a processed 
sum ys+v(k). Finally, these three output signals and the input signals are 
used in the evaluation unit to compute several speech quality measures. See 
Fig. 3.5 for a graphical description of the complete system. 

3.4.2 Objective Measures 

We are using three different quantities to obtain objective information about 
the tested algorithm. The first one is the segmental signal-to-noise ratio en-
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Fig. 3.5. Graphical description of the complete simulation system. 

hancement (SNRE): 

SNRE(l) = SNRin(l) - SNRout(l)· (3.43) 

The segmental SNR is computed from consecutive samples with block-length 
B = 256 at a sampling frequency of 8 kHz: 

(lH)B 

L s2(k) 
k=IB+l 

SNRin(l) = 10 ·lOgl0 -C-)---
1+1 B 

L v2 (k) 
k=IB+l 

Cl+l)B 

L y;(k) 
k=IBH 

SNRout(l) = 10 ·loglO -C-)-'-----
1+1 B 

L y~(k) 
k=IB+l 

(3.44) 

(3.45) 

The second objective measure is the log-area-ratio distance (LAR) which 
has been tested with good results in [42]. This quantity can be computed in 
three steps: 

1. Estimate the PARtial CORrelation coefficients (PARCOR) of a block of 
samples. The block-size should be small enough to hold the assumption of 
stationarity but large enough to reduce bias and variance of the estimated 
values. A good choice is a block-size of 256 for a model order of P = 12. An 
algorithm for estimating PARCOR coefficients is the well-known Burg­
algorithm [35]. 

2. Determine the area-coefficients by 

(p I) = 1 + k(p, I) \.I 

g, 1 _ k(p, I) v 1:::; P :::; 12 (3.46) 
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where k(p, l) is the pth PARCOR coefficient of block l. 
3. Compute the LAR of block I 

(3.47) 

The final quantity we use is a speech degradation measure, which can be 
defined by the LAR of the input and the output speech signals only 

(3.48) 

It includes the room reverberation, the signal distortion caused by the tested 
algorithm, and the dereverberation features of the tested algorithm only. 
Finally, the average of all blocks containing speech is computed. 

3.4.3 Simulation Results 

The described simulation system was used to evaluate the performance of 
four different post-filter algorithms: 

1. Ze188: The algorithm by Zelinski in the frequency-domain implementation 
[21]. 

2. Sim92: The algorithm by Simmer described in [13]. 
3. APAB: The adaptive post-filter for an arbitrary beamformer, described 

in section 3.3 with a constrained MVDR-beamformer designed for an 
isotropic noise field in three dimensions (superdirective beamformer). The 
constraining parameter is set to Jl. = 0.01 (see Chapter 2). 

4. APES: The adaptive post-filter extension for superdirective beamformers 
[32]. 

For comparison, we include the results of the case in which no algorithm is 
used (No NR). 

The speech sample we used is the sentence "I am now speaking to you 
from a distance of 50 cm from the microphone" spoken by an adult male. 
The length of this file leads to 98 blocks containing speech. The noise file 
was white Gaussian noise used in order to give technical results which can 
be reproduced by other researchers. The input SNR was computed only for 
blocks containing speech by using the segmental SNR. 

In the first experiment, the broadside array shown on the left side of 
Fig. 3.4 is examined. Figure 3.6 depicts the results for the SNRE. The left 
side shows the dependence on the input-SNR if the reverberation time is 
set to 760 = 300 ms. The right figure shows the results for SNR=5 dB as a 
function of the reverberation time. This provides information on the behavior 
of the algorithms for different spatial conditions. The noise-field is coherent 
for low reverberation time and approximately diffuse for high values. 
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Fig. 3.6. Left: SNRE vs. input-SNR. Right: SNRE vs. reverberation time 760 

(Broadside). 

Although not optimal the Ze188 algorithm performs quite well, especially 
for high reverberation times where it provides the best results of all tested al­
gorithms (if only the SNRE is considered). At low reverberation times APAB 
and APES can benefit from the better suppression at low frequencies by us­
ing a super directive beamformer instead of a standard delay and sum beam­
former. 
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Fig. 3.7. Left: SD vs. input-SNR. Right: SD vs. reverberation time 760 (Broadside). 

If we take into account the next two measures shown in Fig. 3.7 and 3.8, 
which describe the performance in terms of speech quality, the results are 
different. All algorithms enhance the speech quality in comparison to the 

Page 71 of 401



56 Simmer et al. 

t60 = 300 ms 

c 

~2 
...J +-+No NH 

*. ·*Sim92 
o [3,-ElZeI88*-'*APES . 

-5 0 5 10 15 20 
SNR in dB ~ 

SNR = 5 dB 

4.5 +-+ No NFt . 

t 4 *' '* Sim92 . ·¢-oAPAB . 

~ 3.5 [T.El.Z~18~.*:-* APES 
c 
a: « 
...J 

500 
t60 in ms ~ 

1000 

Fig. 3.8. Left: LAR vs. input-SNR. Right: LAR vs. reverberation time 760 (Broad­
side). 
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fire). 

unprocessed input signal 1. However, the algorithm with the highest SNRE 
does not produce the best LAR. A closer look at Fig. 3.7 explains this behav­
ior. Since these figures show the speech degradation only, the non-processed 
signal is constant versus the SNR and reduces to zero if no reverberation 
is added to the speech signal. The algorithms cause signal distortion at low 
SNR and the algorithm with the highest performance in SNRE induces the 
largest distortion, whereas APAB and APES provide the best speech quality 
(LAR). At very good conditions (SNR > 15 dB), these algorithms are able 
to suppress reverberation without introducing speech degradation. The lack 
of artifacts was corroborated through informal listening tests. 

1 Smaller values indicate better quality. 
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In a second experiment (right side of Fig. 3.4), we changed the orientation 
of the array and the inter-microphone distance. Additionally, only four mi­
crophones were used to reduced the array size. In Fig. 3.9 the SNRE results 
of the simulation are shown. The performance of the Sim92 and Zel88 al­
gorithms degrades drastically, since the inherent delay and sum beamformer 
does not perform well at low frequencies due to the small array size. On 
the other hand, APAB and APES perform well under all conditions. The 
SNRE for APES at high reverberation time is close to the result for the 
broadside-experiment although the number of microphones is reduced. Thus, 
we conclude that end-fire steering is preferable for this algorithm. 

3.5 Conclusion 

Wiener post-filtering of the output signal of an MVDR beamformer pro­
vides an optimum MMSE solution for signal enhancement. A large number 
of published algorithms for post-filter estimation are based on the assumption 
of spatially uncorrelated noise. This assumption leads to post-filtering algo­
rithms with suboptimal performance in coherent and diffuse noise fields. In 
this chapter we presented a new algorithm which performs considerably bet­
ter in correlated noise fields by using the gain of an arbitrary array. Small size 
end-fire arrays comprising an MVDR beamformer and optimized post-filters 
showed the best performance in our simulations. 
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Abstract. The spatial correlation function between directional microphones is use­
ful in the design and analysis of the performance of these microphones in actual 
acoustic noise fields. These correlation functions are well known for omnidirectional 
receivers, but not well known for directional receivers. This chapter investigates the 
spatial correlation functions for Nth-order differential microphones in both spher­
ically and cylindrically isotropic noise fields. The results are used to calculate the 
amount of achievable cancellation from an adaptive noise cancellation application 
using combinations of differential microphones to remove unwanted noise from a 
desired signal. The results are useful in determining signal-to-noise ratio gains from 
arbitrarily positioned differential microphone elements in microphone array appli­
cations. 

4.1 Introduction 

The spatial correlation function is important in the design of optimal beam­
formers that maximize the signal-to-noise ratio (SNR), source direction find­
ing algorithms, the calculation of actual SNR gain from arrays, and other 
array signal processing areas. The space-time correlation functions are well 
known for omnidirectional receivers in two specific environments: spherically 
and cylindrically isotropic noise fields. One area of large concern that has been 
a topic of ongoing work has been the design and performance of directional 
differential microphone systems. One application of these systems is in adap­
tive noise cancellation schemes. In order to predict the expected performance 
gains of these adaptive cancellation systems, the spatial correlation functions 
between directional microphones are required. Results are presented here for 
the specific cases of general orientation for first-order differential microphones 
in both spherically and cylindrically isotropic fields. Specific results are given 
for the general Nth-order cases for differential arrays that have collinear axes. 

4.2 Adaptive Noise Cancellation 

The use of adaptive noise cancellation in communication devices has been 
under investigation for more than two decades [1], [2]. The early studies 
predicted SNR gains on the order of 10 dB and higher. However, it was 
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Fig. 4.1. Schematic model of adaptive noise cancellation system. 

quickly learned that these predictions were not realized when devices were 
actually tested in real acoustic environments [2]. One of the problems that 
was encountered was the lack of coherence between a noise-alone sensor and 
the noise signal that was corrupting the desired signal. This lack of coherence 
was due to time-varying multipath, multiple uncorrelated noise sources, and 
nonlinearities in the transmission path to the signal channel [3]. 

Figure 4.1 shows the typical model of an adaptive noise cancellation sys­
tem. It can be seen from this model that the adaptive noise cancellation 
problem is equivalent to the acoustic echo cancellation problem as described 
by Sondhi [4]. The desired output signal is s(t). This signal is, however, cor­
rupted by the noise signal n(t), and the measured noise signal x(t) convolved 
with the transmission path h from the measured noise channel to the signal 
pick-up channel. 

The adaptive cancellation algorithm estimates the transmission path h 
and this estimated filter is represented by h. It is assumed that the signals 
s(t), n(t), and x(t) are uncorrelated stationary random processes. The output 
signal is e(t), and if h ~ h, the output signal e(t) ~ s(t). If it is further 
assumed that the filter h is time-invariant, the optimum filter Hopt is the 
Wiener filter given by [1], 

(4.1) 

where Sxd is the cross-spectrum between signals x and d, and Sxx is the 
autospectrum of signal x. If this filter is used in the model shown in Fig 4.1 
then the output auto-spectrum is, 

See(W) = Sdd(W)- 1 Hopt(W) 12 Sxx(W) 
= Sdd(W) [1- 1 /xd(W) 12] (4.2) 
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Fig. 4.2. Adaptive cancellation in dB versus the mean-square coherence between 
the noise signal x(t) and the signal d(t) as defined in Fig 4.1. 

where 'Yxd is the complex coherence function between the signals x(t) and 
d(t) and is defined as, 

(4.3) 

The amount of cancellation is equal to the ratio of the primary corrupted 
signal power to the output signal power, 

R(w) = Sdd(W) 
See(w) 

1 

1- 1 'Yxd(W) 12 ' 
(4.4) 

The results presented in (4.4) are well known [2] and a plot of this equation 
is shown in Fig. 4.2. 

As can be seen in Fig. 4.2, the magnitude-squared coherence value must 
be greater than 0.9 if the cancellation R is to be larger than 10 dB. 

In Fig. 4.1 it can be seen that if s(t) and n(t) are zero, then the can­
cellation will become infinite. However, in the case of a multipath field with 
many independent noise sources, the cancellation will be diminished since 
the coherence between the signals x and d will decrease. To see this, it is 
illustrative to examine the case of two independent noise sources nl and n2 

as shown in Fig. 4.3. 
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x(t) 

'2 ( t) G----+--I 

d(t) 

Fig. 4.3. Schematic model of two independent sources nl and n2 combining through 
filters to form signals x and d. 

For this case the autospectral densities are, 

(4.5) 

and 

(4.6) 

The cross-spectral density is, 

(4.7) 

where the superscript * denotes the complex conjugate. The magnitude­
squared coherence between x and d is therefore, 

2 2 

L 8ii (w)Hix(w)Hid(W) 

1 l' xd (w) 12 = -=-[ -=-2 _-,-t,---,· =1=--------:]=-[=-2=---"-------=-] < 1. ( 4.8) 

~ 8ii(W) IHix(wW ~ 8ii (w) IHid (W)1 2 

The coherence function given in (4.8) has a value of 1 only if Hlx = Hid 
and H2x = H2d . In general, for L independent sources the limit of the sums 
in (4.8) would be L. The model as explained above is a reasonable approx­
imation to what is typically found in practice for acoustic environments in 
which people work and communicate. Thus, the loss of coherence between 
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sensors in adaptive noise cancellation will most likely be due to this multiple­
independent-noise condition. As such, an analysis as to the loss of coherence 
between sensors for different acoustic noise fields is important. This chapter 
investigates the achievable cancellation for adaptive noise cancellation us­
ing differential sensors in both spherically and cylindrically isotropic noise 
fields. It is expected that these two types of fields will yield results that are 
representative of what can be obtained in real-world acoustic noise fields. 

A practical example of interest in telephony is the use of adaptive noise 
cancellation for noise removal from the transmitter (microphone) in a tele­
phone handset. A recent patent application [5] has explicitly proposed the use 
of a secondary directional microphone mounted on the handset such that the 
null of this noise-alone microphone is aimed in the direction of the "desired" 
signal. The output from this "noise-alone" microphone is then used to cancel 
the correlated noise in the microphone that is used to pick-up the desired sig­
nal. In order to predict the cancellation from this proposed arrangement of 
transducers, it is necessary to calculate the spatial coherence between these 
sensors. 

In a typical adaptive noise cancellation implementation the transfer func­
tion H is approximated as an all-zero filter, i.e., the impulse response h is 
estimated by an adaptive finite-impulse response (FIR) filter. One advantage 
of making this system adaptive is to allow for the possibility of a time varying 
impulse response h(t). There are several problems that occur in this imple­
mentation. One major problem is the presence of the desired signal and/or 
uncorrelated noise signal net), when the adaptive filter is attempting to adapt 
to the measured noise-to-primary input transfer function. This problem is the 
same as the "double-talk" problem in the field of acoustic echo cancellation 
[4]. Another problem is that the signals set), net), and x(t) are typically 
nonstationary. Finally, another problem that can limit the cancellation per­
formance is low coherence between the signals x(t) and the signal d(t), even 
when set) and net) are small in signal power compared to the power of the 
noise signal x(t). This lack of coherence has been postulated to be due to non­
linearities and strong nonstationary (time-varying) multipath environments 
[3],[10]. 

4.3 Spherically Isotropic Coherence 

The spatio-temporal autocorrelation and cross-correlation functions are very 
useful quantities in sensor array processing. Perhaps the most simple and 
historically prominent calculation was the correlation between two omnidi­
rectional microphones in an isotropic noise field. The initial calculation was 
published by R. K. Cook et al. [6]. For completeness and to develop the 
notation this well-known result will now be derived. 
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The space-time correlation function for stationary random processes Pi 
and P2 is defined as, 

(4.9) 

where E is the expectation operator, s is the position of the sensor measuring 
acoustic pressure Pi, and r is the displacement vector to the sensor measuring 
pressure P2. For a plane-wave incident field with wavevector k, (II k II = k = 
w/c where c is the speed of sound), R12 can be written as 

(4.10) 

where R is the temporal autocorrelation function of the acoustic pressure p. 
The cross-spectral density is the Fourier transform of the cross-correlation 
function, 

(4.11) 

If we assume that the acoustic field is spatially homogeneous (the correlation 
function is not dependent on the absolute position of the sensors), and also 
assume that the field is spherically isotropic (uncorrelated signals from all 
directions), the vector r can be replaced with a scalar variable r which is the 
spacing between the two measurement locations. Thus the cross-spectral den­
sity for an isotropic field is the average cross-spectral density for all spherical 
directions, (), <p. Therefore, 

S 12 (r, w) = N ~Sw) 1" 12tr e - j kr cos () sin ()d()d<p 

No(w) sin(wr/c) 
wr/c 

No(w) sin(kr) 
kr 

( 4.12) 

where No(w) is the power spectral density at the measurement locations and 
it has been assumed without loss in generality that the vector r lies along 
the z-axis. Note that the isotropic assumption implies that the autopower­
spectral density is the same at each location. The complex coherence function 
"( is defined as the normalized cross spectral density, 

( 4.13) 

For spherically isotropic noise and omnidirectional receivers, the spatial co­
herence function is, 

sin(kr) 
"(12 (r, w) = --,;;;;:-. (4.14) 
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In general, the spatial coherence function can be determined as, 

(4.15) 

where T1 and T2 are the directivity functions for the two directional sensors. 
In integral form for spherically isotropic fields, (4.15) can be written as, 

N12 (r,w) 
1'12(r,w) = D12(W) , 

where 

r (21r 
N12 (r,w) = io io T1(B,</>,w)T;(B,</>,w)e-jkrcosB sin BdBd</>, 

and 

D 12 (r,w) = (10 1r 102tr I T1(B,</>,w) 12 sinBdBd</» 1/2 

( r (21r ) 1/2 
X io io I T2(B, </>,w) 12 sinBdBd</> 

( 4.16) 

The denominator is inversely proportional to the geometric mean of the two 
microphone directivity factors Q1 and Q2 [8]. Therefore the denominator D12 
is, 

( 4.17) 

A general closed-form solution for the spatial coherence between any Nth 
and M th-order differential array if the differential axes are collinear has been 
found and is presented in a subsequent section. First, however, a general 
result for first-order differential arrays will be discussed. For this particu­
lar differential order, a solution is presented that allows the calculation of 
the spatial coherence for any arbitrary orientation of first-order differential 
arrays. 

The directional response for a first-order differential microphone can be 
written as [8], 

( 4.18) 

where '¢i is the angle between the incident wave and the axis of the ith 
first-order microphone. Defining Ui as the unit vector indicating the spatial 
orientation of differential microphone i, and defining :k = kj II k II as a unit 
vector, results in the following definitions in spherical coordinates: 

:k = (cos </> sin B, sin </> sin B, cos B) 

Ui = (cos </>i sin Bi , sin </>i sin Bi , cos Bi)· (4.19) 
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Thus, the cosine term in (4.18) can be written as 

(4.20) 

Using (4.15), (4.16), (4.18), (4.19), and (4.20) and again assuming, without 
loss of generality, that the microphones lie along the z-axis, yields 

1 r (27r 
NI2(kr) = 47r 10 10 

[0:1 + (1 - o:d(Xl cos <P sin 0 + Yl sin <P sin 0 + ZI cos 0)] 

[0:2 + (1 - 0:2)(X2 cos <psin 0 + Y2 sin <psin 0 + Z2 cosO)] 

sin(O)e-jkrcosOdOd<p, (4.21) 

where 

Xi = cos <Pi sin Oi, 

Yi = sin <Pi sin Oi, 
Zi = COSOi, i E {I, 2}. 

Note that since the directional response of the differential array is indepen­
dent of w, then the functional arguments for I, N, and D, can be compressed 
into one variable that is the product of k and r. Thus, only the functional 
dependency for the product kr will be used in the remainder of this chapter 
and the functions that depend solely on frequency will be written without 
the frequency dependence. Solving the integral (4.21) yields 

NI2(kr) = 0:10:2 sin(kr) 
kr 

+ (1 - 0:2)(1 - 0:2)(XI X2 + YIY2) [. (k ) _ k (k )] 
(kr)3 sm r rcos r 

Z1 Z2 [ 2· ( ) + (krp {(kr) sm kr + 2krcos(kr)](1 - 0:1)(1 - 0:2) 

+2sin(kr)(I- o:d(0:2 -I)} 

+ (::p [j(kr)20:2 cos(kr) (0:1 - 1) + jkm2 sin(kr)(1 - o:d] 

+ (k~P [j(kr)20:1 cos(kr) (0:2 - 1) + jkml sin(kr)(1 - 0:2)]. 

(4.22) 

For an Nth-order differential array whose directional response can be 
written as [8] 

(4.23) 
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the solution for the directivity factor is 

(4.24) 

For a first-order differential microphone (4.24) reduces to 

3 
( 4.25) 

3a2 + (1 - a)2· 

Thus, for the first-order case the denominator term D12 is 

D _ [3ar + (1 - at}2] 1/2 [3a~ + (1 - (2)2r/2 
12 - 3 (4.26) 

The quotient of (4.22) and (4.26) yields the general result for the coherence 
function between any arbitrarily oriented first-order differential microphones 
spaced at a distance r . If the values of ai are both equal to 1, the microphones 
are omnidirectional and the coherence from the ratio of (4.22) and (4.26) 
reduces to the well-known sin(kr)jkr result as given in (4.14). Figure 4.4 
shows the coherence between a pair of omnidirectional microphones and the 
coherence between various orientations of pairs of dipole microphones spaced 
as a function of the dimensionless parameter kr. The suffix symbols in the 
plot legend indicate the orientation of the dipole microphone axes. The curve 
for the orthogonal dipole case runs along the abscissa and therefore can not 
be explicitly seen in the figure. The fact that the orthogonal dipoles have a 
zero coherence can be understood if symmetry is considered. The complex 
coherence for a wave impinging from one angle is of opposite sign to a wave 
impinging from the opposing angle (fJl = B, ¢' = -¢). The net coherence 
is therefore zero for the isotropic noise case. The parallel dipoles (denoted 
as a dash-dot line) have a higher coherence value for kr < ]f, compared to 
the omnidirectional and collinear dipoles since there is zero delay for signals 
propagating along the major axes of the microphones. 

Figure 4.5 shows the amount of possible cancellation attainable with these 
various orientations of the dipole microphones calculated from (4.4). Fig­
ure 4.6 shows the coherence between various orientations of cardioid micro­
phones as a function of kr. Figure 4.7 shows the amount of possible cancel­
lation attainable with these various orientations of the dipole microphones. 
These results are the same as those calculated using explicit forms for the 
cardioid microphones in an earlier paper by Goulding and Bird [9]. 

Figure 4.8 shows the coherence between various orientations of omnidi­
rectional microphones, dipole and cardioid microphones, as a function of kr. 
Figure 4.9 shows the amount of possible cancellation attainable with these 
various orientations of omnidirectional, dipole, and cardioid microphones. It 
is interesting to note (but not unexpected) that the maximum cancellation for 
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Fig. 4.4. Magnitude-squared coherence (MSC) for omnidirectional and dipole mi­
crophones in a spherically isotropic noise field. Note that the curve for the orthog­
onal dipoles lies along the abscissa. 

the omnidirectional and the cardioid has a value of 6 dB, which is the maxi­
mum directional gain for a first-order differential microphone in an isotropic 
noise field. It is also interesting to note that the omnidirectional and the 
dipole are uncorrelated over all values of k and r. This result is again due to 
the symmetry argument that was made for the two orthogonal dipoles. 

In order to find a closed-form solution for an arbitrary order differential 
microphone arrangement, it is necessary to confine the orientation of the 
arrays. A solution can be found if the axes of the two Mth-order and Nth­
order differential microphones are collinear. To begin, recall that an Nth­
order differential array directional response can be written as (4.23) , 

Tl (0) = ao + al cos(O) + ... + aN cosN (0) 
T 2 (O) = bo + bl cos(O) + ... + bN cosN (0) . (4.27) 

Note that it is not necessary to have both differential elements of the same 
order. l The solution to (4.21) using directivity functions of the form of (4.27) 
requires the solution of the integral: 

In(kr) =! r cosn(O)e-jkrcosO sinOd8. 
2 10 (4.28) 

1 The number N chosen in (4.27) is the larger order of the individual microphones. 
Therefore, the coefficients of the lower order differential microphone are zero from 
the differential order of this microphone to the term N . 
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Fig. 4.5. Maximum cancellation (dB) for omnidirectional and of dipole micro­
phones for spherically isotropic noise fields . Note that the curve for the orthogonal 
dipoles lies along the abscissa. 
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Fig. 4.6. Magnitude-squared coherence (MSC) for various orientations of cardioid 
microphones in a spherically isotropic noise field. 

From Appendix A, the result is 

In = n! [ejkr ~ (-jkr)n _ e-jkr ~ (jkr)n] 
2(jkr)n+1 ~ m! ~ m! 

m=O m=O 

(4.29) 
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Fig.4.1. Maximum cancellation (dB) for various orientations of cardioid micro­
phones for spherically isotropic noise fields. 
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Fig. 4.8. Magnitude-squared coherence (MSC) for various orientations of omnidi­
rectional and dipole and cardioid microphones in a spherically isotropic noise field. 

The numerator of (4.21) is a sum of integrals given by (4.29). The denomi­
nator is inversely proportional to the square-root of the product of the direc­
tivity factors as given in (4.24) . Therefore the solution to (4.21) for a general 
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Fig. 4 .9. Maximum cancellation (dB) for various orientations of omnidirectional 
and dipole and cardioid microphones for spherically isotropic noise fields. 

combination of collinear differential arrays is 

N [n n 1 '"' a b n! ejkr '"' (-jkr)n _ e-jkr '"' (jkr)n 
~ n N-n (jkr)n+! ~ m! ~ m! 

(k ) - n=O m=O m=O 
1 r - 1~ 1~ 

2 [~t, rrm] [~t, Mi,] 
<+J even <+J even 

(4.30) 

Plots of the coherence function for second and third-order dipole and cardioid 
microphones are shown in Figs. 4.10 and 4.11. 

4.4 Cylindrically Isotropic Fields 

The previous section dealt with spherically isotropic acoustic noise fields. 
It has been proposed that some room acoustic fields may be more closely 
modeled as a cylindrically isotropic field [8]. As a result, it is useful to derive 
theoretical spatial coherence functions for this type of field. The coherence 
function for any general field was given in (4.15). To derive the forms for 
the cylindrical field the only difference from the previous development for 
the spherically isotropic case is the integration implied by the expectation 
operator E. For the cylindrically isotropic field the expectation involves only 

Page 89 of 401



74 Elko 

0.7 

0.6 

() 

~0.5 

0.4 

0.3 

0.2 

0.1 

0 
0 2 3 4 5 6 

kr 

- 2nd-order dipole --
3rd- order dipole --

7 8 9 10 

Fig. 4.10. Magnitude-squared coherence for second and third-order collinear 
dipoles in a spherically isotropic noise field . 
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Fig. 4.11. Magnitude-squared coherence for second and third-order collinear car­
dioids in a spherically isotropic noise field. 

the integration in one dimension, the cylindrical angle cp. The directional 
responses of the two first-order differential arrays with general orientation of 
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(4.31) 

The numerator for the coherence function is the integral of the product of 
the two directional responses given in (4.31) and is (assuming without loss 
in generality that the microphones lie along the z-axis), 

1 f27r 
N12(kr) = 2rr 10 [0:1 + (1- 0:t)(X1 COS¢COS¢1 + sin ¢sin ¢t)] 

x [0:2 + (1 - 0:2) (cos ¢cos ¢2 + sin ¢ sin ¢2)] 

x e-jkrcos¢d¢. (4.32) 

The integration of (4.32) is rather tedious and is given in Appendix B. The 
resulting numerator for the coherence function is 

N12 (kr) = 0:10:2Jo(kr) 
+(0:1 - 1)(0:2 - 1) COS¢1 cos¢2[Jo(kr) - h(kr)]/2 
+(0:1 - 1)(0:2 - 1) sin¢1 sin ¢2[Jo(kr) + J2(kr)]/2 
+j[0:2 cos ¢1 (1 - o:t) + 0:1 cos ¢2(1 - 0:2)]J1 (kr) (4.33) 

where I n are the Bessel functions of the first-kind of integer order n. The 
denominator for the coherence function for first-order differential arrays is 
easily derived and is, 

(4.34) 

A closed-form solution can also be found for the general Nth-order differ­
ential array in a cylindrically correlated field if the differential microphones 
have axes that are collinear. The numerator for the coherence function is the 
integral of the product of the individual directional responses given in (4.27). 
This product of polynomials can itself be expressed as a polynomial of or­
der equal to the sum of the two individual directivity polynomial orders. In 
general, the solution for the numerator requires the evaluation of the integral 

(4.35) 

From Appendix C, In is, 

[
n/2 1 In = 2n1_1 ~ cm(-j)n-2mC(n,m)Jn_2m(kr) , for n even 

1 [(n-1)/2 1 
In = 2n- 1 ~ (_j)n-2mC(n,m)Jn_2m(kr) , for n odd (4.36) 
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where cm is defined as, 

Cm = 1, m =I n/2, 
1 

= - m =n/2 2' , 

and the function C is the binomial coefficient [7] 

n! 
C(n,m) = ( _ )' ,. n m.m. 

The numerator of the coherence function is 

2N 

NI2 (kr) = L dn1n, 
n=O 

where the coefficients dn are components of the vector 

(4.37) 

(4.38) 

(4.39) 

( 4.40) 

The symbol * indicates the convolution and the vectors a and b are from the 
directivity response polynomials as defined in (4.27). 

The denominator term has previously been shown as equal to the inverse 
of the directivity factor. The directivity factor for a differential array in a 
cylindrically isotropic sound field is [8] 

aTGa 
Qcyl(ao, ... aN-d = aTHa' (4.41) 

where the superscript T denotes the transpose operator, the subscript on Q 
indicates a cylindrical field, 

G is an (N + 1) x (N + 1) matrix whose elements are 

and H is a Hankel matrix given by, 

{ 
(i + j -I)!! 

Hi,j = (i + j)!! ' 
0, 

if i+j even, 

otherwise. 

( 4.42) 

(4.43) 

(4.44) 

The double factorial function is defined as [7]: (2n)!! = 2 ·4 .... (2n) for n 
even, and (2n + I)!! = 1 ·3· .... (2n + 1) for n odd. The denominator D12 is 

[ ]
-1/2 

D12 = Q cyll Q cyl2 . (4.45) 
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The quotient of (4.39) and (4.45) yields the general result for the coherence 
function between any arbitrarily oriented first-order differential microphones 
spaced at a distance r . If the two values of O!i are both unity, the spatial 
coherence reduces to the well-known value for omnidirectional elements in a 
cylindrically isotropic noise field [6] 

1'12(kr) = Jo(kr), (4.46) 

where Jo is the zero-order Bessel function of the first-kind. Figure 4.12 shows 
the coherence between a pair of omnidirectional microphones and various 
orientations of dipole microphones spaced as a function of the dimensionless 
parameter kr. Figure 4.13 shows the amount of possible cancellation attain­
able with these various orientations of the dipole microphones. In general the 
curves for the cylindrically isotropic noise fields are similar to those of the 
spherically isotropic fields except that the values are higher for the cylindri­
cal case as a function of kr. This result should not be too surprising since 
the integration region has now been confined to a plane, and not over all 
spherical directions. 

Figure 4.14 shows the coherence between various orientations of cardioid 
microphones and as a function of kr. Figure 4.15 shows the amount of pos­
sible cancellation attainable with these various orientations of the cardioid 
microphones. Figure 4.16 shows the coherence between various orientations 
of omnidirectional microphones and dipole and cardioid microphones as a 
function of kr. Figure 4.17 shows the amount of possible cancellation attain­
able with these various orientations of the omnidirectional and dipole and 
cardioid microphones. Plots of coherence function for second and third-order 
dipole and cardioid microphones are shown in Figs. 4.18 and 4.19. The co­
herence functions decay more slowly for higher-order differential arrays that 
are collinear. This is due to the narrower beamwidth and the commensurate 
higher weighting of the noise field in the direction along the microphone axes. 

4.5 Conclusions 
It has been shown that adaptive noise cancellation schemes that utilize low­
order differential microphones in isotropic noise fields require care in the 
orientation of the sensors. As an example, the use of orthogonal dipole mi­
crophones or an omnidirectional and an appropriately rotated dipole micro­
phone will yield no noise cancellation at all. In general, adaptive cancellation 
will occur only for small values of kr (frequency-spacing product). It has been 
argued that strong multipath (reverberant) acoustic fields exhibit statistics 
similar to isotropic fields [10]. As a result, it should be expected that adaptive 
noise cancellation schemes will show limited SNR improvements in isotropic 
fields over a wide bandwidth. There is also the the problem of signal can­
cellation that occurs with adaptive algorithms in multipath acoustic fields 
that further limits the performance of adaptive noise cancellation in rever­
berant acoustic fields. The results presented here can be used to predict the 
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Fig.4.12. Magnitude-squared coherence (MSC) for omnidirectional and various 
orientations of dipole microphones in a cylindrically isotropic noise field. 
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Fig. 4.13. Maximum cancellation (dB) for omnidirectional and various orientations 
of dipole microphones for cylindrically isotropic fields. 

maximum attainable noise reduction for adaptive noise cancellation imple­
mentations in isotropic fields. If the field is significantly non-isotropic it can 
be expected that higher cancellation can be achieved. This is especially true 
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Fig. 4.14. Magnitude-squared coherence (MSC) for various orientations of cardioid 
microphones in a cylindrically isotropic noise field. 
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Fig. 4.15. Maximum cancellation (dB) for various orientations of cardioid micro­
phones for cylindrically isotropic fields. 

if the noise field is generated by a dominant noise source close to the micro­
phone array, i.e., the direct field of the noise dominates. 
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Fig.4.16. Magnitude-squared coherence (MSC) for various orientations of omni­
directional and dipole and cardioid microphones in a cylindrically isotropic noise 
field. 
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Fig. 4.17. Maximum cancellation (dB) for various orientations of omnidirectional 
and dipole and cardioid microphones for cylindrically isotropic fields . 

Appendix A 

The numerator term of the spatial coherence function for spherically isotropic 
noise fields contains a finite series containing integrals of the following type: 

In = ~ r cosn (Je-jkrcos(J sin(JdO. 
210 

(4.47) 
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Fig. 4.18. Magnitude-squared coherence for second and third-order collinear 
dipoles in a cylindrically isotropic noise field. 
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Fig. 4 .19. Magnitude-squared coherence for second and third-order collinear car­
dioids in a cylindrically isotropic noise field . 

This integral can be simplified by a change of variables, 

t = j kr cos 0, 

dt = -jkrsinO dO. 
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Therefore, 

The integral given in (4.48) can be found in Abramowitz [7) and is 

In = 2Uk!)n+1 [P(n + l,jkr) + (-I)np(n + 1, -jkr)), 

(4.48) 

(4.49) 

where the function P is the normalized incomplete Gamma function, which 
can be written in series form for integer values n as [7) 

Therefore the integral In is 

1 - n! [ jkr ~ (-jkr)m _ -jkr ~ Ukr)m] 
n - 2(J· kr)n+1 e L..J , e L..J , . 

m=O m. m=O m. 
(4.51) 

Appendix B 

The numerator for the spatial coherence function for first-order microphones 
in a cylindrically isotropic noise field, and whose major axes are oriented at 
4J1 and 4J2 with respect to the Cartesian coordinate system is 

1 r27r 
N(kr) = 211" 10 [a1 + (1 - ad cos 4J1 cos 4J - sin 4J1 sin 4J)) 

x [a2 + (1 - a2) cos 4J2 cos 4J - sin 4J2 sin 4J)) e - jkr cos 4J~52) 

Expanding the integrand yields 

N(kr) = 2~ 127r {a1a2 

+[(a1 -1)a2cos4J1 + (a2 -1)a1cos4J2)cos4J 
+(a1 - l)(a2 - 1) cos 4J1 cos 4J2 cos2 4J 
+(a1 - l)(a2 - 1) sin 4J1 sin 4J2 sin2 4J 
+[(a1 - l)a2 sin4Jl + (a2 - l)a1 sin4J2) sin4J 

+[(a1 - 1)(a2 - 1) cos 4J2 sin 4J1 

+(a1 - 1)(a2 - 1) cos 4J1 sin 4J2) sin 4J } 

e - j kr cos 4J d4J. (4.53) 
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Only four of the terms in (4.53) that are symmetric in ±¢ survive in the 
integration. The first term in (4.53) involves 

~ r" e-jkr cos ¢d¢ = Jo(kr). 
27r 10 

The next term involves 

The next term involves 

The final non-zero term involves 

~ r27r sin2 ¢e-jkr cos ¢d¢ = Jo(kr) + h(kr) . 
27r 10 2 

(4.54) 

(4.55) 

(4.56) 

(4.57) 

The resulting numerator for the spatial coherence function is therefore 

N I2 (kr) = 01 02JO(kr) 
+(01 -1)(02 -1) COS¢1 cos¢2(Jo(kr) - J2(kr))/2 
+(01 -1)(02 -1) sin¢1 sin¢2(Jo(kr) + J2(kr))/2 
+j[02 cos ¢1 (1 - od + 01 cos ¢2(1 - (2)]J1 (kr). (4.58) 

Appendix C 

The numerator of the spatial coherence function for Nth-order differential 
microphones in a cylindrically correlated sound field involves integrals of the 
following form: 

(4.59) 

Abramowitz [7] defines the nth-order Bessel function of the first kind as 

(4.60) 

Therefore it remains to find the relationship between cosn ¢ and cos(n¢). 
This relationship can be easily obtained by using Euler's relation and the 
binomial theorem. Using Euler's relation, 

(4.61) 
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Using the binomial theorem, 

cosn cp = 2~ [e jncp + C(n, l)ej (n - l)cpe-jcp 

+C(n, 2)ej (n - 2)cpe-2jcp 

+ ... 
+C(n,n -l)e-j (n -l)cpejcp + e-jncp], 

where the function C is the binomial coefficient [7] 

n! 
C(n, m) = ( _ )1 1 n m .m. 

Combining terms and invoking (4.60) yields 

In = 2:-' [~e(n, m)( -j)n-,mC(n, m)Jn-,m (kr)], n even 

(4.62) 

(4.63) 

In = 2:-' [lnf,'(_j)n-,mC(n,m)Jn_,m(kr)], n odd. (4.64) 

where c:(n,m) is defined as, 

c:(n, m) = 1, m ¥- n/2, 
1 

= 2' m = n/2. (4.65) 
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Abstract. This chapter presents robust adaptive beamforming techniques designed 
specifically for microphone array applications. The basics of adaptive beamform­
ers are first reviewed with the Griffiths-Jim beamformer (GJBF). Its robustness 
problems caused by steering vector errors are then discussed with some convention­
ally proposed robust beamformers. As better solutions to the conventional robust 
beamformers, GJBFs with an adaptive blocking matrix are presented in the form of 
a microphone array. Simulation results and real-time evaluation data show that a 
new robust adaptive microphone array achieves improved robustness against steer­
ing vector errors. Good sound quality of the output signal is also confirmed by a 
subjective evaluation. 

5.1 Introduction 

Beamforming is a technique which extracts the desired signal contaminated 
by interference based on directivity, Le. spatial signal selectivity [1]-[5]. This 
extraction is performed by processing the signals obtained by multiple sensors 
such as microphones, antennas, and sonar transducers located at different 
positions in the space. The principle of beamforming has been known for a 
long time. Because of tlie vast amount of necessary signal processing, most 
research and development effort has been focused on geological investigations 
and sonar, which can afford a higher cost. With the advent of LSI technology, 
the required amount of signal processing has become relatively small. As a 
result, a variety of research projects where acoustic beamforming is applied 
to consumer-oriented applications, have been carried out [6]. 

Applications of beamforming include microphone arrays for speech en­
hancement. The goal of speech enhancement is to remove undesirable sig­
nals such as noise and reverberation. Among research areas in the field of 
speech enhancement are teleconferencing [7]-[8], hands-free telephones [9]­
[11], hearing aids [12]-[21], speech recognition [22]-[23], intelligibility improve­
ment [24]-[25], and acoustic measurement [26]. 

Beamforming can be considered as multidimensional signal processing 
in space and time. Ideal conditions assumed in most theoretical discussions 
are not always maintained. The target DOA (direction of arrival), which is 
assumed to be stable, does change with the movement of the speaker. The 
sensor gains, which are assumed uniform, exhibit significant distribution. As 
a result, the performance obtained by beamforming may not be as good as 
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is expected. Therefore, robustness against steering-vector errors caused by 
these array imperfections are becoming more and more important. 

This chapter presents robust adaptive beamforming with the emphasis 
on microphone arrays as its application. In Section 2, the basics of adap­
tive beamformers are reviewed with the Griffiths-Jim beamformer (GJBF). 
Section 3 discusses robustness problems in the GJBF. Robust adaptive micro­
phone arrays as solutions to the robustness problem are presented in Section 
4. Finally in Section 5 evaluations of a robust adaptive microphone array are 
presented with simulation results and real-time evaluation data. 

5.2 Adaptive Beamformers 

A beamformer which adaptively forms its directivity pattern is called an 
adaptive beamformer. It simultaneously performs beam steering and null 
steering. In most acoustic beamformers, however, only null steering is per­
formed with an assumption that the target DOA is known a priori. Due 
to adaptive processing, deep nulls can be developed even when errors in the 
propagation model exist. As a result, adaptive beamformers naturally exhibit 
higher interference suppression capability than its fixed counterpart. Among 
various adaptive beamformers, the Griffiths-Jim beamformer (GJBF) [27], or 
the generalized sidelobe canceler, is most widely known. 

Figure 5.1 depicts the structure of the GJBF. It comprises a fixed beam­
former (FBF), a multiple-input canceler (MC), and a blocking matrix (BM). 
The FBF is designed to form a beam in the look direction so that the target 
signal is passed and all other signals are attenuated. On the contrary, the BM 
forms a null in the look direction so that the target signal is suppressed and 
all other signals are passed through. 

The simplest structure for the BM is a delay-and-subtract beamformer 
which was described in the previous section. Assuming a look direction per­
pendicular to the array surface, no delay element is necessary. Thus, a set 
of subtracters which take the difference between the signals at the adjacent 
microphones can be used as a BM. This structure is actually the one shown 
in Fig. 5.1. The BM was named after its function, which is to block the target 
signal. 

The MC is composed of multiple adaptive filters each of which is driven 
by a BM output, zn(k) (n=O, 1, "', N - 2). The BM outputs, zn(k), contain 
all the signal components except that in the look direction. Based on these 
signals, the adaptive filters generate replicas of components correlated with 
the interferences. All the replicas are subtracted from a delayed output signal, 
b( k - L 1 ), 1 of the fixed beamformer which has an enhanced target signal 
component. As a result, in the subtracter output y(k), the target signal is 

1 The Ll-sample delay is introduced to compensate for the signal processing delay 
in the BM and the Me. 
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Output 
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Fig.5.1. Griffiths-Jim beamformer. It comprises a fixed beamformer (FBF), a 
multiple-input canceler (Me) , and a blocking matrix (BM). 
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Fig. 5.2. Example directivity pattern of the Griffiths-Jim beamformer. 

enhanced and undesirable signals such as ambient noise and interferences are 
suppressed. 

The GJBF can be considered as an adaptive noise canceler with multiple 
reference signals, each of which is preprocessed by the BM. In an adaptive 
noise canceler, the auxiliary microphone is located close to the noise source 
to obtain a best possible noise reference. On the other hand, the BM in the 
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Fig. 5.3. Directivity pattern of a fixed beamformer (FBF) and a blocking matrix 
(BM). 

GJBF extracts, with its directivity, the signal components correlated with 
the noise. 

Figure 5.2 depicts an example directivity pattern obtained by the GJBF. 
In the direction of the target signal, almost constant gains close to 0 dB are 
obtained over a wide range of frequencies. On the contrary, in the direction 
of the interference, a deep null is formed. Although the directivity has fre­
quency dependency, target signal extraction and interference suppression are 
simultaneously achieved. 

With the same microphone array, adaptive beamformers generally achieve 
better interference suppression than fixed beamformers. This is because nulls 
are sharper than beams. The effect is demonstrated in Fig. 5.3, where direc­
tivity patterns of the FBF and the BM are illustrated. The null of the BM 
and the main lobe (beam) of the FBF are located in the target direction. It 
is also clear from the figure that they are orthogonal to each other. The BM 
in Fig. 5.1 has a simple delay-and-sum structure, however, a filter-and-sum 
beamformer [28,29] may also be employed. 

5.3 Robustness Problem in the GJBF 

The GJBF suffers from target-signal cancellation due to steering-vector er­
rors, which is caused by an undesirable phase difference between xn(k) and 
xn+l(k) for the target. A phase error leads to target signal leakage into the 
BM output signal. As a result, blocking of the target becomes incomplete, 
which results in target signal cancellation at the microphone array output. 

Steering-vector errors are inevitable because the propagation model does 
not always reflect the nonstationary physical environment. The steering vec­
tor is sensitive to errors in the microphone positions, those in the microphone 
characteristics, and those in the assumed target DOA (which is also known 
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as the look direction). For teleconferencing and hands-free communication in 
the car, the error in the assumed target DOA is the dominant factor. 

A variety of techniques to reduce target-signal cancellation have been pro­
posed mainly in the field of antennas and radars. The beamformers with these 
techniques are called robust beamformers. Typical approaches are reduction 
of the target-signal leakage in the BM outputs and restraint of coefficient 
growth in the MC. The former can be considered as a direct approach which 
reduces the target leakage in the BM output. The latter takes the form of an 
indirect approach. Even if there is target leakage in the BM output used as 
the MC input, the MC tries to minimize its influence. 

Techniques to reduce target-signal leakage include: 

• Target Tracking: The look direction is steered to the continuously esti­
mated DOA [30]-[32]. Mistracking to interference may occur in the ab­
sence of a target signal. 

• Multiple Constraints in BM: Multiple constraints are imposed on the BM 
so that signals from multiple DOAs are eliminated [33]. To compensate 
for the loss of the degrees of freedom for interference reduction with a 
large DOA error, additional microphones are needed. 

• Constrained Gradient for Look-Direction Sensitivity: Gradient ofthe sen­
sitivity at the look direction is constrained for a smaller variance of the 
sensitivity [34,35]. For a large error, loss in the degrees of freedom is 
inevitable. 

• Improved Spatial Filter: A carefully designed spatial filter is used to elim­
inate the target signal [28]. Such a spatial filter also loses degrees of free­
dom. 

Techniques that attempt to restraint excess coefficient growth include: 

• Noise Injection: Artificially-generated noise is added to the error signal 
used to update the adaptive filters in the MC. This noise causes errors in 
the adaptive filter coefficients, preventing tap coefficients from growing 
excessively [36]. A higher noise level is needed to allow a larger look­
direction error, resulting in less interference suppression. 

• Norm Constraint: The coefficient norm of the adaptive filters in the MC is 
constrained by an inequality to suppress the growth of the tap coefficients 
[37]. In spite of its simplicity, interference reduction is degraded when the 
constraint is designed to allow a large error. 

• Leaky Adaptive Algorithm: A leaky coefficient adaptation algorithm such 
as leaky LMS is used for the adaptive filters in the MC [28]. A large 
leakage is needed to allow a large look-direction error, leading to degraded 
interference-reduction. 

• Adaptation Mode Control: Coefficient adaptation in the MC is controlled 
so that adaptation is carried out only when there is no target signal [38]. 
If there is no target signal when coefficients are adapted in the MC, 
the target leakage, if any, will have no effect on the performance of the 
beamformer. 
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Fig. 5.4. GJBF with a LAF-LAF Structure. 

These methods have been developed for a small look-direction error, typ­
ically less than 10 degrees. In the case of microphone arrays, the variance 
of the target DOA is typically much larger than in antennas and radar ap­
plications. No single conventional technique for robustness is sufficient for 
microphone arrays with a larger phase errors. 

5.4 Robust Adaptive Microphone Arrays - Solutions 
to Steering-Vector Errors 

5.4.1 LAF-LAF Structure 

A target-tracking method with leaky adaptive filters (LAF) in the BM was 
proposed as a solution to target signal cancellation in [39]. It is combined 
with leaky adaptive filters in the Me [28], thereby called a LAF-LAF struc­
ture. Figure 5.4 depicts its block diagram. The leaky adaptive filters in the 
BM alleviate the influence of phase error, which results in the robustness. 
This structure can pick up a target signal with little distortion when the 
error between the actual and the assumed DOAs is not small. It does not 
need matrix products, and provides easy implementation. The nth output 
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zn(k)(n = 0,1, ... ,N - 1) of the BM can be obtained as follows: 

zn(k) = xn(k - L 2 ) - h~(k)b(k), 

h n (k) ~ [hn,o(k), hn,l (k), ... ,hn,M1 -1 (k)f, 

b(k) ~ [b(k), b(k - 1), ... ,b(k - M1 + l)f, 

(5.1) 

(5.2) 

(5.3) 

where [·V denotes vector transpose and xn(k) is the nth microphone signal. 
L2 is the number of delay samples for causality, hn(k) is the coefficient vector 
of the nth LAF, and b(k) is the signal vector consisting of delayed signals 
of b(k) (which is the FBF output). Each LAF is assumed to have M1 taps. 
The adaptation by the normalized LMS (NLMS) algorithm [40] is described 
as follows: 

(5.4) 

where a is the step size for the adaptation algorithm, and 8,0 :::; 8 :::; 1, is the 
leakage constant. 

LAFs are also used in the MC for enhancing the robustness obtained 
in the BM. The LAFs prevent undesirable target-signal cancellation caused 
by the remaining correlation with the target signal in zn(k). Tap coefficient 
vectors wn(k) of the MC have M2 taps and are updated by an equation 
similar to (5.4), where hn' b, and zn(k) are replaced with W n, Zn, and y(k), 
respectively. The leakage constant 8 and the step size a are replaced with 'Y 
and f3 respectively, and may take different values from those in (5.4). 

With the LAFs in the BM, the LAF-LAF structure adaptively controls the 
look direction, which is fixed in the GJBF. Due to robustness by the adaptive 
control of the look direction, the LAF-LAF structure does not lose degrees 
of freedom for interference reduction. Thus, no additional microphones are 
required compared to the conventional robust beamformers. Target signal 
leakage in the BM is sufficiently small to use a minimum leakage constant 'Y 
in the MC even for a large look-direction error. Such a value of'Y leads to 
a higher interference-reduction performance in the MC. The output of the 
LAFs are summed and subtracted from an L1 sample delayed version of the 
FBF output to generate the microphone array output y(k). 

The width of the allowable DOA for the target is determined by the 
leaky constants and the step sizes in both the BM and the MC. Generally, 
smaller values of these parameters make the allowable target DOA wider. The 
allowable DOA width for the target is not a simple function of the parameters, 
however, and is not easy to prescribe. It is reported [39] that the interference 
is attenuated by more than 18 dB when it is designed, through simulations, 
to allow 20 degree directional error. Tracking may not be sufficiently precise 
for a large tracking range. Thus, there is a trade-off between the degree of 
target-signal cancellation and the amount of interference suppression. 
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5.4.2 CCAF-LAF Structure 

A more effective solution is to use coefficient-constrained adaptive filters 
(CCAFs) in the BM [41,42). When combined with leaky adaptive filters in 
the MC as depicted in Fig. 5.5, the result is called a CCAF-LAF structure. 
CCAFs behave like adaptive noise cancelers. The input signal to each CCAF 
is the output of the FBF, and the output of the CCAF is subtracted from the 
delayed microphone signal. The CCAF coefficient vectors hn(k) are adapted 
with constraints. Adaptation by the NLMS algorithm is described as follows: 

for hI n(k+ 1) > tPn 
for hI n (k + 1) < 1/J n 

otherwise. 

tPn ~ [¢n,O,¢n,l,'" ,¢n,Ml - lf, 

1/Jn ~ [¢n,O,¢n,l,'" ,¢n,M1-dT , 

(5.5) 

(5.6) 

(5.7) 

(5.8) 

where each CCAF is assumed to have Ml taps and hI n(k+ 1) is a temporal 
coefficient vector for limiting functions. tPn and 1/Jn are the upper and lower 
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bounds for coefficients. In the output signal zn(k), the components correlated 
with b(k) are cancelled by the CCAFs. 

Each coefficient of the CCAFs is constrained based on the fact that filter 
coefficients for target-signal minimization vary significantly with the target 
DOA. An example of filter-coefficient variation is illustrated in Fig. 5.6. By 
the design of the constrained regions of the CCAF coefficients, the maximum 
allowable look-direction error can be specified. For example, when the CCAF 
coefficients are constrained in the hatched region in Fig. 5.6, up to 20° error 
in look direction could be allowed. Only the signal that arrives from a DOA in 
the limited DOA region is minimized at the outputs of the BM and remains 
at the output of the MC. If no interference exists in the region, which is 
common with microphone arrays, no mistracking occurs. For details on the 
design of upper and lower bounds, refer to [42]. 

Figure 5.7 illustrates a qualitative comparison between the LAF and the 
CCAF with respect to look-direction error and coefficient error from the 
optimum for signal blocking. Both the CCAF and the LAF give error char­
acteristics approximating the ideal nonlinearity for target tracking. However, 
the coefficient error of the CCAF is a better approximation to the ideal non­
linearity than that of the LAF as shown by Fig. 5.7. The coefficient error 
of the CCAF becomes effective only when the look-direction error exceeds 
the threshold, otherwise it has no effect. On the other hand, the coefficient 
error of the LAF varies continuously with the look-direction error. Therefore, 
the CCAF leads to precise target tracking, which results in sharper spatial 
selectivity and less target-signal cancellation. 

5.4.3 CCAF-NCAF Structure 

It is possible to combine the BM with CCAFs [42] and the MC with norm­
constrained adaptive filters (NCAFs) [37]. This is a CCAF-NCAF struc­
ture [43]. NCAFs subtract from b(k - Ld the components correlated with 
zn(k) (n = 0, ... , N - 1). Let M2 be the number of taps in each NCAF, and 
let W n (k) and Zn (k) be the coefficient vector and the signal vector of the nth 
NCAF, respectively. The signal processing in the MC is described by 

N-l 

y(k) = b(k - Ld - L w;(k)zn(k), 
n=O 

where 

wn(k),§, [wn,O(k),Wn,l(k), ... ,Wn,M2-1 (k)]T, 

zn(k) ,§, [zn(k), zn(k-1), ... ,zn(k-M2+1)]T. 

(5.9) 

(5.10) 

(5.11 ) 

Page 110 of 401



96 Hoshuyama and Sugiyama 

0 .6 ,---,---,-------,- -,------r---,----,r-----1 

+-' 

a5 0.4 
'0 
~0.2 
o 
() 
a.0~~~~~ 

ro 
~ 

-0.2 

-0.4 '--_--'-__ -'--_----'-__ ....L..-_--'-__ .....L.-_----'----l 

o 2 4 6 8 10 12 14 

Tap Index n 

Fig. 5.6. An example of CCAF coefficients to minimize signals from different DOAs 
and their constraints. When the CCAF coefficients are constrained in the hatched 
region, up to 20° error in look direction could be allowed. 

E 
::J 
E a o 
E 
g 
'-e w 
a; 
o 
() 

!~Ideal 

~ /\....,LAF 

! ;;~CCAF 
: ; 

Look-Direction Error 

~ '--."..----' 
Target Signal Noise 

Fig. 5.7. Comparison of selectivity in LAF and CCAF. 

Coefficients of the NCAFs are updated by an adaptive algorithm with a norm 
constraint. Adaptation with the NLMS algorithm is described as follows: 

w n (k+1) = {IK w~ 
w' n 

for [l > K 
otherwise, 

(5.12) 

(5.13) 

(5.14) 
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where f3 and w~ are a step size and a temporal vector for the constraint, 
respectively. nand K are the total squared-norm of wn(k) and a threshold. 
If n exceeds K, W n (k + 1) are restrained by scaling. The norm constraint by 
scaling restrains excess growth of tap coefficients. The restraint inhibits the 
undesirable target cancellation when the target signal leaks into the NCAF 
inputs. If the outputs of the BM have no target signal, the MC cancels only 
the interference signals. In this ideal case, a norm constraint in the MC is not 
needed. However, complete rejection of the target signal is almost impossible 
in the BM, because actual environments have reflection and reverberation. 
To completely cancel the target signal in a reverberant environment, more 
than 1,000 taps are needed for each CCAF in the BM. Such a large number of 
taps leads to slow convergence, large misadjustment, and increased compu­
tation. Even with a high-speed processor and a fast convergence algorithm, 
misadjustment with the adaptive filters is inevitable. Adaptation with a low 
signal-to-interference ratio (SIR) causes additional misadjustment by the in­
terference, which leads to leakage of the target signal at the BM outputs. 
Therefore, to avoid the target signal cancellation by leakage, a restraint with 
the MC such as the NCAF is essential. Because the CCAF-NCAF structure 
loses no degrees of freedom for interference reduction in the BM, it is robust 
to large look-direction errors with a small number of microphones. 

5.4.4 CCAF-NCAF Structure with an AMC 

Adaptations in the BM and in the MC should be performed alternately. 
This is because the relationship between the desired signal and the noise for 
the adaptation algorithm in the BM is contrary to that in the MC. For the 
adaptation algorithm in the BM, the target signal is the desired signal and 
the noise is the undesired signal. In the MC, however, the noise is the desired 
signal and the target signal is the undesired signal. 

In the robust adaptive beamformers discussed so far, it was implicitly 
assumed that adaptive filters in the BM are adapted only when the target is 
active and those in the MC are adapted only when the target is inactive. In 
a real environment, however, the situation is not so simple, since incorrect 
adaptation of the BM may cause incomplete target blocking. As a result, 
the MC directivity may have a null in the direction of the target signal, 
resulting in target-signal cancellation. Combined with target tracking by the 
BM, adapting coefficients only when the target signal is absent is an effective 
strategy for adding robustness to adaptive beamforming [38]-[45]. In order 
to discriminate active and inactive periods of the target, an adaptation mode 
controller (AMC) is necessary. 

The CCAF-NCAF structure with an AMC [46] depicted in Fig. 5.8 uses 
a mixed approach of the BM with CCAFs, the MC with NCAFs [37], and an 
AMC. A BM consisting of CCAFs provides a wider null for the target with 
sharper edges than leaky adaptive filters. An MC comprising NCAFs reduces 
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undesirable target-signal cancellation when the Me inputs have some leakage 
from the target signal. 
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Fig. 5.8. CCAF-NCAF structure with an AMC. 
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The AMC controls adaptation of the BM and the MC by target-signal 
detection based on an estimate of the SIR [46]. The SIR is estimated as a 
power ratio of the output signal b(k) of the FBF, to the output signal zn(k) 
of the BM. The main component in the FBF output is the target signal and 
that in the BM output is the noise. Therefore, the power ratio s(k) can be 
considered as a direct estimate of the SIR. When the ratio is larger than a 
threshold T/ , the adaptation of the BM is performed. Otherwise, the MC is 
adapted. 

5.5 Software Evaluation of a Robust Adaptive 
Microphone Array 

The GJBF with CCAF-NCAF structure combined with an AMC (GJBF­
CNA) was evaluated in a computer-simulated anechoic environment and in 
a real environment with reverberation. In the former environment, it was 
compared with conventional beamformers in terms of sensitivity pattern. In 
the latter environment, it was evaluated objectively by SIR and subjectively 
by mean opinion score (MOS). 
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Fig. 5.9. Normalized output power after convergence as a function of DOA. 

5.5.1 Simulated Anechoic Environment 

A four-channel equi-spaced broadside array was used for these simulations. 
The spacing between microphones was 4.1 cm.The sampling rate was 8 kHz. 
The FBF used was a simple beamformer whose output is given by 

1 N-l 

b(k) = N L xn(k) . 
n=O 
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The first simulation investigated sensitivity (after convergence) as a func­
tion of t he single-sided DOA. Band-limited (0.3- 3.7 kHz) Gaussian signals 
were used, and the assumed target direction was 0°. The maximum allowable 
target-direction error was 20°, unless otherwise stated. The number of coef­
ficients for all the CCAFs and all the NCAFs was 16. The parameters were 
L1 =10, L 2 =5, K =10.0,0:=0.1, and (3=0.2. The constraints of the CCAF were 
set based on the arrangement of the simulated array and maximum allowable 
target-direction errors. Total output powers after convergence, normalized by 
the power of the assumed target direction, are plotted in Fig. 5.9. 

The plots are of the FBF (FBF), simple GJBF [27] (GJBF), norm con­
strained method [37] (Norm Constrained), and the GJBF-CNA (Proposed). 
The solid line D shows that the GJBF-CNA achieves both robustness against 
20° target-direction error and high interference-reduction performance (which 
is 30 dB at B = ±300). Similar results for a colored signal instead of the band­
limited Gaussian signal have been obtained [43]. The directivity pattern of 
the GJBF-CNA is slightly degraded for a colored signal. However, the degra­
dation by the norm-constrained method is more serious. This fact shows that 
the GJBF-CNA exhibits robustness to the power spectrum of input signal. 
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Fig. 5.10. Sensitivities after convergence as a function of DOA at different frequen­
cies. 

Frequency dependency of the directivity pattern is shown in Fig. 5.10. 
In this figure, sensitivities to the frequency component of the target signal 
are plotted. Frequency dependency of the GJBF-CNA is small, and thus, 
the GJBF-CNA is suitable for broadband applications such as microphone 
arrays. The widths of the high-sensitivity regions are almost the same as the 
allowable target-direction error (-20° < B < 20°) and the sensitivity in the 
region is constant. 
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In the second simulation, sensitivities for different SIRs were investigated. 
The simulation was performed with amplitude control that was similar to a 
realistic scenario. A target signal source generated a band-limited white Gaus­
sian signal for the first 50,000 iterations and then stopped. This is a simple 
simulation of burst characteristics like speech. Another bandlimited white 
Gaussian signal, which imitates an interference like airconditioner noise, ex­
isted throughout the simulation. The SIR is defined as a power ratio of the 
two signals. The target signal source was placed about 10° off the assumed 
target DOA and the DOA of the interfering signal source was scanned. 

Figure 5.11 shows normalized output power after convergence as a func­
tion of interference DOA. Lines G and H have a sharp peak at () = 10°, which 
indicates that the target-signal at the output of the BM is sufficiently mini­
mized for the overall robustness. Therefore, when SIR is higher than about 
lOdB (which is lower than a typical SIR value expected in teleconference) the 
interference is suppressed even if it arrives from a direction in the allowable 
target DOA region. When the interference comes from outside the allowable 
target DOA region, even an SIR of 0 dB causes almost no problem in the 
GJBF-CNA. 

Finally, Fig. 5.12 shows the total output powers for various coefficient 
constraints with the CCAFs. The signal was bandlimited white Gaussian 
noise. The allowable target-direction errors are approximately 4, 6, 9, 12, 16, 
and 20 degrees. These lines demonstrate that the allowable target-direction 
error can be specified by the user. 

5.5.2 Reverberant Environment 

Simulations with real sound data captured in a reverberant environment were 
also performed. The data were recorded with a broad-side linear array. Four 
omni-directional microphones without calibration were mounted on a univer­
sal printed circuit board with an equal spacing of 4.1 cm. The signal of each 
microphone was bandlimited between 0.3 and 3.4 kHz and sampled at 8 kHz. 
The number of taps was 16 for both the CCAFs and NCAFs. 

Figure 5.13 illustrates the arrangement for sound-data acquisition. The 
target source was located in front of the array at a distance of 2.0 m. A white 
noise source was placed about () = 45° off the target DOA at a distance of 
2.0 m. The reverberation time of the room was about 0.3 second, which is 
common with actual small offices. All the parameters except the step-sizes 
were the same as those in the previous subsection. The target source was an 
English male speech signal. 

Objective Evaluation 

Output powers for the FBF, the GJBF [27] (GJBF), and the norm-constrained 
method [37] (Norm Constrained) after convergence are shown in Fig. 5.14. 
The step-size a for the CCAFs was 0.02 and (J for the NCAFs was 0.004. 
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These step-sizes were selected so that breathing noise and cancellation of the 
target signal are sufficiently small subjectively. All other parameters were 
selected based on the microphone arrangement. If there is any difference be­
tween trajectory A and any of B, C, D, E, or F when the voice is active 
(sample index from 1,720,000 to 1,740,000), the target signal corresponding 
to the trajectory is partially cancelled. The FBF (B) causes almost no target­
signal cancellation. With the GJBF (C) , cancellation of the target signal is 
serious. With the the norm-constrained method (D) , and the GJBF-CNA 
(E) , the cancellation of target signal was 2dB, which is subjectively small. 

The output powers during voice absence (after sample index 1,760,000) 
indicate the interference-reduction ratio (IRR) . The IRR of the FBF is 3dB, 
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Fig. 5.14. Output Powers for a male speech signal and white noise. 

and that of the norm-constrained method is 9dB. On the other hand, with 
the GJBF-CNA (F), the IRR is as much as 19dB. 

Subjective Evaluation 

MOS evaluation by 10 nonprofessional subjects was performed based on [47]. 
As anchors, the signal recorded by a single microphone was used for grade 1 
and the original male speech without interference for grade 5. Subjects were 
instructed that target-signal cancellation should obtain a low score. 

Evaluation results are shown in Fig. 5.15. The thick horizontal line on 
each bar and the number on it represent the score obtained by the corre­
sponding method. The vertical hatched box on each bar indicates ± one 
standard deviation. The FBF obtained 1. 7 points because the number of 
microphones is so small that its IRR is low. The GJBF reduced the interfer-
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Fig. 5.15. Mean opinion score results. 

ence considerably with serious target signal cancellation, thus, it was scored 
2.8 points. The norm-constrained method was scored 2.6 points for its 9dB 
interference-reduction capability. The GJBF-CNA obtained 3.8 points, which 
is the highest of all the beamformers. 

5.6 Hardware Evaluation of a Robust Adaptive 
Microphone Array 

5.6.1 Implementation 

The GJBF -CN A was implemented on a portable and flexible DSP system 
shown in Fig. 5.16 [48,49]. The system comprises a microphone array and 
a compact touch-panel personal computer which includes a floating point 
DSP, the ADSP-21062 [50]. The DSP contains a dual on-chip 2-Mbit SRAM 
and allows 32-bit IEEE floating-point computation. The sampling rate was 
software-programmed at 8 kHz. 

The DSP board has a PCI (Peripheral Component Interconnect) interface, 
therefore, it can be connected to the PCI bus of any personal computer. A 
graphical interface has been developed to facilitate ease-of-use and monitoring 
of the implemented GJBF-CNA. It provides interactive parameter selection 
and displays the input and the output signals powers as well as the filter 
coefficients. This graphical display is useful for demonstrating the behavior 
of the GJBF-CNA and its performance. The system is shown in Fig. 5.16 

5.6.2 Evaluation in a Real Environment 

The GJBF-CNA in Fig. 5.16 was evaluated using the same linear microphone 
array as in the previous section. The selected step sizes were 0.02 for the ABM 
and 0.005 for the MC. The threshold TJ = 0.65 was used for the AMC. All 
other parameters were the same as those in the previous section. 

Page 119 of 401



Microphones 
(Upper Row Used) 

Touch-Panel 
Computer 

(accommodating 
a DSP board) 

5 Robust Adaptive Beamforming 105 

Fig. 5.16. Real-time DSP system. 
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Fig. 5.17. Directivity patterns (Le. , the output powers normalized by the power at 
the center) measured in 5-degree intervals. 
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Directivity 

Directivity for a single signal-source was measured. A white-noise source was 
scanned in two directions from 0° to 50° at a distance of 2.0 m from the 
array. Output powers of the system were measured in 5-degree intervals, and 
compared with those of a single microphone and an FBF (delay-and-sum 
beamformer). Figure 5.17 shows the output powers normalized by the power 
at the center. The figure indicates that the GJBF -CN A can suppress the 
interference at () = 30° by as much as 15 dB when the allowable target DOA 
is set to ±20 degrees. 

Noise Reduction 

Noise reduction capability was evaluated in the same room as that for direc­
tivity evaluation. There were several computers with noisy fans. In addition, 
two noise-generating loudspeakers were located on both sides of the array. 
Stereo music or white noise was used as the noise signal. 

In the beginning, breathing noise due to adaptation was observed at al­
most every utterance. It disappeared in a second and caused almost no prob­
lem for conversation. Although the degree of noise reduction depends on the 
loudspeaker positions, it was typically 8 to 1 dB. These results confirm that 
the GJBF-CNA is a promising technique for voice communications. 

5.7 Conclusion 

An overview of robust adaptive beamforming techniques have been presented 
in this chapter, with an emphasis on systems that are robust to steering-vector 
errors. It has been shown that the GJBF with the CCAF-NCAF structure 
and an AMC (GJBF-CNA) is effective in a real environment. Integrated 
systems with a microphone array, a noise canceler, and an echo canceler will 
playa key role in future acoustic noise and echo control devices. 
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Abstract. In this chapter a class of multi-microphone signal enhancement tech­
niques is described, which are based on a Generalized Singular Value Decomposition 
(GSVD) and which amount to a specific optimal filtering problem when the so-called 
desired response signal cannot be observed. When applying this GSVD-based op­
timal filtering technique to noise reduction in multi-microphone speech recordings, 
simulations show that this technique has a better noise reduction performance than 
standard beamforming techniques for all reverberation times and that it is more 
robust to deviations from the nominal situation, e.g. encountered in uncalibrated 
microphone arrays. If the GSVD-based procedure is used to create speech as well 
as noise references, as in a Generalized Sidelobe Canceler (GSC) structure, and an 
adaptive noise canceler (ANC) is added, the noise reduction performance can still 
be improved. Because computational complexity may appear as a bottleneck for this 
algorithm, recursive GSVD-updating and downsampling techniques are needed to 
make this signal enhancement technique amenable to real-time implementation. 

6.1 Introduction 

In many speech communication applications, like audio-conferencing and 
hands-free mobile telephony, the recorded speech signals are corrupted by 
acoustic background noise and far-end echo signals (see Fig. 6.1). This is 
mainly due to the fact that the speaker is located at a distance from the 
recording microphones, allowing the microphones to record the noise and 
echo sources too. Background noise and far-end echo signals cause a signal 
degradation which can lead to total unintelligibility of the speech and which 
decreases the performance of speech coding and speech recognition systems. 
Therefore efficient acoustic noise and echo reduction algorithms are called 
for. 

Several single-microphone techniques for noise reduction in speech have 
been proposed that are based on a (generalized) singular value decomposition. 
While early techniques only dealt with white noise [1][2], more advanced tech­
niques also incorporated colored noise [3][4). However, since these techniques 
are single-microphone speech enhancement techniques, they only pedorm a 
(signal-adaptive) frequency filtering on the noisy speech signal. 

When pedorming multi-microphone speech enhancement, both the fre­
quency and the spatial characteristics of the speech and the noise sources 
can be exploited. Recently a multi-microphone noise reduction technique for 
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Fig. 6.1. Typical acoustic environment for hands-free speech communication 

speech recognition has been proposed, based on coherent signal subspace 
processing [5]. In Section 6.2 a class of multi-microphone signal enhancement 
techniques is described, which are based on a Generalized Singular Value 
Decomposition (GSVD) and which amount to a specific optimal filtering 
problem when the so-called desired response signal cannot be observed. It 
is shown that the optimal filter can be written as a function of the general­
ized singular vectors and singular values of a so-called speech and noise data 
matrix. For single- and multi-microphone time-series filtering a number of 
symmetry properties can be derived for the optimal filter that are valid for 
the white noise case as well as for the colored noise case [6] . 

In Section 6.3 it is shown that when the optimal filtering technique is 
applied to multi-microphone acoustic noise reduction, it exhibits some kind 
of beamforming behavior for simple scenarios. It will also be shown that the 
GSVD-based optimal filtering technique has a better noise reduction perfor­
mance than standard beamforming techniques (delay-and-sum beamformer, 
GSC) for all reverberation times and that it is more robust to deviations 
from the nominal situation, e.g. when incorrectly estimating the position of 
the speech source or when using uncalibrated microphone arrays [7]. 

In Section 6.4 the computational complexity of the GSVD-based optimal 
filtering technique is discussed. Since recalculating the GSVD and the optimal 
filter for every sample clearly requires too many computations, this section 
discusses several techniques for reducing the computational complexity. By 
using recursive and approximate GSVD-updating algorithms and by using 
downsampling techniques, the computational complexity can be reduced such 
that this technique becomes amenable to real-time implementation [8]. 

Although the GSVD-based optimal filtering technique as such signifi­
cantly increases the signal-to-noise ratio, its noise reduction performance can 
still be improved by using it in a GSC-like structure, using a speech reference 
and a noise reference in an adaptive noise cancellation (ANe) algorithm. 
This ANC postprocessing stage is discussed in Section 6.5. The output of the 
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GSVD-based optimal filtering technique is used as a speech reference, whereas 
different possibilities exist for creating a noise reference [9]. The complete 
scheme can actually be considered as a GSC, where the simple time-delay 
compensation has been replaced by the GSVD-based optimal filter. 

Since in many speech communication applications not only background 
noise but also far-end echo sources are present, a combined echo and noise 
reduction scheme is needed. In [10] two different schemes have been presented, 
one using a multi-channel adaptive echo canceler, the other incorporating 
the far-end echo reference directly into the GSVD-based signal enhancement 
technique. Because of its reduced computational complexity, the scheme using 
a multi-channel adaptive echo canceler is currently preferred. 

6.2 GSVD-Based Optimal Filtering Technique 

Consider N microphones where each microphone signal xn[k], n = 0 ... N -1, 
consists of a filtered version of the speech signal s[k] and additive noise, 

(6.1) 

with sn[k] and vn[k] respectively the speech and noise component received at 
the nth microphone at time k and h~[k] the acoustic room impulse response 
between the speech source and the nth microphone. The goal of speech en­
hancement is to compute the filters wn[k] (see Fig. 6.2) such that the speech 
signal s[k] or one of the received speech signals sn[k] is recovered. A Gener­
alized Sidelobe Canceler (GSC) attempts to recover the speech signal s[k] by 
constraining the array response to unity in the direction of the speech source 
and by minimizing the energy from all other directions. The GSVD-based 
optimal filtering technique attempts to recover one of the speech components 
sn[k] in an optimal way, using all the microphone signals xn[k]. 

If the filters wn[k] have filter length L, 

wn[k] = [w~[k] w;[k] ... W*-l [klJ T , (6.2) 

we can consider the data vectors xn[k] E ]RL, the stacked filter w[k] E ]RM 

(with M = LN) and the stacked data vector x[k] E ]RM, defined as 

xn[k] = [xn[k] xn[k - 1] ... xn[k - L + 1] ( , 

w[k] = [wink] wf[k] ... w~_dklJT , 

x[k] = [xink] xf[k] ... x~_dk]( , 

such that the output signal y[k] can be written as 

N-l 

y[k] = L w;[k]xn[k] = wT[k]x[k] . 
n=O 

(6.3) 

(6.4) 

(6.5) 

(6.6) 

In this section a method will be described for computing the stacked filter 
w[k] and some symmetry properties of this filter will be discussed. 
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Fig. 6.2. Multi-channel filtering for speech enhancement 

6 .2.1 Optimal Filter Theory 

Consider the general filtering problem in Fig. 6.3: x E IRM is the filter input 
vector, y = WTx is the filter output vector with W E IRMxM the filter 
matrix. The vector d E IRM is the desired response and e = d - y is the error 
vector. The MSE (mean square error) cost function for optimal filtering is 

(6.7) 

with £ the expected value operator. The optimal filter is found by setting 
the derivative 8JM;;)W) to zero. The optimal filter WWF is the well-known 
multi-dimensional Wiener filter, 

(6.8) 

with Rxx = £{xxT } the correlation matrix and Rxd = £{xdT } the cross­
correlation matrix. If both matrices Rxx and Rxd are known, the problem is 
solved conceptually. 

When considering acoustic background noise reduction in multi-microphone 
speech signals, the filter input vector x[k] at time k consists of a speech com­
ponent s[k] and an additive noise component v[k], 

x[k] = s[k] + v[k] , (6.9) 

with x[k] defined in (6.5) and s[k] and v[k] similarly defined. If we use a 
robust voice activity detection algorithm [11][12], noise-only observations can 

d---------------------~ 

x -----+111,--------w_1 y -, &_e 
Fig. 6.3. Optimal filtering problem with unknown desired response vector d 
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be made during speech pauses (time k'), x[k'] = v[k'], which allows one to 
estimate the spatial and temporal correlation properties of the noise signal. 
Our goal is to reconstruct the speech signal s[k] from x[k] during speech 
periods by means of the linear filter W. In the optimal filtering context this 
means that the desired signal is equal to the signal-of-interest, d[k] = s[k], 
but it also implies that the desired signal d[k] is in fact an unobservable 
signal. We now make two assumptions, namely that the noise is short-term 
stationary, 

(6.10) 

and furthermore statistical independent of the speech signal, 

(6.11) 

The first assumption allows one to estimate the noise correlation matrix 
Rvv [k] during speech pauses. From the second assumption it is easily ver­
ified that Rxx[k] = Rss[k] + Rvv[k] and that Rxs[k] = Rss[k], such that the 
optimal filter can be written as 

(6.12) 

The optimal filter can then be calculated by using the joint diagonalization 
of the symmetric block-Toeplitz correlation matrices Rxx[k] and Rvv[k], 

Rxx[k] = Q. diag{an· QT 
Rvv[k] = Q. diag{l7T} . QT . 

(6.13) 

In practice, Q, a} and 17[ are computed by means of a generalized singular 
value decomposition (GSVD) [13][14] of a speech data matrix X[k] E jRPxM , 

containing p speech data vectors, and a noise data matrix V[k] E jRqXM, 

containing q noise data vectors (with p and q typically larger than M), 

(6.14) 

such that Rxx[k] ~ XT[k]X[k]lp and Rvv[k] ~ VT[k]V[k]lq. The GSVD of 
the two matrices X[k] and V[k] is defined as 

X[k] = U x . I;x . QT 
V[k] = U v . I;v . QT , (6.15) 

with I;x = diag{ad, I;v = diag{l7d, U x and U v orthogonal matrices, Q 
an invertible matrix containing the generalized singular vectors and ~: the 
generalized singular values. Substituting these formulas into (6.12) gives 

-T· P 17[ T W W F = Q . dlag{ 1 - - - } . Q , 
qa[ 

(6.16) 
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which shows that the optimal filter is a function of the generalized singu­
lar vectors and values. In the white noise case, the noise correlation matrix 
reduces to Rvv[k] = "121, with "12 the white noise power. The GSVD then 
reduces to an SVD with Q an orthogonal matrix, such that W W F is a sym­
metric matrix. The enhanced speech signal s[k] is computed as 

[
S[k- P+l]j 

s[k] = : = X[k]·wWF' 
s[k -1] 

s[k] 

(6.17) 

with WivF the ith column of WWF. The signal s[k] is an optimal estimate 
for the speech component sl[k - Ll] in the lth microphone signal, with 

1= mod(i -1,L) 

Ll = rem(i -1,L) . 
(6.18) 

(6.19) 

The estimation error elk] is defined as elk] = s[k]- y[k] = s[k]- WWFx[k] , 
such that error covariance matrix Ree[k] can be written as 

(6.20) 

The elements on the main diagonal of the error covariance matrix {Ree[k]}ii 
indicate how well the ith component of s[k], i.e. sdk - Ll], is estimated. 
The smallest element on the diagonal of this matrix therefore corresponds 
to the best estimator, which is the corresponding column of WWF. However 
simulations indicate that e.g. taking i = ~ instead of the optimal value does 
not decrease the performance considerably. 

6.2.2 General Class of Estimators 

The filter W W F in fact belongs to a more general class of estimators, which 
can be described by 

(6.21) 

with f(a}, "In an arbitrary function. This formula can be interpreted as an 
analysis filterbank Q-T which performs a transformation from the time do­
main to a signal-dependent transform domain, a gain function f (0; , "I;) which 
modifies the transform domain parameters and a synthesis filter bank QT 
which performs a transformation back to the time domain. 

If the MSE-criterion is optimized, the filter W is equal to (6.16). If the 
signal-to-noise ratio (SNR) is optimized, only the principal generalized sin­
gular vector should be considered, such that the gain function f(o;, "I;) = 
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[1 0 . .. OJ. This will however introduce a significant amount of signal dis­
tortion. In the remainder of this chapter we will use the gain function 

2 2 p ryJ f (rr. ,..,.) = 1 - a . --
't "Il 2 ' q rri 

(6.22) 

with a a noise overestimation factor (a = 1 corresponds to the MMSE esti­
mator). By increasing the factor a, the SNR of the enhanced signal increases, 
but some signal distortion is introduced (see Section 6.5.2). 

6.2.3 Symmetry Properties for Time-Series Filtering 

When applying the GSVD-based optimal filtering to single-microphone noise 
reduction, the vector x[k] is taken from the time series x[k], such that 

x[k] = [x[k] x[k - 1] ... x[k - L + 1]] T . (6.23) 

The data matrices X[k] and V[k], defined in (6.14), are now Toeplitz ma­
trices, such that the correlation matrices Rxx[k] and Rvv[k] are symmetric 
Toeplitz matrices. Symmetric Toeplitz matrices belong to the class of dou­
ble symmetric matrices, which are symmetric about both the main diagonal 
and the secondary diagonal and whose eigenvectors have special symmetry 
properties [15], i.e. every eigenvector is either symmetric or skew-symmetric. 
Using these properties, one can prove the following symmetry property for 
the filter W. 

Theorem 1. If W is constructed according to (6.21), then W satisfies the 
symmetry properties 

W=J·W·J WT =J.WT.J, (6.24) 

with J the reverse identity matrix. These properties hold in the white noise 
case as well as in the colored noise case. 

Proof: Considering the joint diagonalization of Rxx[k] and Rvv[k] in (6.13), 
one can easily verify that 

(6.25) 

is the eigenvector decomposition. Because 

R;;[k]· Rvv[k] = J . R;;[k]. Rvv[k]· J , (6.26) 

the eigenvectors, which are the columns of Q-T, satisfy the property 

J . Q-T = Q-T . diag{±l} , (6.27) 
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such that 

J. W· J = J. Q-T. diag{f(o';,1J7n· QT. J 

= Q-T. diag{f(0"7,rdn. QT = W . 
(6.28) 

These symmetry properties imply that the ith row j column of W is equal to 
the (L+ l-i)th row jcolumn with its elements in reverse order. For L odd, the 
middle column in W is symmetric, and hence represents a linear phase filter. 
This linear phase property is an extension of the zero phase property that 
has already been attributed to SVD and rank truncation based estimators 
for the white noise case, if an additional averaging step is included [16]. The 
above linear phase property is however valid for the colored noise case as well 
as for an arbitrary gain function f (0"7, 1JT). 

For multi-channel filtering similar symmetry properties as for the single­
channel case can be derived. When making additional assumptions for the 
noise correlation matrix, additional symmetry properties can be derived [17]. 

6.3 Performance of GSVD-Based Optimal Filtering 

This section discusses the performance of the GSVD-based optimal filter­
ing technique for noise reduction in multi-microphone speech signals. The 
used simulation environment is described and using simulations the spatial 
directivity pattern, noise reduction performance and robustness of the GSVD­
based filtering technique are discussed. 

6.3.1 Simulation Environment 

The simulation room configuration is depicted in Fig. 6.1, with dimensions 
6 m x 3 m x 2.5 m. It consists of a microphone array, a speech source s[k] and 
a background noise source v[k]. In our simulations we use a linear equi-spaced 
microphone array with N = 4 microphones and the distance d between two 
adjacent microphones is 5 cm. The signals used are an 8 kHz clean speech 
signal and a temporally white noise source. 

The room impulse responses are obtained using the image method [18], 
with a filter length of 1500 taps and for different reverberation times T60 . 

The reverberation time T60 can be expressed as a function of the reflection 
coefficient "f of the walls, according to Eyring's formula, 

T. _ 0.163V 
60 - , 

-Slog(1 - "f) 
(6.29) 

with V the volume of the room and S the total surface of the room. Simu­
lations have been performed at different signal-to-noise ratios. Since we are 
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using simulated data (and hence know the speech and noise component of 
each signal) , the unbiased signal-to-noise ratio (SNR) can be computed as 

(6.30) 

with s[k] and v[k] the speech and noise component of the considered signal. 

6.3.2 Spatial Directivity Pattern 

When considering localized sources and no multipath propagation, it can be 
shown by simulations that the GSVD-based filtering technique exhibits some 
kind of beamforming behavior. The spatial directivity pattern H(f, 8) of the 
GSVD-based optimal filter w[k] = wivF is defined as 

. ndcos8 N-l ( ) 
H(f,8) = E Wn(f)· exp )27[/ c . (6.31) 

H(f,8) is a function of frequency / and angle 8. Wn(f) is the frequency 
response of the filter wn[k], d is the distance between the microphones and c 
is the speed of sound wave propagation (c c::: 340m/sec). 

In the first case we consider spatio-temporal white noise, i.e. the noise 
component vn[k] present in every microphone signal xn[k] is temporally white 
and is uncorrelated with the noise component in every other microphone 
signal. We consider the situation where the speech source impinges on the 

90 90 

120 

".:. 

180 o 180 . 0 

270 270 

Fig. 6.4. Spatial directivity pattern IH(f, 8)1 for (a) spatio-temporal white noise 
and speech source at 8 = 45° (N = 4, L = 10, SNR= OdB) and (b) localized white 
noise sources at 8 = 60° and 8 = 150° and speech source at 8 = 90° (N = 4, 
L = 20, SNR= OdB) 
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microphone array at an angle () = 45°. Fig. 6.4a shows the spatial directivity 
pattern for the frequencies f = i . 100, i = 1 ... 40. For most frequencies the 
directivity gain is maximal for the direction () = 45°, which implies that 
the GSVD-based filtering technique automatically finds the direction of the 
speech source. However for low frequencies the spatial selectivity is poor. 

In the second case we consider two localized white noise sources that 
impinge on the microphone array at angles () = 60° and () = 150°, The 
speech source is located in front of the microphone array (() = 90°). Figure 
6.4b shows the directivity pattern for the frequencies f = i . 100, i = 1 ... 40. 
As can be seen, for all frequencies the directivity gain is approximately zero 
for () = 60° and () = 150°, the directions of the two noise sources. Although 
difficult to see on this figure, the directivity gain in the direction of the speech 
source () = 90° is not equal to unity, as is the case for a GSC, but depends 
on the frequency content of the speech and noise signals. 

We can conclude that the GSVD-based optimal filtering technique has the 
desired beamforming behavior for both simple situations. For more realistic 
reverberant situations it is more difficult to interpret the spatial directivity 
plots, since the GSVD-based filtering technique computes an optimal estimate 
for the speech component of one microphone signal, thereby reducing the 
additive noise but not the reverberation of the speech signal. 
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Fig. 6.5. Comparison of unbiased SNR for delay-and-sum, GSC and GSVD-based 
optimal filter (N = 4, SNR= 0 dB) 

Page 134 of 401



6 GSVD-Based Optimal Filtering 121 

6.3.3 Noise Reduction Performance 

This section compares the noise reduction performance of the GSVD-based 
optimal filtering technique for different filter lengths L and for different re­
verberation times T60 . Low reverberation corresponds to highly correlated 
signals, while high reverberation corresponds to highly uncorrelated (diffuse) 
signals. The noise reduction performance is also compared with standard 
adaptive beamforming techniques, i.e. the delay-and-sum beamformer and 
Generalized Sidelobe Canceler (GSC) . 

Fig. 6.5 shows the unbiased SNR of the enhanced signal for reverberation 
up to 1500ms for the delay-and-sum beamformer, the GSC and the GSVD­
based optimal filtering technique (L = 5,10,20,50). The unbiased SNR of 
the original microphone signal is 0 dB. As can be seen, for small T60 the GSC 
performs much better than for high T60 . This is normal because the GSC 
is designed for correlated noise, not for diffuse noise. Unlike the GSC, the 
GSVD-based optimal filtering technique still performs well for high T60 . As 
can be seen, for all reverberation times, the GSVD-based filtering technique 
performs better than the GSC, if the filter length L is large enough. 

6.3.4 Robustness Issues 

Many multi-microphone noise reduction techniques, e.g. GSC, exploit a pri­
ori knowledge about the position of the speech source and the microphone 
array configuration. These techniques therefore tend to be rather sensitive 
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Fig. 6.6. Unbiased SNR-difference between GSVD-based optimal filtering and GSC 
for different microphone positions P2 (N = 4 , L = 50, SNR= 0 dB) 
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to deviations from the nominal situation, e.g. encountered when incorrectly 
estimating the position of the speech source or when using uncalibrated mi­
crophone arrays. The GSVD-based optimal filtering technique does not make 
any assumptions of this kind. Therefore we can expect the GSVD-based fil­
tering technique to be less sensitive to deviations from the nominal situation. 

In [7] we have compared the robustness of the GSVD-based filtering tech­
nique with the GSC for 3 kinds of deviations from the nominal situation: 
(a) incorrect estimation of the position of the speech source, (b) microphone 
displacement and (c) different microphone gains. 

Figure 6.6 shows the difference in noise reduction performance (unbi­
ased SNR) between the GSVD-based optimal filtering technique and the 
GSC for different microphone positions P2. Because the difference in per­
formance increases the more the microphone position P2 deviates from the 
nominal position P2om, we can conclude that for microphone displacement, 
the GSVD-based optimal filtering technique is more robust than the GSC. 
In [7] it has been shown that also for incorrect estimation of the position of 
the speech source and different microphone gains, the GSVD-based optimal 
filtering technique is more robust than the GSC. In fact it can be theo­
retically proven that the noise reduction performance of the GSVD-based 
optimal filtering technique is independent of different gains for the different 
microphones. 

6.4 Complexity Reduction 

This section discusses the computational complexity of the GSVD-based op­
timal filtering technique. Recalculating the GSVD and the optimal filter from 
scratch for every sample clearly requires too many computations In this sec­
tion several techniques for reducing the complexity are discussed, enabling 
real-time implementation of the GSVD-based optimal filtering technique. 
For realistic parameters the computational complexity can be reduced from 
34.2 Gflops to 55 Mflops (see Section 6.4.5). 

6.4.1 Linear Algebra Techniques for Computing GSVD 

The GSVD of the matrices X[k] and V[k] can be computed as follows (for de­
tails see [13][19][20]). First, the two matrices are reduced to upper triangular 
form by a QR-decomposition, 

X[k] = QX[k] . RX[k] 

------ -----­pxM MxM 

V[k] = QV[k] . RV[k] , 

------ -----­qxM MxM 

(6.32) 

with RX[k] and RV[k] square upper triangular matrices and QX[k] and QV[k] 

orthogonal matrices. The GSVD of X[k] and V[k] readily follows from the 
GSVD of RX[k] and RV[k]. This decomposition is computed by carrying 
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out an iterative procedure where a series of Jacobi-rotations is applied to 
RX[k] and RV[k] in order to yield upper triangular factors with parallel rows 
RX[k] = EX[k]·R[k] and RV[k] = EV[k]·R[k], with EX[k] and EV[k] diagonal 
matrices. The GSVD of RX[k] and RV[k] can be written as 

T -T 
RX[k] = 8 X[k] . EX[k] . Q [k] = 8 X[k] . EX[k] . R[k]·Q [k] (6.33) 

-----------RX[k] 

T -T 
RV[k] = <PV[k] . EV[k] . Q [k] = <PV[k] . EV[k] . R[k]·Q [k], (6.34) 

~ 

RV[k] 

with 8 X[k] and <PV[k] orthogonal matrices containing the rotation angles, 
defined in (6.36), and <F[k] also an orthogonal matrix. 

Each iteration essentially reduces to a GSVD of an elementary 2 x 2 block 
on the main diagonal, parallelizing the rows of {RX[k]hi+1 and {RV[k]hi+1 ' 

When the pivot index i repeatedly takes up all possible values, i = 1 ... M -1, 
this is called one sweep (= M - 1 GSVD-steps). The GSVD of the 2 x 2 upper 
triangular blocks {RX[k]}i,i+1 and {RV[k]hi+1 corresponds to the SVD of 
the 2 x 2 upper triangular block 

{RC[k]hi+1 = {RX[k]hi+1 . {RV[k]}~l+1 ' (6.35) 

followed by an orthogonal transformation to upper-triangularize {RX[k]}i,i+l 

and {RV[k]hi+l' The SVD of the elementary 2 x 2 block {RC[k]hi+1 comes 
down to calculating the Givens rotations () and ¢ [13] [21] such that 

[r~* r~+1~i+1*l = [-~~~:~~~:] [rgi~~~:':+1] [-~~~:~~~:] . 

(6.36) 

Computing a full GSVD requires f3M sweeps (with f3 typically 3 ... 5). There­
fore the total complexity, which is defined as the total number of additions 
and multiplications, amounts to 3f3M2(P + q - 2M/3) (QR-decompositions) 
+ 18f3M3 (GSVD computation). For typical values of p, q and M the com­
plexity is too high for real-time implementation (see Section 6.4.5). Therefore 
more efficient recursive GSVD-updating algorithms will be considered. 

6.4.2 Recursive and Approximate GSVD-Updating Algorithms 

Instead of recomputing the GSVD from scratch for each time step, recursive 
GSVD-updating algorithms compute the GSVD at time k using the decom­
position at time k - 1. In [22][23] a Jacobi-type (G)SVD-updating algorithm 
is described. Suppose that at time k - 1, the upper triangular factors are 
reduced to RX[k-l] and RV[k-l] with approximately parallel rows, such that 

X[k - 1] = UX[k-l] . EX[k] . QT[k] = UX[k-l] . RX[k-l] . <F[k -1] 
V[k -1] = UV[k-l] . EV[k] . QT[k] = UV[k-l] . RV[k-l] . QT[k -1] , 

(6.37) 
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of which only ~he upper-triangular matrices RX[k-l], RV[k-l] and the orthog­
onal matrix Q[k - 1] are stored. At time k a new data vector x[k] (speech 
periods) or v[k] (noise periods) is present, such that we need to recompute 
the GSVD of X[k] and V[k], defined as 

V[k]- [Av. V[k -1]] 
- v[k] , (6.38) 

with Ax an exponential weighting factor for speech and Av an exponential 
weighting factor for noise (if A = 1 no weighting is performed). In fact, either 
x[k] or v[k] is equal to 0, depending on whether the signal component contains 
speech or only noise, which can lead to a further complexity reduction. For 
the general case we can rewrite X[k] as 

X[k]- [IUXI'-'lll'l]. [ Ax· R5 [k-l] ]. (F[k -1] - W xT[k]·Q[k-l] . 
10 ... 0 1[2] 

(6.39) 

The matrix V[k] is similarly defined. First, the upper triangular factors 
are restored by performing QR-updates with the transformed input vectors 
xT[k] = xT[k]. Q[k - 1] or vT[k] = vT[k]· Q[k - 1]. QR-updating can be 
performed by using orthogonal Givens transformations, zeroing the elements 
on the bottom row. Since either x[k] or v[k] is 0, only one QR-update is re­
quired. Assuming that speech is present (v[k] = 0), the QR-update for X[k] 
can be written as 

X[k] = [8w] 
1 0 ... 0 1[2] 

- - -T 
. QX[k] ·RX[k] . Q [k- 1] . (6.40) 

, 

Here QX[k] is an (M + 1) x M matrix with orthogonal columns. The matrix 
Q[k - 1] is not altered by the QR-update. 

Secondly, the GSVD-procedure is resumed in order to parallelize the rows 
of RX[k] and RV[k] (of course RV[k] = RV[k] in the described case with 
v[k] = 0). A fixed number of sweeps (8) is performed, where the pivot index i 
takes up r consecutive values. Typically one sweep is performed (8 = 1), where 
the pivot index takes up all possible values (r = M -1) [23]. The complexity 
of one GSVD-update is equal to 2.5M2 (matrix-vector multiplication) + 3M2 
(QR-update) + 8· r ·18M (GSVD-steps). For 8 = 1 and r = M -1 the total 
computational complexity amounts to 23.5M2. 

The computational complexity can be further reduced by using square­
root-free implementations for the QR-updates and for the calculation of the 
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elementary 2 x 2 SVDs. The calculation of the rotation angles for a QR­
update and for an elementary 2 x 2 SVD respectively requires one and three 
square roots. In [24] a square-root-free procedure for QR-updating is de­
veloped where a one-sided factorization of the upper triangular R-factor is 
used. However, since the above SVD schemes as such do not lend themselves 
to square-root-free implementation, alternative schemes based on approxi­
mate formulas for the calculation of the rotation angles () and 1> have to 
be considered [21]. When combined with a generalized Gentleman procedure 
with a two-sided factorization of the upper triangular R-factor, these schemes 
eventually yield square-root-free SVD-updating algorithms [25], which can be 
easily extended to square-root-free GSVD-updating algorithms [23]. 

The computational complexity of one square-root-free GSVD-update is 
equal to 2.5M2 (matrix-vector multiplication) + 2M2 (square-root-free QR­
update) + s . r . (14M - r) (square-root-free GSVD-steps). For s = 1 and 
r = M - 1 the total computational complexity amounts to 17.5M2, which is 
less expensive than 'conventional' (non square-root-free) GSVD-updating. 

The optimal filter Wwdk] at time k is computed as 

- - -1. P (Rt[k])2 - -T 
WWF[k] = Q[k]· RX[k] . dlag{l- a· - ( ii )2}' RX[k] . Q [k]. 

q RX[k] 

(6.41) 

The computational complexity for computing one column of W W dk] is 4M2. 
If exponential weighting factors Ax and Av are used, the factor p/q in (6.41) 
has to be replaced by (1 - A~)/(l - A;). 

6.4.3 Downsampling Techniques 

For stationary acoustic environments the computational complexity can be 
further reduced by using downsampling techniques without any loss in perfor­
mance. In this context downsampling means that the GSVD of X[k] and V[k] 
and the filter WWF[k] are not updated for every sample, but that the GSVD 
is updated every dg samples and that the filter is updated every dJ samples. 
The drawback of using downsampling is slower convergence towards the op­
timal filter, implying that downsampling has to be limited in non-stationary 
acoustic environments. 

6.4.4 Simulations 

Using simulations we have compared the performance of the conventional 
and the square-root-free recursive GSVD-update algorithms. For the square­
root-free recursive GSVD-update algorithm three different approximations 
have been used. Figure 6.7 shows the unbiased SNR of the enhanced signal 
for different values of s (number of sweeps) and r (GSVD-steps). This figure 
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Table 6.1. Computational complexity for GSVD-based optimal filtering technique 

I Non-recursive I Recursive ISquare-root-freel 

t(17M3 +3qM2) 23.5M· + 4M· 
d g d f 

17.5M· + 4M'" 
d g d f 

d=1 684 Gflops 1408 Mflops 1101 Mflops 
d = 20 34.2 Gflops 70.4 Mflops 55.0 Mflops 

shows that there is almost no difference in performance between the conven­
tional and the square-root-free GSVD-updating algorithm. When performing 
more than one sweep, the SNR only marginally improves. When performing 
less than M - 1 GSVD-steps, the SNR gradually decreases. Of course, the 
drawback of using of smaller number of GSVD-steps, is slower convergence 
towards the optimal filter, implying that the number of GSVD-steps has to 
be large enough in non-stationary acoustic environments. 

6.4.5 Computational Complexity 

The total computational complexity of the different algorithms has already 
been computed in Sects. 6.4.1 and 6.4.2. Table 6.1 shows the complexity in 
floating point operations per second for the different algorithms with Is = 
8 kHz, N = 4, L = 20 in case of no downsampling and in case of downsampling 
with df = dg = 20 (q = 4000, f3 = 1, s = 1, r = M - 1). Although the 
computational complexity of the recursive GSVD-update algorithms is still 
quite high, it is possible to implement the GSVD-based optimal filtering 
technique in real-time on a standard Pentium-III 450 MHz PC. 
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Fig. 6.7. Noise reduction performance of conventional and square-root-free GSVD­
updating algorithms in function of (a) number of sweeps and (b) number of GSVD­
steps (N = 4 , L = 20, T60 = 200 ms, SNR= 0 dB, .Ax = .Av = 0 .9999) 
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Fig. 6.8. Generalized Sidelobe Canceler 

6.5 Combination with ANC Postprocessing Stage 

6.5.1 Creation of Speech and Noise References 

A well known adaptive beamformer, depicted in Fig. 6.8, is the Generalized 
Sidelobe Canceler (GSC) [26][27][28]. A GSC uses the output of a fixed delay­
and-sum beamformer as a speech reference and creates noise references by 
combining the delayed microphone signals using a so-called blocking matrix. 
In the adaptive noise cancellation (ANC) stage a multi-channel adaptive fil­
ter (e.g. NLMS, APA, RLS) then removes the correlation between the noise 
references and the speech reference. For this algorithm to work properly, the 
noise references therefore should be (highly) correlated with the noise still 
present in the speech reference. Since in most cases signal leakage into the 
noise references cannot be completely avoided, the adaptive filter is only al­
lowed to adapt during periods when no speech is present [29][30]. 

Although the GSVD-based optimal filtering technique in itself signifi­
cantly increases the signal-to-noise ratio, its noise reduction performance can 
still be improved by using it in a GSC-like structure, as an alternative for the 
simple delay-and-sum beamformer (see Fig. 6.9). In the ANC postprocessing 
stage of the GSVD-based optimal filtering technique, the output of the opti­
mal filter is used as a speech reference. For the creation of a noise reference 
different possibilities exist. 

Define the speech reference r~~~ech[k] as the optimal estimate of the de­
layed speech component in the lth microphone signal, such that 

(6.42) 

An obvious choice for creating a noise reference consists of simply subtracting 
the speech reference r~~~ech [k] from the delayed lth microphone signal, 

(6.43) 

Indeed, it can be shown that if W W F is the optimal filter for estimating the 
speech component s[k], then 1- WWF[k] is the optimal filter for estimating 
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Fig. 6.9. GSVD-based optimal filtering technique with ANC postprocessing stage 

the noise component v[k]. In the remainder of this chapter we will use this 
noise reference and we will take i = t , such that l = 0 and .:1 = t - 1 (see 
(6.18) and (6.19)). 

However different possibilities for creating noise references exist. Instead 
of only calculating a noise reference for the lth microphone signal, one can 
calculate and use the noise references for all the microphone signals, i.e. 

[ 

xo[k - .:1]- r~~~ech[k] 
2 xdk - .:1]- r!~~ech[k] 

r noise[k] = . 

xN-dk - .:1]- r~~el~:[k] 

(6.44) 

However since different speech references are needed for the calculation of 
r;oise [k l, the microphone Signals have to be filtered with different filters wiv F' 

implying increased computational complexity. 

6.5.2 Noise Reduction Performance of ANC Postprocessing 
Stage 

In Fig. 6.10 the unbiased SNR of the output signal of the ANC postprocessing 
stage is plotted as a function of the filter length L and the filter length LANG 
of the adaptive filter in the ANC postprocessing stage for two values of the 
noise overestimation factor Q (see (6.22)). This figure shows that the unbiased 
SNR improves with increasing filter lengths L and LANG. If an NLMS or fast­
RLS adaptive algorithm is used in the ANC postprocessing stage, the total 
computational complexity is 0(L2) + O(LANG), such that it is sometimes 
better to use a relatively small filter length L for the GSVD-based optimal 
filter and a relatively large filter length LANG for the adaptive filter. 

This figure also shows that the SNR of the enhanced signal improves with 
increasing noise overestimation factor Q. For higher values of the factor Q the 
SNR of the enhanced signal improves, but also signal distortion is introduced 
since the MMSE-criterion is not optimized any more. Therefore the factor Q 

has to be limited. 
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Fig. 6.10. Dependence of unbiased SNR on filter length L, filter length LANG in 
ANC postprocessing stage and factor a (N = 4 , T60 = 200 ms, SNR= 0 dB) 

6.5.3 Comparison with Standard Beamforming Techniques 

Figure 6.11 compares the performance of the GSVD-based optimal filter­
ing technique (with and without ANC postprocessing stage) with standard 
beamforming algorithms (delay-and-sum and GSC) for different reverbera­
tion times T60 . The filter length LANG of the adaptive filter in the ANC 
postprocessing stage is 800, for the GSC as well as for the GSVD-based op­
timal filter. 

Figure 6.11 shows that for small T60 the GSC performs better than the 
GSVD-based optimal filtering technique (L = 20), while for large no the 
GSVD-based optimal filtering technique performs better than the GSC. How­
ever, when adding the ANC postprocessing stage, the GSVD-based filtering 
technique clearly outperforms the GSC for all reverberation times. 

6.6 Conclusion 

In this chapter a class of multi-microphone signal enhancement techniques 
has been described, which are based on a generalized singular value decom­
position. When applied to multi-microphone acoustic noise reduction, simu­
lations show that the GSVD-based optimal filtering technique has a better 
noise reduction performance than standard beamforming techniques for all 
reverberation times and that it is more robust to deviations from the nom­
inal situation. When speech and noise references are created and an adap­
tive noise cancellation (ANC) postprocessing stage is added, the SNR is fur­
ther increased. Because of the high computational complexity, recursive and 
approximate GSVD-updating techniques and downsampling techniques are 
needed to make this signal enhancement technique amenable to real-time 
implementation. 
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7 Explicit Speech Modeling for Microphone 
Array Applications 

Michael Brandstein and Scott Griebel 

Harvard University, Cambridge MA, USA 

Abstract. In this chapter we address the limitations of current approaches to 
using microphone arrays for speech acquisition and advocate the development of 
multi-channel techniques which employ an explicit model of the speech signal. The 
goal is to combine the advantages of spatial filtering achieved through beamforming 
with knowledge of the desired time-series attributes. We offer two examples of algo­
rithms which incorporate this principle. The first is a frequency domain approach 
illustrating the utility of model-based microphone array processing for improved 
speech spectral analysis. The second is a time domain procedure which highlights 
the benefits of speech modeling/spatial filtering fusion for the purpose of improving 
speech quality. 

7.1 Introduction 

A major thrust of microphone array research has focused on improving the 
spatial filtering capability of the system in its operating environment. The 
previous chapters have directly addressed a number of the methods which 
have proven beneficial in this regard. The goal of this chapter is to present 
an alternative and complementary strategy which emphasizes the incorpo­
ration of explicit speech modeling into the microphone array processing. As 
will be shown, by combining specific knowledge of the desired time-series at­
tributes with the advantages of multi-channel spatial filtering, this approach 
can significantly improve the quality of the speech signal and its derived 
quantities obtained in challenging acoustic environments. 

Much of this work is motivated from current research in the field of single­
channel speech systems where, due to necessity perhaps, improvements have 
been obtained by focusing on the underlying content of the signal of interest 
in addition to its environmental degradations. There is a rich history of work 
addressing the use of single channel methods for speech enhancement. Sum­
maries of these techniques may be found in texts on the subject, such as [1-
3]. While capable of improving perceived quality in restrictive environments 
(additive noise, no multipath, high to moderate signal-to-noise ratio (SNR), 
single source), these approaches do not perform well in the face of reverberant 
distortions, competing sources, and severe noise conditions. In recent years, 
sophisticated speech models have been applied to the enhancement problem. 
In addition to utilizing the periodic features of the speech, as in the case of 
comb filtering, these systems exploit the signal's mixture of harmonic and 
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stochastic components [4-6]. Such model-based techniques offer an improved 
performance, both in speech quality and intelligibility. Additionally, these 
methods, by virtue of their specific parameterization of the speech signal, 
offer some applicability to the more general acquisition problem. Currently, 
however, these model-based estimation schemes have been limited to single 
channel applications. 

By employing spatial filtering in addition to temporal processing, mi­
crophone arrays offer a distinct performance advantage over single-channel 
techniques in the presence of additive noise, interfering sources, and distor­
tions due to multipath channel effects. Fixed and adaptive adaptive beam­
forming techniques generally assume the desired source is slowly varying and 
at a known location. While dynamic localization schemes, like those of [7], 
and robust weighting constraints may be incorporated into the adaptation 
procedure, these methods are very sensitive to steering errors which limit 
their noise source attenuation performance and frequently distort or cancel 
the desired signal. Furthermore, these algorithms are oriented solely toward 
noise reduction and have limited effectiveness at enhancing a desired signal 
corrupted by reverberations. 

Similarly, the class of post-filtering algorithms detailed in Chapter 3 are 
limited in their assumption that the additive noise is uncorrelated. Once again 
the emphasis here is additive noise reduction. The performance (and appro­
priateness) ofthese post-filters quickly degrades in the presence of multi-path 
distortions and coherent noise. 

Another general approach is based upon attempting to undo the effects of 
multipath propagation. The channel responses themselves are in general not 
minimum phase and are thus non-invertible. By beamforming to the direct 
path and the major images, it is possible to use the multipath reflections 
constructively to increase SNR's well beyond those achieved with a single 
beamformer. The result is a matched filtering process [8] which is effective in 
enhancing the quality of reverberant speech and attenuating noise sources. 
Unfortunately, this technique has a number of practical shortcomings. The 
matched filter is derived from the source location-dependent room response 
and as such is difficult to estimate dynamically. The channel responses ob­
tained in this manner do not address the issue of non-stationary or unknown 
source locations or changing acoustic environments. These problems are ad­
dressed by Affes and Grenier [9] in attempting to adaptively estimate the 
channel responses and incorporate the results into an adaptive beamforming 
process. 

In general, beamforming research has dealt with algorithms to attenuate 
undesired sources and noise, track moving sources, and deconvolve channel 
effects. These approaches, while effective to some degree, are fundamentally 
limited by the nature of the distant talker environment. Array design meth­
ods are overly sensitive to variations in their assumptions regarding source 
locations and radiation patterns, and are inflexible to the complex and time-
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Fig. 7.1. Spectra of a voiced speech segment and its individual channels simulated 
at source locations spaced lOcm apart. 

varying nature of the enclosure's acoustic field. Motion as little as a few 
centimeters or a talker turning his or her head is frequently sufficient to com­
promise the optimal behavior of these schemes in practical scenarios [10,11) . 
Similarly, matched filter processing, while shown to be capable of tracking 
source motion to a limited degree, requires significant temporal averaging 
and is not adaptable at rates sufficient to effectively capture the motions of 
a realistic talker. 

To illustrate the acoustic environment's sensitivity to source location vari­
ations, a simple example is presented. Two source locations spaced 10cm 
apart are simulated in the center of a noiseless 4m x 4m x 3m rectangular 
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room. The enclosure is assumed to have plane reflective surfaces and uniform, 
frequency-independent reflection coefficients equivalent to a 400ms reverber­
ation time. Room impulse responses are generated for 8 microphones with 
25cm spacing positioned along one wall of the enclosure using the Allen and 
Berkley image model technique [12] with intra-sample interpolation and up 
to sixth order reflections. Both the microphones and sources are assumed 
to have cardioid patterns and the sources are oriented toward the center of 
the array. Figure 7.1 plots the spectra of a voiced speech segment generated 
at each source location. The bold lines correspond to the spectrum of the 
original speech while the dotted lines plot the spectra of the data received 
at each of 8 microphones. The reverberation effects are multiplicative in the 
frequency domain and vary considerably from channel to channel. The results 
of this simulation show that there are significant variations in the spectra of 
the individual channels (up to 10dB for some frequencies) when the source is 
moved just a few inches. An implication of this example is that any system 
which attempts to estimate the reverberation effects and apply some means of 
inverse filtering would have to be adaptable on almost a frame-by-frame basis 
to be effective. However, the temporal averaging required by these processes 
prohibits adaptation at such a high rate. 

7.2 Model-Based Strategies 

Single-channel techniques exploit various features of the speech signal; multi­
channel methods focus primarily on improving the quality of the spatial fil­
tering process. In [11] we proposed an alternative to the traditional micro­
phone array methods by explicitly incorporating the Dual Excitation Speech 
Model [5] into the beamforming process. Our work in [13] extended this 
idea using a multi-channel version of the Multi-Pulse Linear Predictive Cod­
ing (MPLPC) model [14,15] and a nonlinear event-based processing method 
to discriminate impulses in the received signals due to channel effects from 
those present in the desired speech. These concepts were then expanded upon 
in [16,17] by employing the wavelet domain for a multi-resolution signal analy­
sis and reconstruction of the LPC residual. These works illustrated the ability 
of this approach to suppress the deleterious effects of both reverberations and 
additive noise without explicitly identifying the channel while being adaptive 
on a frame by frame basis. This allows the model-based processing paradigm 
to be applied for effective speech analysis and enhancement under general 
conditions. 

Two examples of this prior work are summarized here. The first is a 
frequency domain approach illustrating the utility of model-based micro­
phone array processing for improved speech spectral analysis. The second 
is a time domain procedure which highlights the benefits of the speech mod­
eling/spatial filtering fusion advocated for the purpose of improving speech 
quality. 
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7.2.1 Example 1: A Frequency-Domain Model-Based Algorithm 

In the single-channel, Dual Excitation (DE) Speech Model [5], a windowed 
segment of speech, s[n], is represented as the sum of two components: a 
voiced signal, v[n], and an unvoiced signal, urn]. In the frequency-domain, 
the relationship may be expressed as: 

Sew) = V(w) + U(w) (7.1) 

where Sew), V(w), and U(w) correspond to the Fourier transforms of s[n], 
v[n], and urn], respectively. The voiced portion is assumed to be periodic over 
the time window and may be represented as the sum of the harmonics of a 
fundamental frequency, Wo: 

M 

V(w) = L AmW(w - mwo) (7.2) 
m=-M 

where W (w) is the Fourier Transform of the analysis window, Am is the com­
plex spectral amplitude of the mth harmonic, and M is the total number of 
harmonics (M = l7r / woJ). Following [18], the fundamental frequency and har­
monic amplitudes are estimated through minimization of the mean-squared 
error criterion: 

E = - IS(w) - V(wWdw 1 j7l" 
27r -71" 

(7.3) 

1 j7l" M 
= 27r IS(w) - L Am W(w - mwoWdw. 

-71" m=-M 

(7.4) 

This non-linear optimization problem may be decoupled efficiently by not­
ing that for a given fundamental frequency, the harmonic amplitudes which 
minimize the error are found through the solution of a set of linear equa­
tions. The optimal parameter set may then be calculated through global 
minimization of the error function in (7.4) versus all fundamental frequen­
cies of interest. To effectively model the spectrum of the higher harmonics, a 
fundamental frequency resolution of less than 1 Hz is typically required. In 
practice, this exhaustive procedure may be computationally prohibitive. A 
more efficient approach is to evaluate a coarse, integer pitch estimate via a 
traditional time-domain pitch estimation procedure and then use the above 
frequency-domain analysis by synthesis procedure to refine the fundamental 
frequency estimate. 

The estimated unvoiced signal plus noise spectrum, U(w), is then found 
from the difference spectrum: 

U(w) = Sew) - V(w) (7.5) 

where V(w) is the estimated voiced spectrum derived from (7.2) using the 
estimated values of Wo and Am· 
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The utility of the DE model for improving speech degraded by background 
noise lies in its independent enhancement of the voiced and unvoiced com­
ponents of the speech. Assuming that the degrading noise is independent of 
the harmonic structure, the voiced spectrum is subjected to only a minor 
thresholding operation relative to the background noise power. The bulk of 
the enhancement is achieved by nulling out the unvoiced portions of strongly 
voiced harmonics and applying a modified Wiener filter to the remaining 
unvoiced spectral regions. 

The Dual Excitation model is extended here for the multi-channel prob­
lem to improve its effectiveness for the additive noise case and to address the 
more general distant-talker scenario involving multipath channels and multi­
ple sources. Consider first the extension of the DE error criterion in (7.4) to 
include data from N channels: 

(7.6) 

where Gi(w) is the filter weighting associated with the ith channel and Si(W) 
is the short-term spectrum of the data received at the ith microphone. Al­
ternatively, for environments where the dominant degradation effect is rever­
berant, it may be advantageous to recast the above error criterion as the L2 
norm in the log spectrum domain. 

The voiced signal estimate, VN(W), derived from the parameters mini­
mizing (7.6) would then be used to produce the unvoiced signal plus noise 
spectrum from: 

~ 1 N ~ 
UN(w) = N L Hi (W)[Gi(W)Si(w) - VN(w)] (7.7) 

i=l 

The channel weightings, Gi(w), could be designed to provide appropriate spa­
tial filtering, addressing issues of noise-reduction, attenuation of interfering 
sources, and dereverberation. Additionally, the channel-dependent weighting 
filters, Hi(W), could be incorporated as a multi-channel post-processor to 
exploit known signal characteristics. 

In the simplest case of independent additive noise, the extension of the 
Dual Excitation model to a plurality of channels would stand to improve its 
enhancement performance by virtue of the data averaging alone. With the 
inclusion of the spatial filtering afforded through (7.6) and (7.7) it is possible 
to give the DE model a robustness to channel effects and interfering sources. 
With regard to multiple sources, the error criterion in (7.6) could be extended 
explicitly to include L sources and N channels by: 
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Fig. 7.2. Spectra of the Original, Delay and Sum Beamformer result, and Voiced 
Multi-Channel Dual Excitation result for the voiced segment in Figure 7.1. 

where Gij(w) is the spatial filter associated with the ith channel and jth 
signal source, WOj is the fundamental frequency of the jth source, and Amj 

is the amplitude of the mth harmonic associated with the jth source. Using 
this approach it would be possible to track individual sources through a com­
bination of location and pitch data. Such a multi-channel DE model would 
have the ability to isolate and enhance a desired source signal by employing 
both spatial and signal-content information. 

To illustrate the potential of such an approach, again consider the example 
of the voiced speech segment in Fig. 7.1. Figure 7.2 shows the relationship be­
tween the Delay and Sum Beamformer and the voiced signal estimate, VN(W), 
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derived from the proposed multi-channel scheme for the two closely-spaced 
source locations. The pair of results was generated using delays appropri­
ate for the source 1 location. This would correspond to a 10cm mis-aim in 
the source 2 case. The Delay and Sum method, like any beamforming tech­
nique, lacks any signal-dependent constraints on the output produced. As the 
plots suggest, by exploiting the periodic structure of the desired signal, the 
Multi-Channel Dual Excitation Model is significantly more robust to the lo­
cal spectral variations produced by channel reverberations. Unlike the Delay 
and Sum method, the approach is relatively insensitive to imperfect knowl­
edge of the source location suggesting a robustness to the small, but nominal, 
variations encountered in a practical operating environment. This result is 
confirmed by more quantitative methods, such as SNR and log spectral dis­
tortion scores. 

7.2.2 Example 2: A Time-Domain Model-Based Algorithm 

The reverberant speech signal, xdn], observed at the ith microphone (i = 
1,2, ... ,J) can be modeled in the time-domain as: 

(7.8) 

where s[n] is the clean speech utterance, ui[n] is noise, and hi[n] is the room 
impulse response between the speech source and the ith microphone. Under 
all but ideal circumstances, the room impulse response is a complicated func­
tion of the environment's acoustical and geometrical properties. The noise 
term, ui[n], is assumed to be uncorrelated, both temporally and spatially. 

A very general model for speech production approximates the vocal tract 
as a time-varying all-pole filter [2]. In the case of voiced speech, the filter ex­
citation is modeled as a quasi-periodic impulse train where the average width 
between consecutive impulses is the pitch period. For unvoiced speech, the 
excitation signal is approximated by random noise. The proposed algorithm 
relies on the assumption that the detrimental effects of additive noise and 
reverberations introduce only zeros into the overall system and will primarily 
affect only the nature of the speech excitation sequence, not the all-pole filter. 
It is also assumed that the noise and errant impulses contributed to the ex­
citation sequences are relatively uncorrelated across the individual channels, 
while the excitation impulses due to the original speech are correlated af­
ter performing time-delay compensation. Essentially, the approach will be to 
identify the clean speech excitation signal from a set of corrupted excitation 
signals. The enhanced speech is then reconstructed by using the enhanced 
excitation signal as input to an estimate of the all-pole filter representing the 
vocal system. 

The proposed algorithm offers an effective method for estimating and 
then reconstructing the excitation signal by employing a class of wavelets 
to decompose the LPC residual signals. In [19], quadratic spline wavelets 
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Fig. 7.3. Outline of the proposed algorithm for an N-point frame of speech. 

were shown to be effective at detecting singularities in a signal. Because 
these quadratic spline wavelets are the derivatives of smoothing functions, 
significant wavelet transform (WVT) coefficients, or wavelet extrema, prove 
to be appropriate indicators of discontinuities in a signal. The set of extrema 
at each wavelet scale is an effective representation of the impulses in the 
excitation signals. By locating the extrema which are well clustered across 
all microphone channels, we attempt to capture the underlying impulsive 
structure (for voiced speech) of the original non-reverberant LPC residual 
signal. The estimated 'clean' multi-scale extrema can be used to reconstruct 
the desired excitation signal with minimal approximation error [19]. 

The algorithm is outlined in Fig. 7.3. The received signals, xi[n], are 
assumed to have been time-aligned either through a priori knowledge of the 
source and microphone geometry or as the result of applying a relative time­
delay estimation procedure to the original channel data. For the following 
algorithm discussion, the analysis frame is 32ms (N = 256 samples at 8kHz 
sampling rate) and the number of channels is I = 8. Details of the simulation 
procedure are provided below. 

A joint LPC filter is derived from N-point windows of the I channels of 
speech. The linear prediction formalism assumes the speech source signal can 
be modeled as: 
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p 

s[n] = L aps[n - p] + ern] (7.9) 
p=l 

where ern] is the residual or excitation signal discussed previously. The LPC 
coefficients, {a1' a2, ... ,ap}, are estimated by minimizing the average energy 
of the residual signal. For this multi-channel setting the criterion is expressed 
as: 

(7.10) 

The minimum energy solution is achieved by solving a system of linear 
equations as in the single-channel case, but involves a multi-channel autocor­
relation function, given by: 

1 I N 

r[k] = I ~ L Xi [n]Xi [n - k]. 
.=1 n=k 

(7.11) 

The resulting LPC coefficients can be used to generate a set of residual 
signals, ei[n], via inverse filtering. The goal of the following wavelet extrema 
reconstruction is to use the multiple residual signals to create a single en­
hanced residual signal, ern]. This residual will then be used as input to the 
previously estimated LPC filter to generate an enhanced speech signal, s[n]. 
For the current simulations, the LPC model order is P = 13. 

The first J scales of the WVT are calculated for each of the I residual 
signals. Here the WVT is calculated for the first J = 5 scales. The WVT of 
the residual signal of the ith channel, ei[n], is denoted by W ei(n, j) where j is 
the scale parameter and n is the temporal index within that scale. We use the 
non-decimated quadratic spline wavelet discussed in [19]. Because the wavelet 
is the derivative of a smoothing function, the resulting WVT coefficients will 
contain local extrema at large changes in the signal. Therefore, impulses in 
the residual signal of voiced speech segments will be manifested as large 
WVT coefficients at different scales. This same wavelet has been used on 
non-reverberant speech for pitch detection [20]. 

In the following stages, this algorithm is used to reconstruct an enhanced 
residual signal, where wavelet extrema at different scales correspond to im­
pulses in the voiced excitation. While the significance of the wavelet extrema 
in the unvoiced case is not as clearly delineated, this approach is effective in 
reconstructing an appropriate noise-like residual signal. 

Based upon the observation that residual impulses due to the original 
speech tend to be clustered across channels and scales (after time-delay com­
pensation) while those due to reverberation effects are relatively uncorrelated 
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Fig. 7.4. Clustering Results and Coherence Envelope. 

in both amplitude and time, a clustering technique is now applied to estimate 
the 'clean' extrema. In [13] we presented a nonlinear clustering criterion for 
this application, while in [16] we employed a Gaussian smoothing approach. 
However, the local extrema of WVT coefficients of the delay-and-sum beam­
formed speech have been found to perform sufficiently well in this context. 
Because of its computational advantages and near comparable performance, 
we will employ this delay and sum strategy for extrema clustering in what 
follows. The left-hand plot in Figure 7.4 illustrates a single scale's WVT co­
efficients for 8 channels and the resulting clustered extrema. In general, for 
voiced speech, extrema due to glottal excitations tend to be more closely 
clustered than those due to additional impulses from the reverberant chan­
nel responses. This causes the less clustered peaks to have a relatively small 
amplitude. The clustering operation maps the multi-channel WVT extrema 
data to a single WVT extrema representation suitable for input to the WVT 
extrema reconstruction algorithm described later. 

We now apply the first of two coherence-based scaling functions. The 
purpose of the amplitude modulation scheme detailed here is to further de­
emphasize the clustered peaks due to room reverberations beyond what is 
achieved by the averaging process associated with the extrema clustering. The 
motivation is that wavelet extrema due to room effects will be less coherent 
from channel to channel than those due to the vocal excitation signal. 

The following short-term coherence window is multiplied by the wavelet 
extrema at each scale j: 

c .[n] = _2_ L:{=l L:~=i+l L:~-L Wei(n + [,j)Wek(n + [,j) 
J I - 1 "I "L W ( [')2 L...-i=l L...-l=-L ei n + ,) 

(7.12) 

where 2L + 1 « N is the length of a small subwindow within the analysis 
frame, on the order of 3 to 5ms. With this window, any clustered extrema in 
areas of low coherence will be de-emphasized, while highly coherent extrema 
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Fig. 1.5. Clean Speech and Wavelet Extrema Reconstructions After 5 and 25 Iter­
ations. 

will be relatively unaffected. The coherence function as given above is limited 
to values between -1 and 1. A thresholding scheme is incorporated to main­
tain nonnegative scaling terms and to normalize the coherence values within 
the subwindow. The right-hand plot in Fig. 7.4 shows a typical coherence 
envelope used for weighting the clustered WVT extrema. 

Another advantage of working in the wavelet domain is the ability to 
approximately reconstruct a signal from the local extrema of its WVT co­
efficients at each scale [21]. To summarize this process, suppose the wavelet 
transform of a signal, J[n], with local extrema at n = nj,k in scale j is to 
be approximated by j[n]. By minimizing the norm of j[n] and imposing the 
constraint W!(nj ,k,j) = Wj(nj,k,j), it is possible to reconstruct j[n] via 
a conjugate gradient approach [21]. Figure 7.5 shows a clean voiced speech 
segment and its wavelet extrema reconstruction after 5 and 25 iterations of 
the conjugate gradient method. Note that this method tends to approximate 
a signal to within a very high frequency error term, which, for the speech 
signals we studied, was inaudible. 
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Fig. 7.6. LPC Residual of Clean Speech, After Beamforming, and After Wavelet 
Clustering Technique. 

After multiplying the clustered peaks for each wavelet scale by the ap­
propriate scale-dependent coherence envelope, the enhanced LPC residual is 
reconstructed using the wavelet extrema reconstruction algorithm just dis­
cussed. Listening tests show that the variations in amplitude produced by the 
extrema synthesis process across consecutive periods of voiced speech can pro­
duce audible distortions in the resulting speech signal. To lessen this effect, 
a quasi-pitch-synchronous smoothing approach is employed at the coarser 
wavelet scales to ensure that the peaks from consecutive voiced periods are 
slowly varying. This procedure involves averaging WVT extrema with their 
corresponding extrema in neighboring pitch periods and implicitly assumes a 
pitch estimate is available. In [22] a variety of multi-channel pitch estimators 
are evaluated in the environmental conditions considered here. Several are 
shown to be effective for reverberation levels of 0 to lOOOms. 

Figure 7.6 shows an example of the LPC residual for clean and reverberant 
speech frames followed by the residual signal resulting from the WVT extrema 
reconstruction algorithm. 

For each analysis frame, the reconstructed residual signal, ern], is applied 
to the estimated LPC filter to generate an enhanced speech signal. Figures 7.7 
and 7.8 offer the results for two different frames of speech. Figure 7.7 displays 
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Fig. 7.7. Comparison 1: Clean, Reverberant, Beamformed, and WVT Extrema 
Reconstructed Speech. 

a single analysis frame corresponding to a little over one period of a voiced 
speech segment. The four plots compare the reconstructed speech signal to 
the original speech utterance, a single reverberant channel, and a simple 
delay-and-sum beamforming of the I reverberant speech channels. It is ap­
parent that the primary effect of the multi path distortion is to inflate the 
signal energy between 987ms and 997ms. The beamformer is ineffective at 
attenuating these distortions. The proposed algorithm is capable of detecting 
the excitation energy due to the clean speech and produces a synthesized 
signal very similar to the original. Figure 7.8 demonstrates a voiced speech 
segment from early in a vowel segment. At this point, the speech is more af­
fected by additive noise than reverberations, and the enhancement procedure 
diminishes its presence. 

The final step in the enhancement procedure is to scale the reconstructed 
speech frames by a measure that is based on both the long-term coherence 
of the speech channels and the energy of the beamformed signal. This sec­
ond weighting procedure serves two purposes. First, it adjusts the energy of 
each frame to provide a relatively smoothly varying output. The short-term 
coherence window can vary substantially from frame to frame. The energy 
of the resulting speech will vary accordingly, potentially resulting in audible 
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Fig.7.B. Comparison 2: Clean, Reverberant, Beamformed, and WVT Extrema 
Reconstructed Speech. 

distortions. The long-term coherence window incorporates an energy statistic 
to address this issue. Second, it allows for the de-emphasis of lengthy signal 
portions which are due primarily to reverberation effects. This is especially 
useful at the end of voiced sounds. 

Simulations have been performed to evaluate the quality of the enhanced 
speech derived from this procedure. Again, a 4m x 4m x 3m rectangular 
enclosure assumed to have plane reflective surfaces and uniform, frequency­
independent reflection coefficients was employed. A total of eight microphones 
were used: one pair on 3 of the walls and another pair on the ceiling, as 
shown in Figure 7.9. The source was located near the wall containing no mi­
crophones. The microphones and sources were all assumed to have cardioid 
patterns. Room reverberation times, T, ranged from lOOms to Is. Uncorre­
lated Gaussian noise was added to each observed signal with SNR of 10dB. 

Figures 7.10 and 7.11 illustrate a series of three second speech segments 
which have been simulated in the reverberant enclosure described above. Each 
figure plots the original speech, the signal received at a single microphone, 
the product of delay-and-sum beamforming, and the result achieved using 
the proposed enhancement algorithm. Figure 7.10 shows the results derived 
for 400ms reverberant speech while Fig. 7.11 shows the case for 400ms re-
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Fig. 7.9. Room Setup - • Represents Microphones, 0 Represents the Speech Source, 

verberant speech plus additive noise. In this latter case, uncorrelated white 
Gaussian noise was added to each channel so that the SNR relative to the 
original non-reverberant utterance was lOdB. The superior performance of 
the proposed algorithm relative to delay-and-sum beamforming at removing 
both long and short term reverberation effects and additive noise is apparent. 
Listening tests confirm the efficacy of the procedure. The synthesized speech 
reduces the audible reverberation and noise effects which are clearly present 
in both the degraded and delay-and-sum beamformed speech. 

To quantify the improvements of the proposed algorithm, the average 
Bark Spectral Distortion (BSD)[23] was calculated over all frames of speech. 
The BSD is a speech quality assessment method which employs a series of per­
ceptually motivated transformations to the signal spectra prior to computing 
a spectral distance. The result is an objective distortion measure which cor­
relates well with perceptual quality ratings. Figure 7.12 shows the Bark spec­
tral distance results for reverberation times from lOOms to Is with additive 
white noise (SNR = 10dB). The proposed algorithm shows an improvement 
over delay-and-sum beamforming at all reverberation levels. These figures are 
consistent with informal listening tests. 

7.3 Conclusion 

This work has sought to show how the analysis and enhancement of speech 
acquired in multi-channel environments benefits through the exploitation of 
known features in the desired speech signal. Rather than focusing solely on the 
spatial filtering aspects of the problem, we have advocated strategies which 
incorporate an explicit speech model into the microphone array processing. 

Two specific samples of this philosophy were presented. The first was 
a frequency-domain procedure which employed the Dual Excitation Speech 
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Fig. 1.10. Comparison of Clean, Reverberant, Beamformed, and the Proposed Al­
gorithm (Reverberation-Only Case). 

Model to utilize the periodicity of voiced speech. In the context of spec­
tral analysis, we illustrated the improved performance obtained relative to 
Delay-and-Sum Beamforming in reverberant environments. We then outlined 
methods to address multi-source scenarios and for fusing this approach with 
traditional array processing techniques. While not presented here, we have 
applied this frequency-domain model to the problem of speech time-delay 
estimation in noisy and reverberant environments [24,25]. By emphasizing 
these spectral regions exhibiting a periodic structure, it is possible to achieve 
a time-delay estimator that outperforms standard methods based upon gen­
eralized cross-correlation. 

The second example focused on time-domain residual onset data to illus­
trate the effectiveness and practicality of model-based processing for micro­
phone array applications. The proposed wavelet-domain algorithm is capable 
of discriminating impulses of the excitation residual generated by the desired 
speech signal from those brought about by multi path echos and uncorrelated 
noise. The process achieves a significant attenuation of environmental rever-
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Fig. 7.11. Comparison of Clean, Reverberant, Beamformed, and the Proposed Al­
gorithm (Reverberation plus Noise Case). 

berations and additive noise without explicitly requiring estimation of the 
channel or noise characteristics. These principles may be extended to address 
the case of interfering sources and unknown source locations. Essentially, 
the impulse events may be associated with one or more source locations by 
evaluating their relative delays across the channels given knowledge of the 
microphone placements. Once this association is performed, the individual 
speech signals may be independently reconstructed through the synthesis 
procedure outlined above. This approach to speaker isolation represents a 
distinct contrast to the spatial filtering paradigm which relies on very spe­
cific knowledge and assumptions regarding talkers' locations and radiation 
patterns to generate appropriate channel weightings. The procedure outlined 
in this chapter, by virtue of its underlying speech model and exploitation of 
impulse data alone, has the potential to be much less sensitive to environ­
mental uncertainties (e.g. imperfect source localization, non-ideal radiator 
effects, and unknown channels). 
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Fig. 7.12. Bark Spectral Distortion Results 

There are a variety of speech models available for this application. This 
work has employed a pair of specific examples to illustrate the utility of 
the overall process. Similarly, the multi-channel methods based upon these 
models represent only two of the many possible analysis and enhancement 
schemes. Future work along these lines will investigate strategies to fuse 
proven methods in the single and multiple channel enhancement fields and 
to develop novel and effective algorithms. 
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Abstract. Talker localization with microphone arrays has received significant at­
tention lately as a means for the automated tracking of individuals in an enclo­
sure and as a necessary component of any general purpose speech capture system. 
Several algorithmic approaches are available for speech source localization with 
multi-channel data. This chapter summarizes the current field and comments on 
the general merits and shortcomings of each genre. A new localization method is 
then presented in detail. By utilizing key features of existing methods, this new 
algorithm is shown to be significantly more robust to acoustical conditions, par­
ticularly reverberation effects, than the traditional localization techniques in use 
today. 

8.1 Introduction 

The primary goal of a speech localization system is accuracy. In general, es­
timate precision is dependent upon a number of factors. Major issues include 
(1) the quantity and quality of microphones employed, (2) microphone place­
ment relative to each other and the speech sources to be analyzed, (3) the 
ambient noise and reverberation levels, and (4) the number of active sources 
and their spectral content. The performance of localization techniques gen­
erally improves with the number of microphones in the array, particularly 
when adverse acoustic effects are present. This has spawned the research 
and construction of large array systems (e.g. 512 elements) [1). However, 
when acoustic conditions are favorable and the microphones are positioned 
judiciously, source localization can be performed adequately using a modest 
number (e.g. 4 elements) of microphones. Performance is clearly affected by 
the array geometry. The optimal design of the array based on localization cri­
teria is typically dependent on the room layout, speaking scenarios, and the 
acoustic conditions [2). In practice, many of these design considerations are 
very dependent on the specific application conditions, the hardware avail­
able, and non-scientific cost criteria. In an effort to make its applicability 
as general as possible, this chapter will focus primarily on speech localiza­
tion effectiveness as a function of the acoustic degradations present, namely 
background noise and reverberations, rather than attempt to address more 
specific environmental scenarios. 

In addition to high accuracy, these location estimates must be updated 
frequently in order to be useful in practical tracking and beamforming appli-
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cations. Consider the problem of beamforming to a moving speech source. It 
has been shown that for sources in close proximity to the microphones, the 
array aiming location must be accurate to within a few centimeters to pre­
vent high-frequency rolloff in the received signal [3] and to allow for effective 
channel equalization [4]. A practical beamformer must therefore be capable of 
including a continuous and accurate location procedure within its algorithm. 
This requirement necessitates the use of a location estimator capable of fine 
resolution at a high update rate. Additionally, any such estimator would have 
to be computationally non-demanding and possess a short processing latency 
to make it practical for real-time systems. 

These factors place tight constraints on the microphone data require­
ments. While the computation time required by the algorithm largely de­
termines the latency of the locator, it is the data requirements that define 
theoretical limits. The work in [5], for example, focuses on reducing the size 
of the data segments necessary for accurate source localization in realistic 
room environments. 

The goal of this chapter is to detail the issues associated with the problem 
of speech source localization in reverberant and noisy rooms and to present 
an effective methodology for its solution. While the focus will be the single­
source scenario, the techniques described, in many cases, are applicable to 
situations where several individuals are conversing. The more general prob­
lem of simultaneous, multi-talker localization is addressed further in Chap­
ter 9. The following section contains a summary of the existing genres for 
speech source localization using microphone arrays and highlights their rel­
ative merits. It is followed in Section 8.3 by the development of a speech 
source localization algorithm designed specifically for reverberant enclosures 
which combines two of these general approaches. Section 8.4 then offers some 
experimental results and conclusions. 

8.2 Source Localization Strategies 

Existing source localization procedures may be loosely divided into three 
general categories: those based upon maximizing the steered response 
power (SRP) of a beamformer, techniques adopting high-resolution spec­
tral estimation concepts, and approaches employing time-difference of arrival 
(TDOA) information. These broad classifications are delineated by their ap­
plication environment and method of estimation. The first refers to any situ­
ation where the location estimate is derived directly from a filtered, weighted, 
and summed version of the signal data received at the sensors. The second 
will be used to term any localization scheme relying upon an application of 
the signal correlation matrix. The last category includes procedures which 
calculate source locations from a set of delay estimates measured across var­
ious combinations of microphones. 
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8.2.1 Steered-Beamformer-Based Locators 

The first categorization applies to passive arrays for which the system in­
put is an acoustic signal produced by the source. The optimal Maximum 
Likelihood (ML) location estimator in this situation amounts to a focused 
beamformer which steers the array to various locations and searches for a 
peak in output power. Termed focalization, derivations of the optimality of 
the procedure and variations thereof are presented in [6-8]. Theoretical and 
practical variance bounds obtained via focalization are detailed in [6,7,9] and 
the steered-beamformer approach has been extended to the case of multiple­
signal sources in [10]. 

The simplest type of steered response is obtained using the output of a 
delay-and-sum beamformer. This is what is most often referred to as a con­
ventional beamformer. Delay-and-sum beamformers apply time shifts to the 
array signals to compensate for the propagation delays in the arrival of the 
source signal at each microphone. These signals are time-aligned and summed 
together to form a single output signal. More sophisticated beamformers ap­
ply filters to the array signals as well as this time alignment. The derivation 
of the filters in these filter-and-sum beamformers is what distinguishes one 
method from another. 

Beamforming has been used extensively in speech-array applications for 
voice capture. However, due to the efficiency and satisfactory performance 
of other methods, it has rarely been applied to the talker localization prob­
lem. The physical realization of the ML estimator requires the solution of 
a nonlinear optimization problem. The use of standard iterative optimiza­
tion methods, such as steepest descent and Newton-Raphson, for this pro­
cess was addressed by [10]. A shortcoming of each of these approaches is 
that the objective function to be minimized does not have a strong global 
peak and frequently contains several local maxima. As a result, this genre 
of efficient search methods is often inaccurate and extremely sensitive to the 
initial search location. In [11] an optimization method appropriate for a multi­
modal objective function, Stochastic Region Contraction (SRC), was applied 
specifically to the talker localization problem. While improving the robust­
ness of the location estimate, the resulting search method involved an order 
of magnitude more evaluations of the objective function in comparison to 
the less robust search techniques. Overall, the computational requirements of 
the focalization-based ML estimator, namely the complexity of the objective 
function itself as well as the relative inefficiency of an appropriate optimiza­
tion procedure, prohibit its use in the majority of practical, real-time source 
locators. 

Furthermore, the steered response of a conventional beamformer is highly 
dependent on the spectral content of the source signal. Many optimal deriva­
tions are based on a priori knowledge of the spectral content of the back­
ground noise, as well as the source signal [7,8]. In the presence of significant 
reverberation, the noise and source signals are highly correlated, making ac-
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curate estimation of the noise infeasible. Furthermore, in nearly all array­
applications, little or nothing is known about the source signal. Hence, such 
optimal estimators are not very practical in realistic speech-array environ­
ments. 

The practical shortcomings of applying correlation-based localization es­
timation techniques without a great deal of intelligent pruning is typified by 
the system produced in [12]. In this work a sub-optimal version of the ML 
steered-beamformer estimator was adapted for the talker-location problem. 
A source localization algorithm based on multi-rate interpolation of the sum 
of cross-correlations of many microphone pairs was implemented in conjunc­
tion with a real-time beamformer. However, because of the computational 
requirements of the procedure, it was not possible to obtain the accuracy 
and update rate required for effective beamforming in real-time given the 
hardware available. 

8.2.2 High-Resolution Spectral-Estimation-Based Locators 

This second categorization of location estimation techniques includes the 
modern beamforming methods adapted from the field of high-resolution spec­
tral analysis: autoregressive (AR) modeling, minimum variance (MV) spec­
tral estimation, and the variety of eigenanalysis-based techniques (of which 
the popular MUSIC algorithm is an example). Detailed summaries of these 
approaches may be found in [13,14]. While these approaches have success­
fully found their way into a variety of array processing applications, they all 
possess certain restrictions that have been found to limit their effectiveness 
with the speech-source localization problem addressed here. 

Each of these high-resolution processes is based upon the spatiospectral 
correlation matrix derived from the signals received at the sensors. When ex­
act knowledge of this matrix is unknown (which is most always the case), it 
must be estimated from the observed data. This is done via ensemble averag­
ing of the signals over an interval in which the sources and noise are assumed 
to be statistically stationary and their estimation parameters (location in this 
case) are assumed to be fixed. For speech sources, fulfilling these conditions 
while allowing sufficient averaging can be very problematic in practice. 

With regard to the localization problem at hand, these methods were 
developed in the context of far-field plane waves projecting onto a linear array. 
While the MV and MUSIC algorithms have been shown to be extendible to 
the case of general array geometries and near-field sources [15], the AR model 
and certain eigenanalysis approaches are limited to the far-field, uniform 
linear array situation. 

With regard to the issue of computational expense, a search of the lo­
cation space is required in each of these scenarios. While the computational 
complexity at each iteration is not as demanding as the case of the steered­
beamformer, the objective space typically consists of sharp peaks. This prop­
erty precludes the use of iteratively efficient optimization methods. The sit-
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uation is compounded if a more complex source model is adopted (incorpo­
rating source orientation or head radiator effects, for instance) in an effort to 
improve algorithm performance. Additionally, it should be noted that these 
high-resolution methods are all designed for narrowband signals. They can 
be extended to wideband signals, including speech, either through simple 
serial application of the narrowband methods or more sophisticated general­
izations of these approaches, such as [16-18). Either of these routes extends 
the computational requirements considerably. 

These algorithms tend to be significantly less robust to source and sen­
sor modeling errors than conventional beamforming methods [19,20). The 
incorporated models typically assume ideal source radiators, uniform sensor 
channel characteristics, and exact knowledge of the sensor positions. Such 
conditions are impossible to obtain in real-world environments. While the sen­
sitivity of these high-resolution methods to the modeling assumptions may be 
reduced, it is at the cost of performance. Additionally, signal coherence, such 
as that created by the reverberation conditions of primary concern here, is 
detrimental to algorithmic performance, particularly that of the eigenanalysis 
approaches. This situation may be improved via signal processing resources, 
but again at the cost of decreased resolution[21). Primarily for these reasons, 
localization methods based upon these high-resolution strategies will not con­
sidered further in this work. However, this should not exclude their judicious 
use in other speech localization contexts, particularly multi-source scenarios. 

8.2.3 TDOA-Based Locators 

With this third localization strategy, a two-step procedure is adopted. Time 
delay estimation (TDE) of the speech signals relative to pairs of spatially 
separated microphones is performed. This data along with knowledge of the 
microphone positions are then used to generate hyperbolic curves which are 
then intersected in some optimal sense to arrive at a source location estimate. 
A number of variations on this principle have been developed, [22-28) are 
examples. They differ considerably in the method of derivation, the extent 
of their applicability (2-D vs. 3-D, near source vs. distant source, etc.), and 
their means of solution. Primarily because of their computational practicality 
and reasonable performance under amicable conditions, the bulk of passive 
talker localization systems in use today are TDOA-based. 

Accurate and robust TDE is the key to the effectiveness of localizers 
within this genre. The two major sources of signal degradation which com­
plicate this estimation problem are background noise and channel multi-path 
due to room reverberations. The noise-alone case has been addressed at length 
and is well understood. Assuming uncorrelated, stationary Gaussian signal 
and noise sources with known statistics and no multi-path, the ML time-delay 
estimate is derived from a SNR-weighted version of the Generalized Cross­
Correlation (GCC) function [29). An ML-type weighting appropriate for non­
stationary speech sources was presented in [30) and applied successfully to 
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speech source localization in low-multipath environments [31]. However, once 
room reverberations rise above minimal levels, these methods begin to ex­
hibit dramatic performance degradations and become unreliable [32,33]. A 
basic approach to dealing with multi-path channel distortions in this con­
text has been to make the GCC function more robust by deemphasizing the 
frequency-dependent weightings. The Phase Transform (PHAT) [29] is one 
extreme of this procedure which has received considerable attention recently 
as the basis of speech source localization systems [34-36]. By placing equal 
emphasis on each component of the cross-spectrum phase, the resulting peak 
in the GCC-PHAT function corresponds to the dominant delay in the rever­
berated signal. While effective at reducing some of the degradations due to 
multi-path, the Phase Transform accentuates components of the spectrum 
with poor SNR and has the potential to provide poor results, particularly 
under low reverberation, high noise conditions. 

Other approaches for TDE of talkers in adverse environments are avail­
able. A procedure which utilizes a speech specific criterion in the design of 
the GCC weighting function is presented in [37]. Cepstral prefiltering [38] has 
been used to deconvolve the effects of reverberation prior to applying GCC. 
However, deconvolution requires long data segments since the duration of 
a typical small-room impulse response is 200-400 ms. It is also very sensi­
tive to the high variability and non-stationarity of speech signals. In fact, 
the experiments performed in [38] avoided the use of speech as input alto­
gether. Instead, colored Gaussian noise was used as the source signal. While 
identification of room impulse responses is extremely problematic when the 
source signal is unknown, the method proposed in [24], which is based on 
eigenvalue decomposition, efficiently detects the direct paths of the two im­
pulse responses. This method is effective with speech as input, but requires 
250 ms of microphone data to converge. A short-time TDE method, which 
is more complex than GCC, is presented in [33]. It involves the minimiza­
tion of a weighted least-squares function of the phase data. It was shown 
to outperform both GCC-ML and GCC-PHAT in reverberant conditions. 
However, this improvement comes at the cost of a complicated searching al­
gorithm. The marginal improvement over GCC-PHAT may not justify this 
added cost in computational complexity. Reverberation effects can also be 
overcome to some degree by classifying TDE's acquired over time and as­
sociating them with the direction of arrival (DOA) of the sound waves [39]. 
This approach, however, is not suitable for short-time TDE. Under extreme 
acoustic conditions, a large percentage of the TDE's are anomalous, and it 
takes a considerable period (1-2 s in [39]) to acquire enough estimates for a 
statistically meaningful classification. 

Among the methods summarized above, those that rely on long data seg­
ments generally outperform those that do not. This result may be attributed 
to the ensemble averaging performed under these conditions to improve the 
quality of the underlying signal statistics. However, the dynamic environ-
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ments of many speech array applications require high update rates, which 
limit the duration of the data segments used for analysis. For example, the 
automatic camera steering video-conferencing system detailed in [34] utilizes 
a TDOA-based method with GCC-PHAT TDE applied at update rates of 
200-300 ms. With such long data segments, reliable estimates are produced, 
even in moderately adverse acoustic conditions. However, applications such 
as adaptive beamforming and the tracking of multiple talkers using a TDOA­
based localizer require an appreciably higher estimate rate; source positions 
must be acquired from independent data segments as short as 20-30 ms. Over 
such limited durations, the lack of ensemble averaging has a severe impact 
on the performance of the TDE. 

Given a set of TDOA figures with known error statistics, the second step 
of obtaining the ML location estimate necessitates solving a set of nonlinear 
equations. The calculation of this result is considerably less computationally 
expensive than that required for estimators belonging to the two previously 
discussed genres. There is an extensive class of sub-optimal, closed-form loca­
tion estimators. designed to approximate the exact solution to the nonlinear 
problem. These techniques are computationally undemanding and, in many 
cases, suffer little detriment in performance relative to their more compute­
intensive counterparts. [22,25-28,40,41] are typical of these methods. Re­
gardless of the solution method employed, this third class of location esti­
mation techniques possesses a significant computational advantage over the 
steered-beamformer or high-resolution spectral-estimation based approaches. 

TDOA-based locators do present several disadvantages when used as the 
basis of a general localization scheme. Their primary limitation is the inability 
to accommodate multi-source scenarios. These algorithms assume a single­
source model. While TDOA-based methods with short analysis intervals may 
be used to track several individuals in a conversational situation [31,42], 
the presence of multiple simultaneous talkers, excessive ambient noise, or 
moderate to high reverberation levels in the acoustic field typically results 
in poor TDOA figures and subsequently, unreliable location fixes. A TDOA­
based locator operating in such an environment would require a means for 
evaluating the validity and accuracy of the delay and location estimates. 
These shortcomings may be overcome to some degree through judicious use 
of appropriate detection methods at each stage in the process [31]. 

While practical, the application of TDOA-based localization procedures 
is of limited utility in realistic, acoustic environments. Steered-Beamformer 
strategies are computationally more intensive, but tend to possess a robust­
ness advantage and require a shorter analysis interval. The two-stage pro­
cess requiring time-delay estimation prior to the actual location evaluation is 
suboptimal. The intermediate signal parameterization accomplished by the 
TDOA estimation procedure represents a significant data reduction at the 
expense of a decrease in theoretical localization performance. However, in 
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real situations the performance advantage inherent in the optimal steered­
beamformer estimator is lessened because of incomplete knowledge of the 
signal and noise spectral content as well as unrealistic stationarity assump­
tions. 

With these relative advantages and shortcomings in mind, a new local­
ization method, which combines the best features of the steered-beamformer 
with those of the Phase Transform weighting of the GCC, was introduced 
in [5]. The goal was to exploit the inherent robustness and short-time anal­
ysis characteristics of the steered response power approach with the insen­
sitivity to signal conditions afforded by the Phase Transform. This new al­
gorithm, termed SRP-PHAT, will be detailed in the following section and 
will be shown to produce highly reliable location estimates in rooms with 
reverberation times up to 200 ms, using independent 25 ms data segments. 

8.3 A Robust Localization Algorithm 

Before describing the SRP-PHAT algorithm, it will be necessary to develop 
further a number of topics addressed in the prior section. Specifically, the 
following subsections will provide details of the impulse response model, the 
GCC and its PHAT implementation, ML TDOA-based localization, and the 
computation of the SRP. These items will then be tied together in the final 
subsection to motivate and define the SRP-PHAT algorithm. 

8.3.1 The Impulse Response Model 

It will be assumed that sound waves propagate as predicted by the linear 
wave equation [43]. With this assumption, the acoustic paths between sound 
sources and microphones can be modeled as linear systems [44]. This is clearly 
advantageous to the analysis and modeling of the signals produced by the mi­
crophones of an array. Such linear models are valid under the realistic condi­
tions encountered in small-room speech-array environments and are regularly 
exploited by array-processing techniques [13]. 

In the presence of sound-reflecting surfaces, the sound waves produced 
by a single source propagate along multiple acoustic paths. This gives rise 
to the familiar effects of reverberation; sounds reflect off objects and pro­
duce echoes. The walls of most rooms are reflective enough to create sig­
nificant reverberation. While it is not always noticeable to the occupants, 
even mild reverberation can severely impact the performance of speech-array 
systems. Hence, multi-path propagation must be incorporated into the signal­
processing model. 

The wave field at a particular location inside a reverberant room may be 
considered to be linearly related to the source signal, s(t). Let the 3-element 
vectors, Pn and qs, define the Cartesian coordinates of the nth microphone 
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and the source, respectively. The received signal at the nth microphone may 
now be expressed as 

(8.1) 

The overall impulse response, hn(qs, t), is the result of cascading two fil­
ters: the room impulse response and the microphone channel response. The 
former characterizes all acoustic paths between the source and microphone 
locations, including the direct path. It is a function of Pn as well as the 
source location, qs, and is highly dependent on these parameters. In general, 
the room impulse response is affected by environmental conditions, such as 
temperature and humidity. It also varies with the movement of furniture and 
individuals inside the room. While such variations are significant, it is reason­
able to assume that these factors remain constant over short periods. Hence, 
a room impulse response may be considered time-invariant for short periods 
when the source and microphone are spatially fixed. The microphone chan­
nel response accounts for the electrical, mechanical and acoustical properties 
of the microphone system. In general, the microphone's directivity pattern 
makes its response a function of its orientation as well as its spatial place­
ment relative to the source. The additive term, vn(t), is the result of channel 
noise in the microphone system and any propagating ambient noise such as 
that due to fans or other mechanical equipment. The propagating noise is 
usually more significant than the channel noise and tends to dominate this 
term. Generally, vn(t) is assumed to be uncorrelated with s(t). 

Figure 8.1 illustrates a close-up view of the response that was measured in 
a typical conference room. The direct-path component and some ofthe strong 
reflected components are highlighted in this plot. The peaks corresponding 
to the reflected sound waves are comparable in size to the direct-path peak. 
These peaks, which occur within 20 ms of the direct-path, are responsible for 
many of the erroneous results produced by short-time TDE's, which operate 
on data blocks as small as 25 ms. The large secondary peaks in the room 
response are highly correlated with the false peaks in the Gee function [5]. 

The purpose of TDE is to evaluate the temporal disparity between the 
direct-path components in the two received microphone signals. To this end, 
it will be useful to rewrite the impulse response specifically in terms of its 
direct-path component. Equation 8.1 is modified to: 

(8.2) 

where rn is the source-microphone separation distance, Tn is the direct path 
time delay, and gn(q., t) is the modified impulse response which encompasses 
the original response minus the direct path component. The microphone sig­
nal model is now expressed explicitly in terms of the parameter of interest, 
namely the time delay, Tn. 
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Fig. 8.1. A close-up of a IO-millisecond segment of a room impulse response mea­
sured in a typical conference room. The direct-path component and some strong 
reflected components are highlighted. 

8.3.2 The Gee and PHAT Weighting Function 

For a pair of microphones, n = 1,2, their associated TDOA, 712, is defined 
as 

(8.3) 

Applying this definition to their associated received microphone signal 
models yields 

1 
Xl (t) = -s(t - 7d * 91 (qs, t) + V1 (t) 

T1 

1 
X2(t) = -s(t - 71 - 712) * 92(qs, t) + V2(t). (8.4) 

T2 

If the modified impulse responses for the microphone pair are similar, 
then (8.4) shows that a scaled version of s(t - 7d is present in the signal 
from microphone 1 and a time-shifted (and scaled) version of s(t - 71) is 
present in the signal from microphone 2. The cross-correlation of the two 
signals should show a peak at the time lag where the shifted versions of s(t) 
align, corresponding to the TDOA, 712. The cross correlation of signals and 
is defined as: 

(8.5) 
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The GCC function, R12 (T), is defined as the cross correlation of two fil­
tered versions of X1(t) and X2(t) [29]. With the Fourier transforms of these 
filters denoted by G1(w) and G2(w), respectively, the GCC function can be 
expressed in terms of the Fourier transforms of the microphone signals 

(8.6) 

Rearranging the order of the signals and filters and defining the frequency 
dependent weighting function, tJr12 == G1 (w)G2(w)*, the GCC function can 
be expressed as 

(8.7) 

Ideally, R12 (T) will exhibit an explicit global maximum at the lag value 
which corresponds to the relative delay. The TDOA estimate is calculated 
from 

f12 = argmax R12(T). (8.8) 
TED 

The range of potential TDOA values is restricted to a finite interval, D, which 
is determined by the physical separation between the microphones. In general, 
R12 (T) will have multiple local maxima which may obscure the true TDOA 
peak and subsequently, produce an incorrect estimate. The amplitudes and 
corresponding time lags of these erroneous maxima depend on a number of 
factors, typically ambient noise levels and reverberation conditions. 

The goal of the weighting function, tJr12 , is to emphasize the GCC value 
at the true TDOA value over the undesired local extrema. A number of such 
functions have been investigated. As previously stated, for realsitic acoustical 
conditions the PHAT weighting [29] defined by 

1 
tJr12 (W) == IX1(W)X;(w)1 (8.9) 

has been found to perform considerably better than its counterparts designed 
to be statistically optimal under specific non-reverberant, noise conditions. 
The PHAT weighting whitens the microphone signals to equally emphasize 
all frequencies. The utility of this strategy and its extension to steered­
beamforming form the basis of the SRP-PHAT algorithm that follows. 

8.3.3 ML TDOA-Based Source Localization 

Consider the ith pair of microphones with spatial coordinates denoted by the 
3-element vectors, Pi1 and Pi2, respectively. For a signal source with known 
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spatial location, qs, the true TDOA relative to the ith sensor pair will be 
denoted by T ( {pil, Pi2}, q s), and is calculated from the expression 

T ({ }) - '-.::1 q",--s _--=-P:.:::..i2 ,---I ----'Ic=-q s=------'P::....:i-"-'.l 1 
Pil ,Pi2 ,q s --

c 
(8.10) 

where c is the speed of sound in air. The estimate of this true TDOA, the 
result of a TDE procedure involving the signals received at the two micro­
phones, will be given by Ti. In practice, the TDOA estimate is a corrupted 
version of the true TDOA and in general, Ti =f. T( {Pil, Pi2}, qs). 

For a single microphone pair and its TDOA estimate, the locus of potential 
source locations in 3-space which satisfy (8.10) corresponds to one-half of a 
hyperboloid of two sheets. This hyperboloid is centered about the midpoint 
of the microphones and has Pi2 - Pil as its axis of symmetry. 

For sources with a large source-range to microphone-separation ratio, the 
hyperboloid may be well-approximated by a cone with a constant direction 
angle relative to the axis of symmetry. The corresponding estimated direction 
angle, Oi' for the microphone pair is given by: 

(8.11) 

In this manner each microphone pair and TDOA estimate combination may 
be associated with a single parameter which specifies the angle of the cone 
relative to the sensor pair axis. For a given source and TDOA estimate, (Ji is 
referred to as the DOA relative to the ith pair of microphones. 

Given a set of M TDOA estimates derived from the signals received at 
multiple pairs of microphones, the problem remains as how to best estimate 
the true source location, q 8. Ideally, the estimate will be an element of the 
intersection of all the potential source loci. In practice, however, for more 
than two pairs of sensors this intersection is, in general, the empty set. This 
disparity is due in part to imprecision in the knowledge of system parame­
ters (TDOA estimate and sensor location measurement errors) and in part to 
unrealistic modeling assumptions (point source radiator, ideal medium, ideal 
sensor characteristics, etc.). With no ideal solution available, the source loca­
tion must be estimated as the point in space which best fits the sensor-TDOA 
data or more specifically, minimizes an error criterion that is a function of the 
given data and a hypothesized source location. If the time-delay estimates at 
each microphone pair are assumed to be independently corrupted by zero­
mean additive white Gaussian noise of equal variance then the ML location 
estimate can be shown to be the position which minimizes the least squares 
error criterion 

M 

E(q) = ~)Ti - T({Pil,Pi2},q))2. (8.12) 
i=l 
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The location estimate is then found from 

qs = argmin E(q). 
q 

(8.13) 

The criterion in (8.12) will be referred to as the LS-TDOA error. As stated 
earlier, the evaluation of qs in this manner involves the optimization of a 
non-linear function and necessitates the use of search methods. Closed-form 
approximations to this method were given earlier. 

8.3.4 SRP-Based Source Localization 

The microphone signal model in (8.2) shows that for an array of N mi­
crophones in the reception region of a source, a delayed, filtered, and noise 
corrupted version of the source signal, s(t), is present in each of the received 
microphone signals. The delay-and-sum beamformer time aligns and sums to­
gether the Xn(t), in an effort to preserve unmodified the signal from a given 
spatial location while attenuating to some degree the noise and convolutional 
components. It is defined as simply as 

N 

y(t, qs) = L xn(t + Lln) (8.14) 
n=l 

where Lln are the steering delays appropriate for focusing the array to the 
source spatial location, q., and compensating for the direct path propagation 
delay associated with the desired signal at each microphone. In practice, the 
delays relative to a reference microphone are used instead of the absolute 
delays. This makes all shifting operations causal, which is a requirement of 
any practical system, and implies that y(t, qs) will contain an overall delayed 
version of the desired signal which in practice is not detrimental. The use 
of a single reference microphone means that the steering delays may be de­
termined directly from the TDOA's (estimated or theoretical) between each 
microphone and the reference. This implies that knowledge of the TDOA's 
alone is sufficient for steering the beamformer without an explicit source lo­
cation. 

In the most ideal case with no additive noise and channel effects, the 
output of the deal-and-sum beamformer represents a scaled and potentially 
delayed version of the desired signal. For the limited case of additive, unCOr­
related, and uniform variance noise and equal source-microphone distances 
this simple beamformer is optimal. These are certainly very restrictive condi­
tions. In practice, convolutional channel effects are nontrivial and the additive 
noise is more complicated. The degree to which these noise and reverberation 
components of the microphone signals are suppressed by the delay-and-sum 
beamformer is frequently minimal and difficult to analyze. Other methods 
have been developed to extend the delay-and-sum concept to the mOre general 
filter-and-sum approach, which applies adaptive filtering to the microphone 
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signals before they are time-aligned and summed. Again, these methods tend 
to not be robust to non-theoretical conditions, particularly with regard to 
the channel effects. 

The output of an N-element, filter-and-sum beamformer can be defined 
in the frequency domain as 

N 

Y(w,q) = L Gn(w)Xn(w)ejwLln (8.15) 
n=l 

where Xn(w) and Gn(w) are the Fourier Transforms of the nth microphone 
signal and its associated filter, respectively. The microphone signals are phase­
aligned by the steering delays appropriate for the source location, q. This is 
equivalent to the time-domain beamformer version. The addition of micro­
phone and frequency-dependent filtering allows for some means to compen­
sate for the environmental and channel effects. Choosing the appropriate 
filters depends on a number of factors, including the nature of the source 
signal and the type of noise and reverberations present. As will be seen, the 
strategy used by the PHAT of weighing each frequency component equally 
will prove advantageous for practical situations where the ideal filters are 
unobtainable. 

The beamformer may be used as a means for source localization by steer­
ing the array to specific spatial points of interest in some fashion and evalu­
ating the output signal, typically its power. When the focus corresponds to 
the location of the sound source, the SRP should reach a global maximum. In 
practice, peaks are produced at a number of incorrect locations as well. These 
may be due to strong reflective sources or merely a byproduct of the array 
geometry and signal conditions. In some cases, these extraneous maxima in 
the SRP space may obscure the true location and in any case, complicate the 
search for the global peak. The SRP for a potential source location can be 
expressed as the output power of a filter-and-sum beamformer by 

1+00 

P(q) = -00 lY(wWdw (8.16) 

and location estimate is found from 

qs = argmax P(q). (8.17) 
q 

8.3.5 The SRP-PHAT Algorithm 

Given this background, the SRP-PHAT algorithm may now be defined. With 
respect to GCC-based TDE, the PHAT weighting has been found to provide 
an enhanced robustness in low to moderate reverberation conditions. While 
improving the quality of the underlying delay estimates, it is still not sufficient 
to render TDOA-based localization effective under more adverse conditions. 
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The delay-and-sum SRP approach requires shorter analysis intervals and ex­
hibits an elevated insensitivity to environmental conditions, though again, 
not to a degree that allows for their use under excessive multi-path. The 
filter-and-sum version of the SRP adds flexibility but the design of the filters 
is typically geared towards optimizing SNR in noise-only conditions and is 
excessively dependent on knowledge of the signal and channel content. Orig­
inally introduced in [5), the goal of the SRP-PHAT algorithm is to combine 
the advantages of the steered beamformer for source localization with the 
signal and condition independent robustness offered by the PHAT weighting. 

The SRP of the filter-and-sum beamformer can be expressed as 

(8.18) 

where Wlk(W) = G1(w)Gi.(w) is analogous to the two-channel Gee weighting 
term in (8.7). The corresponding multi-channel version of the PHAT weight­
ing is given by 

(8.19) 

which in the context of the filter-and-sum beamformer (8.15) is equivalent to 
the use of the individual channel filters 

1 
Gn(w) = IXn(w)1 (8.20) 

These are the desired SRP-PHAT filters. They may be implemented from 
the frequency-domain expression above. Alternatively, it may be shown that 
(8.18) is equivalent to the sum of the Gee's of all possible N-choose-2 micro­
phone pairings. This means that the SRP of a 2-element array is equivalent 
to the Gee of those two microphones. Hence, as the number of microphones 
is increased, SRP naturally extends the Gee method from a pairwise to a 
multi-microphone technique. Denoting Rlk(T) as the PHAT-weighted Gee 
of the [th and kth microphone signals, a time-domain version of SRP-PHAT 
functional can now be expressed as 

N N 

P(q) = 27f 2: 2: Rlk(L1k - L1t}. (8.21) 
1=1 k=l 

This is the sum of all possible pairwise Gee permutations which are time­
shifted by the differences in the steering delays. Included in this summation 
is the sum of the N autocorrelations, which is the Gee evaluated at a lag of 
zero. These terms contribute only a De offset to the steered response power 
since they are independent of the steering delays. 

Given either method of computation, SRP-PHAT localization is per­
formed in a manner similar to the standard SRP-based approaches. Namely, 
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P(q) is maximized over a region of potential source locations. As will be 
shown in the next section, relative to the search space indicative of the stan­
dard SRP approach, the SRP-PHAT functional significantly deemphasizes 
extraneous peaks and dramatically sharpens the resolution of the true peak. 
These desirable features result in a decreased sensitivity to noise and rever­
berations and more precise location estimates than the existing localization 
methods offer. Additionally, this is achieved using a very short analysis in­
terval. 

8.4 Experimental Comparison 

While more extensive results are available in [5], an experiment is offered 
here to evaluate and compare the relative characteristics and performance 
of three different source locators: SRP, SRP-PHAT and ML-TDOA. Five 
second recordings were made for three source locations in a 7 by 4 by 3 m 
conference room at Brown University using a I5-element microphone array. 
Figure 8.2 illustrates the room layout. Pre-recorded speech, which was ac­
quired using a close-talking microphone, was played through a loudspeaker 
while simultaneously recording the signals from the array. The use of the 
loudspeaker was preferable to an actual talker since the loudspeaker could 
be precisely located and would be fixed over the duration of the recordings. 
The talkers were males uttering a unique string of alpha-digits. Source 1 was 
most distant from the array and was positioned at standing height in front 
of a white-board. The other two sources were positioned at a seated level 
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around a conference table, which was located approximately in the center of 
the room. 

The microphone array was composed of eight omni-directional electret 
condenser microphones, which were randomly distributed on a plane within 
a .33 by 0.36 m rectangle. The microphones were attached to a rectangular 
sheet of acoustic foam, which was supported by an aluminum frame. This 
frame was mounted on a tripod that was placed parallel to the back wall at a 
distance of 0.9 m. The acoustic foam damps some of the multi-path reflections 
from this wall and isolates the microphones from vibrations traveling along 
the mountings. 

The loudspeaker faced the array and the volume level was adjusted at each 
location to maximize SNR conditions. SNR levels at each microphone aver­
aged about 25 dB for the three source locations. Source 3, with its location 
the closest to the microphone array, had SNRs as high as 36 dB. With such 
high SNRs, all microphones signals in the conference room dataset have min­
imal contributions from the background noise, which was primarily produced 
by the fans inside the computer equipment. 

The measured reverberation time of the room was determined to be 
200 ms. This qualifies as a mildly reverberant room. However, the near-end 
peaks in the impulse responses (as in Figure 8.1) combined with a 200 ms 
reverberation time do, in fact, have a significant impact on localization. This 
will be demonstrated by the following performance comparisons. 

Given the size of the array aperture relative to the source ranges, all three 
talkers can be considered to lie in the far field of array. Under such conditions, 
range estimates are ambiguous, and only the azimuth and elevation angles 
can be estimated reliably. Accordingly, this experiment will focus on DOA 
measures as opposed to 3-D Cartesian coordinates. Results obtained with 
more extensive arrays and near-field sources are available in [5]. 

The recorded data was segmented into 25 ms frames using a half­
overlapping Hanning window. SNR-based speech detection was performed 
for each frame. All frames where any of the eight microphone channels had 
SNR within 12dB of the background noise were eliminated. Out of the 399 
frames per recording, 313, 340, and 297 were retained for sources 1,2, and 
3, respectively. The DOA's of the sources were estimated by minimization 
of the LS-TDOA error and maximization of SRP and SRP-PHAT evaluated 
over azimuth and elevation relative to the array's origin. The frequency range 
used to compute both the steered responses and the GCC's was 300 Hz to 
8 kHz. These functions were computed over a range of -600 to +600 for both 
azimuth and elevation with a 0.10 resolution. 

By taking all possible combinations, 28 microphone pairs were formed us­
ing the 8-element array. Hence, for each data frame, 28 TDOA estimates were 
made for each of the three speech recordings using GCC-PHAT. Figure 8.3 
illustrates the LS-TDOA error as a function of azimuth and elevation for a 
segment of nine successive frames recorded for source 1. The white point in 
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Fig. 8.3. Speech segment (top) with nine frames of the LS-TDOA error surfaces. 

each contour plot marks the true DOA. The dark area in the center of the 
images represents the minima of the LS-TDOA error. At the top of this fig­
ure is a plot of the amplitude of the corresponding speech segment, which 
is the letter "R", spoken as in "Are we there yet?" Superimposed on this 
speech signal is a curve representing the average power of the signals from 
the array, with the scale of its vertical axis labeled on the right side of the 
graph. Each point along this power curve corresponds to the average frame 
SNR. The three frames at the beginning and end of this speech segment 
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Fig. 8.4. Delay-and-sum beamformer SRP over nine, 25 ms frames. 

lacked sufficient SNR to included in the analysis. These plots show that the 
LS-TDOA error is generally a smooth surface with a global minimum over 
the angular range of ±60°. However, from frame to frame the minima vary 
from the true source location. This inaccuracy is caused by erroneous TDOA 
estimates. Note also that because of the smooth nature of the error space, 
the resolution of the DOA estimates is considerably limited. 

Figures 8.4 and 8.5 illustrate the error spaces of the SRP and SRP-PHAT 
as evaluated for the same nine 25 ms frames of speech. Relative to the prior 
figure the contour images are now inverted in darkness to emphasize the max­
ima. The plots of the delay-and-sum beamformer SRP in Figure 8.4 bear a 
noticeable similarity in general shape to their LS-TDOA counterparts. The 
maximum value in each SRP image, marked by an X, occurs at points dis­
tant from the actual DOA, indicated by a white dot . The main beam of the 
delay-and-sum beamformer is broad and fluctuates considerably over the du­
ration of the speech segment. As a result, many inaccurate location estimates 
are produced by this method. In contrast to the LS-TDOA and SRP cases, 
the peaks of SRP-PHAT plots in Figure 8.5 match the actual DOA almost 
exactly. The main beam of the PHAT beamformer is sharp and consistent 
over each frame. This produces contour images which appear quite different 
from the LS-TDOA and SRP versions. The PHAT filters, when applied to 
the filter-and-sum beamformer, yield an error space that is superior to that of 
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Fig. 8.5. SRP-PHAT response over nine, 25 ms frames . 

the delay-and-sum beamformer or the TDOA-based criterion. This qualita­
tive observation will now be corroborated through a numerical performance 
comparison. 

For the DOA estimates produced for each of the three source locations, 
an RMS DOA error was computed from 

(8.22) 

where 4> and () are the true azimuth and elevation angles and ¢ and iJ are their 
estimated counterparts. Figure 8.6 illustrates the results. These plots show 
the fraction of DOA estimates in each case which exceed a given RMS error 
threshold. Using this metric, the SRP-PHAT consistently outperforms the 
other two methods for each of the source locations. The ML-TDOA exhibits 
definite advantages over the SRP. While the SRP-PHAT's results are nearly 
identical for all the source locations, including the most distant source 1, the 
ML-TDOA locator is highly dependent on source location. For example, 60% 
percent of the estimates from source 1 had error greater than 10° while 50% 
percent from source 2 and 15% percent from source 3 had error greater 10°. 
In contrast , nearly all the estimates produced by SRP-PHAT had error less 
than 10°. About 90% of the estimates from sources 2 and 3, and 80% from 
source 1 had errors less than 4°. 
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Fig. 8.6. Localizer DOA error rates for three different sources. 

The results of this limited experiment illustrate the performance advan­
tages of the SRP-PHAT localizer relative to more traditional approaches for 
talker localzation with microphone arrays. Other experiments conducted un­
der more general and adverse conditions are consistent with the results here 
and serve to confirm the utility of combining steered-beamforming and a 
uniform-magnitude spectral weighting for this purpose. 

While the TDOA-based localization method performed satisfactorily for 
a talker relatively close to the array, it was severely impacted by even the 
mild reverberation levels encountered when the source was more distant. This 
result is due to the fact that signal-to-reverberation ratios decrease with in­
creasing source-to-microphone distance. As the reverberation component of 
the received signal increases relative to the direct path component, the valid­
ity of the single-source model inherent in the TDE development is no longer 
valid. As a result TDOA-based schemes rapidly exhibit poor performance 
as the talker moves away from the microphones. The SRP-PHAT algorithm 
is relatively insensitive to this effect. As the results here suggest the pro­
posed algorithm exhibits no marked performance degradation from the near 
to distant source conditions tested. 

The SRP-PHAT algorithm is computationally more demanding than the 
TDOA-based localization methods. However, its significantly superior perfor­
mance may easily warrant the additional processing expense. Additionally, 
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while not discussed here, it is possible to alter the algorithm to dramatically 
reduce its computational load while maintaining much of its benefit. 
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Abstract. Localization of multiple acoustic sources is an important task in many 
practical applications. However, in most cases adopted models are not fully ade­
quate to describe real scenarios. In particular, in the presence of reverberation, the 
signal model should explicitly take into account both signals radiated by multiple 
sources and reflections. In alternative to Generalized Cross-Correlation methods, 
array processing concepts can be effectively applied to multi-source localization in 
reverberant environments. In this chapter, main features and limitations of wide­
band array processing approaches are briefly reviewed. Furthermore, a new inte­
grated localization and classification system, based on a robust frequency-domain 
Time Delay Of Arrival (TDOA) estimation followed by a spatial clustering of raw lo­
cation estimates, is presented. The proposed method efficiently incorporates TDOA 
and array processing concepts in an unified approach. Results on simulated data 
are supplied. 

9.1 Introduction 

Many practical applications rely on microphone arrays to localize multiple 
acoustic sources. Direct examples include automated systems for surveillance, 
videoconferencing and hands-free speech acquisition [1]. Localization data is 
also used indirectly for a variety of other tasks: dereverberation of speech, 
fault prediction and analysis in machinery, cuing and tracking of television 
cameras, speaker verification, etc. 

Ideally, localization methods should exploit knowledge of the particular 
acoustical transfer functions associated with the sources and sensors. How­
ever, over reliance on these functions in the form of excessive calibration to a 
specific environment may result in limited system flexibility and poor adapta­
tion capabilities to different and varying acoustical conditions. This suggests 
that localization algorithms should be based on a compact and robust pa­
rameterization of the transfer functions. 

If reverberation is present, a general signal model should explicitly take 
into account both the signals radiated by multiple sources and their respective 
multi-path reflections. The effects of reflective surfaces in closed environments 
can be studied in a rigorous manner by solving the wave equations with proper 
boundary and initial conditions. This task is generally too expensive and can 
be very sensitive to numerical errors and changes in assumptions about the 
environment. A physically acceptable approximation may be derived from 
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the empirical observation that the major contributions of reflections are pro­
duced by large surfaces. This is equivalent to neglecting edge diffractions and 
diffusion effects and allows for the use of ray tracing methods. A popular 
example of this approach is Allen and Berkeley's Image Method [2] which 
introduces virtual sources to simulate multi-path reflections. 

Array processing concepts have been effectively applied to the multi­
source localization task in the presence of reverberation. Sensor arrays provide 
a spatial and temporal sampling of the wave-field and have the ability to re­
solve multiple point sources (e.g. defined by a finite set of spatial parameters) 
even when the radiated signals overlap in time and frequency [3]. Of course, 
simpler approaches may be adopted if source signals are not simultaneously 
active or if they can be isolated by filtering. These cases will not be considered 
in this work. 

From a statistical point of view, the array model is well-defined only in the 
context of narrowband signals, e.g. when the signal bandwidth is a small frac­
tion (less than about 1%) of the central frequency of the sensor pass-band [4]. 
In particular, methods based on the signal and noise subspaces have become 
very popular in narrowband array processing. These methods are essentially 
based on exploitation of the properties of the Cross-Sensor (spatial) Covari­
ance Matrix (CSCM) of array signal envelopes. The signal subspace idea was 
studied in depth in [5,6] and led to a family of well-known algorithms for nar­
rowband direction finding, namely MUSIC [4], ESPRIT [7], MIN-NORM [8] 
and WSF [9] that are statistically consistent within the standard array model. 

An alternative to signal subspace methods is the classical Maximum Like­
lihood (ML) method, which requires an exact statistical characterization of 
received signals [10]. Since the statistics of acoustic signals significantly de­
part from the standard i.i.d. Gaussian assumption [11], classical ML estima­
tors can hardly be claimed as optimal for this application. Furthermore, ML 
(and also WSF [12]) requires a cumbersome multi-dimensional search through 
the entire array manifold to provide reliable Direction of Arrival (DOA) es­
timates. Moreover, the effectiveness of the method is limited by the quality 
of the initial DOA estimates (within a fraction of the array beam-width from 
the true values) and the required knowledge of the correct number of sources. 

In contrast to ML-based methods, subspace algorithms have the intrinsic 
advantage of being widely distribution-independent, since they rely only on 
the array signal model and the availability of a consistent estimate of the 
CSCM itself. Furthermore, many subspace algorithms guarantee a fast global 
numerical convergence without the need for any prior information about the 
source locations [13]. 

The main limitations of subspace-based approaches are twofold. First, 
they are unable to deal with a quantity of uncorrelated arrivals which ex­
ceeds the number of available sensors. Such a condition is quite common in 
reverberant environments due to the fact that reflected signals are frequently 
difficult to distinguish from additional sources. Second, while the underlying 
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array equations have a strong dependence on the narrowband signal assump­
tion, the acoustic sources in question usually have a large bandwidth. Sub­
space and ML approaches have been extended to wideband signals. In these 
cases the array model is altered significantly within the sensor pass-band and 
the sources no longer possess a rank-one signature in the CSCM [14]. 

Several frequency-domain approaches to wideband source localization 
have been proposed. The incoherent approach splits the array pass-band into 
several frequency bins, applies a narrowband algorithm to each sub-band 
and clusters the resulting DOA estimates. This solution is not effective at 
exploiting the full time-bandwidth product and leads to a higher Signal-to­
Noise Ratio (SNR) threshold for the resolution of closely spaced sources [15]. 

The Coherent Signal Subspace Method (CSSM), proposed by Wang and 
Kaveh in [15] and further developed in [16-19], estimates spatial covariances 
at multiple frequency bins, aligns them by proper transformation matrices 
(called focusing) and generates a reduced statistic through averaging which 
(approximately) shares the same eigenstructure as the narrowband CSCM. 
However, even though CSSM-based methods do overcome some of the draw­
backs of subspace techniques, their use in acoustical applications is hampered 
by the limited precision of the focusing procedure when the array pass-band 
exceeds about half an octave. Moreover, CSSM cannot deal with the case of 
more sources than sensors. 

As an alternative to these frequency-domain approaches, time-domain 
processing is appealing since the differential arrival delays among sensors 
typically exceed the sampling period in a wideband environment and the 
number of relevant reflections is essentially limited by the frame length [20]. 
Most time-domain approaches to source localization involve the use of time­
difference of arrival (TDOA) estimates between pairs (or doublets) of co­
located microphones [20-23]. Traditionally, the resulting localization proce­
dure requires joint parameter optimization from signals collected simultane­
ously by many sensors [24]. 

TDOA estimation is usually performed by Generalized Cross-Correlation 
(GCC) methods [22]. GCC is appealing for its simplicity and ease of imple­
mentation. However, it assumes a single-source model which limits its utility 
to the multiple-source, reverberant environment problem considered here. It 
is desirable to identify all direct and reflected paths and to correctly asso­
ciate each with the appropriate source. The localization problem is frequently 
further complicated by the absence of a priori knowledge about the room ge­
ometry and the number of active sources. Moreover, individual signals may 
be received with sufficient power by only a subset of the sensor doublets. In 
such a case, the localization algorithm should be robust to missing TDOA's. 

In the following, after a short review of wideband array processing tech­
niques, an integrated localization and classification system will be introduced. 
The algorithm involves robust frequency-domain TDOA estimation followed 
by spatial clustering of raw location estimates [25]. The proposed method 
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efficiently incorporates TDOA and array processing concepts in an unified 
approach for the localization of multiple sources in reverberant environments. 

9.2 Background 

In this section the classical concepts of wideband array processing in the 
frequency domain are briefly summarized with particular reference to the 
CSSM and WSF approaches. 

9.2.1 Array Signal Model 

A common signal model in wideband array processing is based on the sub­
band decomposition of the received signals. Suppose that signals radiated 
by D point sources impinge on an N -element array. Each sensor signal is 
demodulated, digitized and decomposed by a filterbank (or a DFT) [26) into J 
complex sub-band components. The bandwidth of each filter is much smaller 
than its central frequency /i (i = 1,2, ... , J), so that each sub-band snapshot 
vector :Z:i[k) approximately satisfies the classical narrowband discrete-time 
equations for (k = 0,1, ... , K - 1) [4): 

:z:dk) = A(fi)Si[k) + vi[k) , 

A(/i) = [al(/i,9t} ... aD(fi,9D)] 

(9.1) 
(9.2) 

A(fi) is the N x D array transfer matrix at frequency Ii, si[k) is the 
vector of the complex source signal envelopes and vi[k) is the N x 1 vector 
of additive noise components at frequency Ii and time k. Each column of 
A(/i) is referred to as steering vector and represents the array response to an 
impinging wavefront. The generic steering vector, a(f, 9), is normalized and 
is a known, continuous and differentiable function of the frequency, I, and of 
the location parameters contained in vector 9 (azimuth, elevation, range, ... ). 
In order to guarantee the non-ambiguity of the model, A(fi) must have full 
rank for any set of D < N source locations [4). 

Noise and source waveforms are assumed to be realizations of independent, 
zero mean, complex, circular random processes, having at least finite second­
and fourth-order moments [6). The background noise is considered temporally 
white and isotropic so that its CSCM at any frequency is proportional to the 
identity matrix, I, through its a priori unknown variance, avo Colored noise 
with a known spatio-temporal covariance may be accommodated for through 
a pre-whitening procedure [4,6). 

IT the sub-band sampling period is sufficiently large and filter pass-bands 
do not overlap, snapshots :Z:i[k) may be considered independent with respect 
to both time and frequency indices. Under these standard hypotheses, the 
CSCM at frequency Ii, Rzz(fi), obeys to the following relationship: 

(9.3) 
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where E[.] indicates the expectation operator and (.)H is the Hermitian trans­
pose operator. The subspace spanned by the steering vectors contains the 
span of the eigenvectors corresponding to the 'f/i ~ D largest eigenvalues 
{/.Ll(/i) 2:: /.L2(fi) 2:: ... 2:: /.Lr/i(fi)} of the CSCM. These eigenvectors are 
collected in a N x 'f/i matrix Es(fi) and constitute a basis for the signal 
subspace [4] at frequency Ii. If the wavefronts are not completely coherent, 
the source covariance matrix, Rss(fi), has rank D and the range of A(fi) 
coincides with the signal subspace [4]. 

The orthogonal complement to the signal subspace is the noise subspace, 
Ev(/i), and is constructed from the N - 'f/i eigenvectors associated with the 
smallest eigenvalues of Rxx(fi). 

9.2.2 Incoherent Approach 

The incoherent approach may be considered as a direct derivation of nar­
rowband methods [14,15]. It consists of parallel DOA estimation performed 
independently on several narrow sub-bands. Estimates obtained in the single 
sub-bands are clustered in angle to obtain the number of sources (Le. the 
number of relevant clusters) and the final DOA (the centroid coordinates). 

The main limitations of this method are the high dispersion of DOA 
estimates and a threshold effect of the CSCM estimator at low SNR [27]. 
These factors necessitate the use of a high number of snapshots to get reliable 
location estimates. Such a long-term ensemble analysis may not be valid given 
the time-varying statistical properties of acoustic sources. 

The use of incoherent methods may be advantageous if processing speed 
is a strict requirement and signals have a high SNR in some frequency bins. 
This is the case of speech signals, where formant frequencies may be eas­
ily identified through a number of methods, e.g. Linear Prediction [14,28]. 
However, more effective wideband strategies seek to combine the information 
obtained by sub-band processing to generate a reduced statistic which ap­
proximates the narrowband CSCM model. Referred to as coherent methods, 
a few of the more popular approaches along these lines are briefly described 
below. 

9.2.3 Coherent Signal Subspace Method (CSSM) 

The CSSM [15] uses N x N transformation matrices T(fi) to map each steer­
ing vector a(fi, 0) to the corresponding steering vector b(fo, 0) of a reference 
array operating at the focusing frequency 10. Perfect focusing is obtained 
when: 

T(/i)A(/i) = [b(fO,Ol) ···b(fo,OD)] = B(fo). (9.4) 

The Universal Spatial Covariance Matrix (USCM), Rxx, is found from 
the average of the focused Rxx(/i) with preselected scalar positive weights 

Page 197 of 401



186 Di Claudio and Parisi 

J 

Rxx = L (liT (fi) Rxx {fi)TH (fi) ~ B(fo)RssBH (fo) + uvRvv . (9.5) 
i=l 

The Universal Signal Subspace, E s , and its orthogonal complement, E v , 

the Universal Noise Subspace are computed from the eigendecomposition of 
the matrix V-1Rxx{V-1)H, where V is the matrix square root [29] of the 
Universal Noise Spatial Covariance, R vv , found according to [19]: 

J 

Rvv = VVH = L (liT(fi)TH (fi) . (9.6) 
i=l 

The matrix Rxx must be estimated from K » N independent snapshots 
for each frequency, yielding the sample subspaces1 Es and Ev that may be 
used in any subspace-based algorithm for direction finding. For instance, the 
classical MUSIC estimate [4] becomes: 

(9.7) 

In room acoustics applications the CSSM suffers from several drawbacks. 
Reflections are seen as a large number of scarcely correlated sources. Since the 
number of resolvable sources is bounded by the number of available micro­
phones, the resulting USCM is characterized by a colored background noise 
which is present only when the sources are active. This fact induces a theo­
reticalloss of resolution and in practice, a strong bias in the DOA estimates 
as well as errors in the identification of the number of sources. 

9.2.4 Wideband Weighted Subspace Fitting (WB-WSF) 

The classical CSSM spatially transforms signals and noise. In contrast, the 
WB-WSF algorithm [12] uses only signal eigenvectors to get asymptotically 
efficient DOA estimates, OWB-WSF, under a Gaussian assumption for both 
signals and noise. 

The narrowband WSF method attempts to fit in a weighted Least Squares 
fashion a linear combination of calibrated steering vectors onto the signal sub­
space eigenvectors. Extension of the WSF criterion to the wideband case is 
straightforward. If the snapshots can be considered independent among differ­
ent frequency bins [17], the global and concentrated Gaussian Log-Likelihood 

1 Throughout this work, estimated quantities will be marked by the hat superscript 
( ~ ), to avoid ambiguities. 
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of the data is simply the sum of its narrowband components. The resulting 
WB-WSF estimator then assumes the following form: 

{ 
J } A 1 A A 2 

OWB-WSF = argmin J L IA(fi, O)Ci - Es(fi)W(fi) IF , 
9 i=l 

(9.8) 

where the subscript F stands for the Frobenius norm of a matrix. 
In the case of Gaussian-distributed signals and noise (and perfectly cali­

brated arrays) optimal weighting matrices W (1;) are diagonal with weights 
proportional to [9]: 

W(/.) - {tm(fi) - av 
, [m,m] - J (I·) {tm , av 

(9.9) 

The matrices Ci(D x 1]i) in functional (9.8) are linked to selected weight­
ing matrices through the equation Ci = At (fi, O)Es(fi)W(fi) [9]. Optimality 
is assured even if consistent estimates of the weights are used instead of their 
true values. 

From (9.8) it may be seen that the WB-WSF method requires the solu­
tion of an expensive multi-dimensional optimization problem in the location 
parameters space. Moreover, in most cases this is an ill-conditioned problem 
since the error surface is quite flat far from the true DOA's and character­
ized by many local minima [12]. This property limits the convergence rate of 
any optimization algorithm, making the WB-WSF unsuitable for real-time 
applications unless an accurate initialization is provided (e.g. tracking of a 
moving source previously localized by a different algorithm). 

Another issue with the WB-WSF approach (and similar covariance fit­
tings) is its very high sensitivity to the appropriateness of the propagation 
model. Errors in the steering vectors of high SNR components may be greatly 
amplified by weighting, inducing a loss of convergence or an increased variance 
of the DOA estimates [30]. This fact makes the use of WB-WSF extremely 
difficult in reverberant and time-varying environments. 

9.3 The Issue of Coherent Multipath in Array 
Processing 

From narrowband array processing it is well known that specular multipath 
creates several identification problems in subspace methods [4] since the rank 
of Rss(fi) is less than D. In such a situation the signal subspace is strictly 
contained in the span of A(fi) and most subspace algorithms do not guaran­
tee source identification. This problem is particularly serious with incoherent 
processing, as described in the following example. 

Example. Consider for simplicity a single source and a single reflection and 
suppose that the propagation difference between the direct and the reflected 
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paths is 3 m. The TDOA is about 10 ms. If a formant frequency of 300 Hz 
is considered, the sub-band filter should have a pass-band of about 4 Hz. 
This means that the sub-band Nyquist frequency allows for discrimination 
of coherent path delays down to about 250 ms using the eigen-analysis of the 
CSCM (9.3). Below this limit, the MUSIC algorithm may not resolve the two 
paths and a WSF-type approach is required [9]. However, the initialization 
will be very difficult [12] and the final estimate very sensitive to calibration 
errors. The CSSM would be capable of focusing an instantaneous bandwidth 
to about 150Hz (0.73 octaves), allowing for the discrimination of a TDOA 
around 6 ms. By contrast, a time-domain approach, such as GCC, allows 
for significantly improved resolution. With an 8 KHz sampling frequency, it 
would be possible to detect a TDOA less than about 250 ~s. 

This example suggests that time-domain are advantageous in room acous­
tics applications. However, in the presence of multiple sources and reflections, 
the problem arises of discriminating and correctly pairing the TDOA's. This 
task is quite complex if spatial information is not exploited. 

9.4 Implementation Issues 

Microphone arrays for surveillance or multi-media applications should be rel­
atively cheap and easy to deploy, but capable of functioning in real time. In 
particular, they should be largely insensitive to environmental changes and 
calibration should be as simple and automated as possible. These require­
ments tend to rule out approaches based on joint optimization procedures 
working with all signals at the same time. In fact, since the microphones 
may be deployed relatively distant from each other in an effort to achieve 
a sufficient spatial aperture, synchronization, calibration and simultaneous 
processing of all sensors may be very expensive and technically difficult. 
This requires high-speed links and enormous processing power which typi­
cally grows with the square of the array size in the case of aforementioned 
signal subspace and ML algorithms. 

In the following section, a possible approach to the robust localization of 
multiple simultaneous speakers in reverberant rooms is described. The pro­
posed method circumvents most of the drawbacks of existing array processing 
algorithms in terms of the number of sources identifiable, robustness to cali­
bration and estimation errors, and capability of discriminating among direct 
and reflected paths. Moreover, the algorithm may be computed in parallel on 
cheap, but powerful, DSP processing boards connected to selected pairs of 
microphones. This property reduces the physical length of the inter-processor 
communication paths and simplifies hardware manufacturing, system deploy­
ment, and software development. Only a limited number of parameters are 
collected at slow data rates by the main processing unit (e.g. a workstation), 
which fuses the partial information and furnishes the final interface to end­
users (humans or other sub-systems). 
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9.5 Linear Prediction-ROOT-MUSIC TDOA 
Estimation 

The proposed solution to the multi-source localization problem is based on a 
frequency-domain time delay estimation procedure which employs a disturbed 
harmonics model and involves a three-stage strategy. The first stage consists 
of time-varying data pre-whitening through the use of Linear Prediction [28]. 
In the second stage, the TDOA's for the direct paths and early (strongest) 
reflections are estimated by a closed-form parametric approach based on the 
ROOT-MUSIC algorithm [13]. ROOT-MUSIC is applied to a matrix built 
with samples of the Cross Power Spectrum (CPS) [22] of the pre-processed 
sensor signals. The Singular Value Decomposition (SVD) of this matrix yields 
information about the number of sources and main reflections, and their cor­
responding TDOA's. Each set of TDOA's is then converted into a set of points 
in 3D-space by classical geometrical methods. Finally, in the third stage the 
most likely positions of the speakers are found by means of a clustering in 
space performed among all the estimated locations. The centroids of the most 
dense clusters are selected as candidate sources, thus eliminating most of the 
false detections generated by outliers (virtual sources, localization ambigu­
ities, impulsive noise, etc.). In the following sections, these three steps are 
separately described. 

9.5.1 Signal Pre-Whitening 

Like most TDOA estimators in the presence of reverberation, the proposed 
algorithm separately processes signals received by pairs (or doublets) of mi­
crophones. The underlying hypothesis is that since the microphones in each 
doublet are physically close to each other, the two room impulse responses 
will be very similar. Under such circumstances it may be assumed that the 
two microphones receive time-shifted replicas of each source signal filtered by 
the same acoustic transfer function. 

Since the power spectrum of acoustic signals is typically characterized by 
a wide dynamic range across frequency bands, signal pre-whitening has been 
found to be an effective tool for improving the quality of speech enhancement 
schemes [31] and TDOA estimators in reverberant environments [22,20,23]. 
Figure 9.1 shows a schematic of the pre-whitening process [32] by Linear 
Prediction. The short-term prediction filter Af(z) acts on formant frequencies 
while the long-term predictor Ap(z) cancels spectral periodicities induced by 
the pitch and reflections. The presence of multiple sources (speakers and 
virtual sources) may require filter orders that are slightly higher than those 
normally used for speech coding applications. Moreover, multiple cascaded 
long-term predictors may be required. 

Linear Prediction removes the common spectral features present in dou­
blet signals (including the pitch) and minimizes spectral fluctuations induced 
by multi-path effects. These considerations may be extended to a larger class 
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Fig. 9.1. Schematic of the Linear Prediction processing. 
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Fig. 9.2. Cross-Power-Spectrum Phase TDOA estimate without pre-whitening. 

of acoustic sources besides speech, like air conditioners, computer fans, and 
rotating machinery in factories. It is important to remark that this proce­
dure is a linear process and does not alter either the general signal model 
or the local signal-to-noise ratio (SNR) in the frequency domain. The pre­
whitening produces an approximate concentration of the Likelihood function 
(under a simplifying Gaussian assumption) [20] and improves the Signal-to­
Reverberation ratio, thus reducing the number of TDOA's to be estimated. 
Figures 9.2 and 9.3 show the improvements obtained when pre-whitening is 
included in the standard Cross-Power Spectrum Phase (CPSP) TDOA esti­
mator [1]. 

Optimal processing would require separate filtering of each signal and 
compensation for the different phase responses before the CPSP estimation. 
This leads to increased computational cost and higher variance of the TDOA 
estimates for short data records [22]. Conversely, in the proposed approach 
short- and long-term predictors are computed on the basis of the average 
autocorrelation of doublet signals. Resulting filters are smoother in frequency 
and lead to a negligible loss in performance. 
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Fig. 9.3. Cross-Power-Spectrum Phase TDOA estimate with pre-whitening. 

Among Linear Prediction algorithms, those assuring a smooth and sta­
tistically stable estimate should be preferred. In particular, Levinson and 
Schur-type algorithms (such as Yule-Walker, Burg, Makhoul) compute the 
minimal set of parameters (reflection coefficients) of a Toeplitz correlation 
matrix, typical of stationary signals [33]. The Toeplitz constraint, coupled 
with a biased correlation estimate, avoids the presence of deep nulls in the 
prediction filters which may cancel the speech formants and ensures the sta­
bility of the AR model assumed by Linear Prediction [33]. 

9.5.2 An Approximate Model for Multiple Sources in 
Reverberant Environments 

The proposed solution is an effective alternative to existing Generalized 
Cross-Correlation methods. GCC is not able to cope with multiple sources 
that are simultaneously active. Array processing concepts may be effectively 
introduced for this task. The TDOA search may be recast as a disturbed har­
monics retrieval problem [34,35] from the CPS, P12(f), of a generic doublet. 

Indicating by er[k] and edk] the sampled signals acquired from the dou­
blet (after Linear Prediction whitening) and with [1 (f) and [2 (f) as their 
corresponding Fourier transforms, P12 (f) is defined by: 

P12 (f) = E [[1 (f)[; (f)] . (9.10) 

Under mild hypotheses, it may be shown that the following holds for 
P12 (f): 

(9.11) 

Page 203 of 401



192 Di Claudio and Parisi 

Source I 

Direci path 

Source 2 

hd t) 

h ,,(t) 

First rencel ion 
(StTOng) 

111 ~ Receiver 

~ (M ic) 

~t) / 

• h,,(t) 

Room 
border 

Fig. 9.4. Model of a reverberant room. 

where D is the number of sources, Sd(f) is the spectrum of the d-th whitened 
signal, Kd is the number of significant arrivals from a single source (direct 
path and reflections) , a(f) are slowly-varying transfer functions due to mis­
matches between the microphone impulse responses, and ,1dkl = (Tldk - T2dl) 

are the TDOA's to be estimated (i.e. the time differences of all possible 
combinations in pairs of direct paths and main reflections, as illustrated in 
Figure 9.4) . The model in (9.11) assumes that P12(f) is the sum of a few 
sinusoids modulated by slowly-varying envelopes and embedded in a nearly 
white noise [34]. 

It is important to note that in case of multiple sources the Linear 
Prediction-based whitening filter has a square frequency response which is 
roughly proportional to the reciprocal of the sum of the signal spectra. As 
a consequence, if the spectrum of the d-th source exhibits a peak at some 
frequency, the whitened spectrum Sd(f) will have a broader and lower peak 
while the other sources will experience a strong fading at the same frequency. 
The corresponding sinusoids in (9.11) will present localized envelope fluc­
tuations that can be regarded as noise. However, since the power spectra 
are positive, it can be verified that the CPS, P12 (f), of sampled signals has 
a first-order periodicity [35] at each TDOA that can be detected through 
autocorrelation analysis [36]. 

9.5.3 Robust TDOA Estimation via ROOT-MUSIC 

The cross power spectrum (9.11) is evaluated at discrete equi-spaced frequen­
cies, Ii , from consecutive frames of Linear Prediction residuals by means of 
an unwindowed FFT and time averaging. Many algorithms for the estimation 
of the delays ,1dkl are available in literature. Among the possible solutions, 
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techniques based on eigenanalysis are preferred for the detection of disturbed 
and ensemble harmonics [36] like those present in (9.11). In particular, an ad 
hoc version of the ROOT-MUSIC algorithm [13] known to be very robust to 
envelope fluctuations has been developed. 

Specifically, ROOT-MUSIC is applied to the covariance of a Hankel data 
matrix, formed by the estimates of P12 (1i) at each doublet [34]. Let: 

en[m] = [en[(m -1)L], ... ,en[mL]] , (9.12) 

be the m-th frame of Linear Prediction residuals at the n-th sensor. L is 
the frame length. The running CPS estimate at frequency Ii is computed by 
exponential windowing with a forgetting factor "( (0 < "( < 1) according to: 

(9.13) 

where £n[m, i] is the i-th sample of the FFT of en[m]. 
The estimates in (9.13) are used to build a CPS matrix P[m], which has 

the following structure: 

P[m] = ( 
P12[m,id ... Pl~Jm,il + P -1]) 

Pt2[m,i1 + 1] ... Pt2[m,i1 + P] 

Pt2[m,i2- P + 1]... Pt2[m,i2] 

( 
rt[m] ) r2[m] 

ri2-il-:P+2[m] 

(9.14) 

where il and i2 are the respective indices of the lowest and highest frequency 
bins considered, and P is the "prediction" order. 

As shown in (9.13), the matrix P[m] is asymptotically (Le. when m-+oo 
and "(-+0) low-rank if all the power spectra are flat [34]. However, it must be 
noted that spectral fluctuations generate an irreducible noise, independent of 
the observation time. This noise limits the improvement in the variance of the 
TDOA estimate with the SNR and the observation time. Experiments show 
that the variance tends to a finite limit with the increase in the SNRj this is 
typical of array processing in the presence of random model mismatches [30]. 

In addition, each CPS sample Pt2[m, i] is affected by an estimation error 
which can be shown to be nearly uncorrelated with respect to the bin index, 
i, if the signals have been whitened. The variance, ap[m, iJ, of this error is 
proportional to E[I£l[m, i]l2]xE[I£2[m,i]l2] since the FFT samples approach 
a Gaussian distribution [11] and can be considered constant relative to the 
frequency of the Linear Prediction residuals. 

The Singular Value Decomposition [29] is now applied to the matrix, 
P[mJ, to obtain an estimate of ap and the numerical rank, 'fJp, required by 
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the standard ROOT-MUSIC [13]. The rows of P[m] may be conveniently 
re-weighted if the SNR in the generic FFT bin changes through subsequent 
frames. A possible choice for the weights, wdm], comes from the minimization 
of the Mean Square Error (MSE), Jdm], between the measured fl[m] and the 
true one, Tl[m] [6]: 

Jl[m] = E[lh[m]wl[m]- TI[mW] . (9.15) 

The final weights are set proportional to: 

(9.16) 
elsewhere 

It is convenient to normalize the weights so that L wf[m] = l. 
The SVD of the re-weighted matrix Pw[m] is computed and the rank 

'T}p is estimated again. The P - 'T}p right singular vectors corresponding to 
the smallest singular values, {zl7)p+1 :::=: zl7)p+2 :::=: ... :::=: zip}, define the noise 
subspace Ep of the matrix Pw[m]. 

At this point, the sinusoidal frequencies in (9.11) are estimated from the 
zeros of the following rational function [13]: 

(9.17) 

where d(z) = [1 Z Z2 ... ZP-l f. The weighting of the noise subspace Ep 
in (9.17) helps to compensate for deviations of the noise covariance matrix 
from the identity matrix [5]. Finally, a Least Squares fitting of the sample 
CPS using (9.11) is recommended to validate the detected sources according 
to their relative power [4]. 

9.5.4 Estimation of the Number of Relevant Reflections 

Before the ROOT-MUSIC algorithm may be applied, it is first necessary to 
estimate the number of significant sinusoids in (9.11). The effective rank of 
P[m] may be calculated and used for this task since it is linked through (9.11) 
to the number of relevant arrivals. 

Rank estimation in array processing is often performed by setting a proper 
threshold on the eigenvalues of the CSCM. A number of possible criteria are 
available for this purpose [37]. In the present approach, the rank 'T}p of the 
matrix P[m] (or Pw[m]) is estimated via a simple and robust algorithm based 
on the SVD. 
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Fig. 9.5. Sample singular value spectrum of P[m] in three different realizations. 

It is assumed that the squares of noise-induced singular values of P[m] 
(i.e. the eigenvalues of the data correlation matrix pH[m]P[m] [29]) are clus­
tered around the noise power, (Jp, scaled by the number of observations and 
are approximately Gaussian or X2 distributed. In contrast, the largest (or 
signaQ eigenvalues are assumed to be drawn from a different and unknown 
distribution [37]. These may be considered as outliers when observed on the 
eigenvalue spectrum. 

This particular interpretation allows for the robust estimation of the noise 
eigenvalue distribution in order to set an appropriate threshold [38]. In this 
work, the sample median and the absolute median deviation of the eigenvalues 
have been successfully used to estimate, respectively, (Jp and the dispersion. 
As an example, Figure 9.5 shows the spectra of the singular values of P[m] 
for three different realizations. 

The use of robust estimation requires a sufficient amount of data. For 
example, with median-based estimators it is known that the order, P, of the 
matrix P[m] should exceed twice the number of significant reflections [38]. 
Information theoretic criteria like MDL or AIC [37] do not possess this limi­
tation, but do have the drawback of being highly sensitive to modeling errors 
and approximations always present when dealing with multiple reverberated 
signals. 

9.5.5 Source Clustering 

Each doublet generates a set of TDOA's. By pairing the TDOA's of nearby 
doublets, a set of candidate source positions may be generated by means 
of efficient geometric algorithms available in the literature. In particular, 
the Linear Intersection (LI) method [24] has been found to produce reliable 
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results during computer simulations. In this case each source position is given 
by the point of closest intersection between only two bearing lines. Points that 
lie outside of the room borders are immediately discarded. 

Location estimates are clustered in space using a fast fuzzy algorithm [39]. 
The clustering procedure's processing speed is of paramount importance dur­
ing real-time operations since this is the only task that cannot be parallelized 
onto the local DSP processors associated with each doublet. 

The maximum number of estimates that can be attributed to a single 
source, Qd, can be easily computed from the array geometry [24]. For exam­
ple, in the case of azimuth-only (2-D) estimation, it is: 

(9.18) 

Most of the remaining estimates are generated by pairing TDOA's that refer 
to different acoustic sources and have no physical meaning. Other incorrect 
locations arise from geometrical ambiguities in the array itself, reflections 
from furniture (whose virtual sources are internal to the room), or diffraction 
effects. 

Dense clusters possessing an approximately elliptical shape are formed 
around the locations of actual sources while other estimates usually generate 
disperse clusters containing only a few points. The centroids of clusters gath­
ering a number of elements close to Qd are finally selected as source locations. 
This clustering procedure may be extended over consecutive time frames in 
an effort increase performance. 

9.5.6 Experimental Results 

The ROOT-MUSIC TDOA algorithm was compared with the Cross-Power 
Spectrum Phase approach [23]). Sources were simulated as spherical clusters 
of radius 15 mm formed by highly coherent point sources radiating speech 
signals previously recorded in the near-field and open space. Reverberations 
were simulated using the Image Method [2] applied to a room of size (6 x 
7 x 4 m) with reflection coefficients equal to 0.8 on the walls and 0.6 on the 
ceiling and the floor. Spatially distributed air absorption with an attenuation 
coefficient of 1 dB/m at 20 KHz was also employed. Microphones arranged 
in four square arrays of 16 elements each were selectively used. The frame 
length was 1024 samples with a sampling frequency of 44.1 KHz. At each step, 
the matrix P[m] was formed from a single 1024-points FFT. Clustering of 
location estimates was performed over ten consecutive frames with an overlap 
of 50%. 

Pre-whitening was found to improve the performance of both algorithms. 
Table 9.1 presents the sample TDOA statistics obtained from a single doublet 
in the presence of a single speech source for varying SNR values. The superior 
performance of the proposed approach is clearly visible. 

Page 208 of 401



9 Multi-Source Localization Strategies 197 

Estimator SNR=lOdB SNR=20dB SNR=30dB 

CPSP Bias: 0.0278 0.0153 0.015 

Std. dev .: 0.165 0.0264 0.025 

ROOT-MUSIC Bias: 0.0126 0.0087 0.0065 

Std. dev.: 0.0472 0.0183 0.0151 

Table 9.1. TDOA estimate of CPSP and ROOT-MUSIC: sample bias and standard 
deviation, in milliseconds. 
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Fig. 9.6. Histogram and plot over time of TDOA estimates in a two-source case. 

Figure 9.6 illustrates the properties of the ROOT-MUSIC TDOA estimate 
obtained from a single doublet in the presence of two simultaneous speakers. 
The upper plot shows the histogram of the TDOA's, corresponding to the 
two sources and to the main reflections. The lower plot tracks the polynomial 
roots of (9.17) [13). The effects of most of the reflections are visible only in 
sporadic frames. 

Figure 9.7 shows the standard deviations of TDOA estimates derived 
for various doublets and varying SNR values. It can be seen that at high 
SNR levels the standard deviations depart from the ideal linear behaviour 
expected in classical array processing techniques with perfectly calibrated 
arrays [9). This effect is due to the aforementioned model approximations 
and, in particular, to the envelope fluctuations of the CPS. 

Figure 9.8 shows an example of clustering over time in the presence of 
three simultaneous speakers. The plot on the left shows the scatter plots of 
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Fig. 9.7. Standard deviations of TDOA estimates vs. SNR for different pairs of 
microphones, in milliseconds. 
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Fig. 9.S. Left: scatter plot of raw locations. Right: scatter plots of centroids. 

raw locations obtained by application of the LI method [24] to the ROOT­
MUSIC TDOA estimates. All locations obtained in ten consecutive frames 
and passed to the clustering algorithm are indicated. The actual source po­
sitions are also indicated by circles. The plot on the right depicts the scat­
ter plots of the centroids of the main detected clusters associated with the 
sources. 

Finally, Table 9.2 details the sample statistics of the centroids depicted in 
Figure 9.8 drawn out of 50 outcomes. In particular, the number of locations 
attributed to each source is shown as a fraction of the theoretical Qd. This 
number can be assumed as a measure of the compactness of the clusters and 
of the quality of the overall algorithm. The very low bias of the estimated 
source positions should be noted. 
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Abstract. Applications such as videoconferencing, automatic scene analysis, or 
security surveillance involving acoustic sources can benefit from object localization 
within a complex scene. Many single-sensor techniques already exist for this pur­
pose. They are, e.g., based on microphone arrays, video cameras, or range sensors. 
Since all of these sensors have their specific strengths and weaknesses, it is often 
advantageous to combine information from various sensor modalities to arrive at 
more robust position estimates. 

This chapter presents a joint audio-video signal processing methodology for ob­
ject localizing and tracking. The approach is based on a decentralized Kalman filter 
structure modified such that different sensor measurement models can be incorpo­
rated. Such a situation is typical for combined audio-video sensing, since different 
coordinate systems are usually used for the camera system and the microphone 
array. 

At first, the decentralized estimation algorithm is presented. Then a speaker 
localization example is discussed. Finally, some estimation results are shown. 

10.1 Introduction 

Microphone arrays are becoming increasingly important for applications re­
lated to the recording of speech or music for subsequent processing, trans­
mission or storage. In most of these cases, the goal is to extract information 
by listening. In object localization and tracking, however, things are differ­
ent. There, the information conveyed by acoustic waves is not related to the 
pattern of the signal they carry but to the position of the sound emitting 
source. 

Of course, sound waves are not the only physical quantity that can be used 
for source localization. Other sensors may, for example, measure the range 
of the source or detect its retinal image. Since all sensors have their specific 
strengths and weaknesses, there is no single modality for object localization 
that always outperforms all others. Therefore, it is desirable to integrate the 
information of various sensor modalities to exploit different physical phenom­
ena. 

A practical example for such a multi-sensor system may comprise a mi­
crophone array and a video camera, for example. Either sensor can be used 
to estimate a (single-sensor) source position. Taken together, they can be 
viewed as a joint audio-video object localization system. Unfortunately, such 
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a multi-sensor architecture is of limited use unless it is known how to com­
bine the single-sensor position estimates. This fusion problem is addressed 
here after a brief overview of object localization based on audio and video 
sensors. 

Acoustic Object Localization Using audio signals, one can estimate the 
object position from time-differences of arrival (TDOA's) of sound waves 
recorded at a microphone array. There are direct and indirect acoustic source 
localization methods. The direct approach is based on summing the system­
atically delayed microphone signals and observing the power of the overall 
output signal. This strategy is usually implemented using a steered filter-and­
sum beamformer. Steered beamformers have been extensively studied in the 
past, and a significant amount of work focused, for example, on sonar target 
localization [1-5). More recent applications either concentrate on acoustic ap­
plications such as improved sound reception or on speaker localization [6-9). 

Indirect techniques, on the other hand, require two distinct processing 
steps. A set of time differences of arrival (TDOA's) of an acoustic wavefront 
recorded at separate microphone sensors is computed first [10). They can 
even be smoothed using a Kalman filter [11). Then geometrical properties 
are used to infer the source position [12,13). Another method is to apply a 
non-directed gradient descent search over all possible locations to find the 
best match for a source location given a set of TDOA's between multiple 
microphones [14). 

Visual Object Localization Acoustic object localization only works if 
sound waves can be reliably received at the microphone array. When faced 
with low signal-to-noise ratios or strong room reverberations, acoustic object 
localization methods may fail to deliver accurate source position estimates. 
Then it may be beneficial to use a complementary sensor system to obtain 
another source position estimate. Often a video camera is a practical choice 
for such a complementary sensor system. 

To find and identify an object in a video sequence, visual object char­
acteristics must be used. Since the visual appearance of various objects can 
vary widely, it becomes necessary to define a problem domain. A popular 
area of research is face localization and tracking [15-20). 

Knowing the position of a face in a camera reference frame is only a first 
step. To actually estimate the position of a person's face in a world coordinate 
system requires a calibrated camera [21). Such an object recognition and 
tracking problem is very common in three-dimensional computer vision. A 
geometry-based approach covering examples from recognition-based tracking 
and navigation can be found in [22), for example. Other application areas are 
recognition-based vehicle tracking [23], traffic sign localization [24), or remote 
video surveillance [25). 
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Object Localization involving Audio and Video Sensors Up to now, 
the single-sensor audio or video object localization problem has received sig­
nificantly more research attention than joint audio-video approaches. Those 
have started to emerge only recently, and researchers have mainly focused on 
"intermediate" applications so far. Intermediate applications integrate audio 
and video sensors, but they do not directly fuse the single-sensor position 
estimates. 

There are basically two ways to integrate audio and video sensors. One can 
either visually localize an acoustic source first and then use a beamformer to 
improve the sound reception [26,27]. Or one can use a microphone array first 
to steer a camera towards an acoustic source. Once the source appears within 
the camera field of view, it can then be observed with greater accuracy [28-
31]. 

An approach to object localization based on combining audio and video 
position estimates can be found in [32]. Assuming a stationary speaker, it 
was shown how two independent source position estimates produced by an 
audio and a video sensor can be combined using sensor fusion techniques [33]. 
In more recent work, joint audio-video object localization based on recursive 
state estimation was investigated [34,35]. 

The objective of this chapter is to detail how classical tracking techniques 
based on the decentralized Kalman filter can be applied to joint audio-video 
object localization and tracking. To this end, a review of the linear and the 
extended Kalman filter for tracking a single maneuvering target is first pre­
sented. One may assume that all the observations (position estimates, in our 
case) can be fed into a single centralized Kalman filter. Unfortunately, such 
a centralized architecture cannot be used for joint audio-video object local­
ization due to different measurement models at the audio and video object 
localizers. As a solution to this problem, a decentralized Kalman filter ar­
chitecture is introduced. Such a structure can be obtained by decomposing 
the linear Kalman filter into two autonomous local processors and one global 
coordinator. Since the local (linear) Kalman filters operate independently, 
it is possible to replace one local linear Kalman filter by a local extended 
Kalman filter taking into account the nonlinear measurement model at the 
microphone array. Although the resulting parallel system is no longer theo­
retically optimal, it will be shown that it still offers properties that are often 
very desirable such as an increased robustness against sensor failure. Finally, 
some open problems are pointed out. 

10.2 Recursive State Estimation 

First, the traditional linear Kalman filter is discussed. Since it cannot be 
used for measurements which are nonlinearly related to the system state, the 
extended Kalman filter is also introduced. It is then shown how to construct 
a decentralized version of the linear Kalman filter. Finally, integrating the 
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parallel state estimates of linear and extended Kalman filters into a linear 
sensor fusion framework is discussed. 

10.2.1 Linear Kalman Filter 

The Kalman filter is based on an internal model of the system dynamics 
and a comparison of incoming measurements with ongoing estimates. It re­
cursively produces estimates of the system state. Important factors such as 
measurement accuracy and object motion are taken into account. They affect 
the gains (weights) applied to the input data. If the models are accurate, the 
resulting state estimates are optimal in the mean square sense. 

Measurement Equation The input to the Kalman filter is a n-dimensional 
measurement vector, y[k], recorded at time instant (or step) k. In the linear 
case, it can be modeled as 

y[k] = H[k] x[k] + n[k], (10.1) 

where H[k] denotes the observation matrix, x[k] represents the system state 
vector at time instant k, and n[k] is additive, white Gaussian noise. To 
apply the Kalman filter to object localization and tracking, within a two­
dimensional plane, a state vector based on a Cartesian coordinate system 
may be used (superscript T denotes transposition) 

x[k] = [x[k] x[k] y[k] Y[klJT. (10.2) 

In (10.2), x[k] and y[k] denote the horizontal and vertical coordinates of the 
object position, while x[k] and y[k] refer to their associated velocities. Aug­
menting the state vector by the velocities, x[k] and y[k], may improve the 
performance of the state estimates provided a motion model that properly 
represents the dynamic behavior of the object may be found. Given only ob­
servations ofthe object position (no velocity data), the measurement equation 
becomes 

[:f~lJ = [~~ ~~] [!I:I] + n[k]. 

~~~ 

(10.3) 

x[k] 

For simplicity, only two spatial dimensions are considered. It is conceptu­
ally straightforward to extend the derivation to three dimensions. 
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State Equation The state behavior is modeled as 

x[k + 1] = A[k] x[k] + v[k], (10.4) 

where A[k] is the quadratic nonsingular state matrix. The initial mean and 
covariance of the state are assumed to be known. 

Both measurement noise, n[k], and process noise, v[k], are assumed to be 
normal, zero-mean, and white. They are further required to be independent 
of each other and also independent of the initial state, x[O]. The associated 
measurement noise and process noise covariance matrices are called Cnn[k] 
and Cvv[k], respectively. 

Although finding a good state model for a moving object seems to be 
a challenging problem, a linear model often serves as a good starting point. 
Such a model assumes constant object speed. Starting with a motion model in 
continuous time, a state model for the discrete Kalman filter can be found by 
transforming the continuous model into discrete time as shown, e.g., in [36]. 
This results in 

[ ~f~:~l1 = [~~~ ~1 [~f~l1 [k] y[k + 1] 0 0 1 T y[k] + v , 
y[k+1] 0001 y[k] 

(10.5) 

~ __________ '----v---" 

x[kH] A[k] x[k] 

where T is the time between two subsequent state estimations. 

Recursive Kalman Equations A Kalman filter can be characterized as a 
(state) model-based predictor followed by an observation-dependent correc­
tor. Assuming the existence of a dynamics equation and of an a posteriori 
state estimate, x[klk], based on a set of observations taken up to and includ­
ing time k, the a priori state estimate at time k + 1 is predicted from 

x[k + 11k] = A[k] x[klk]. (10.6) 

The initial state is assumed to be a Gaussian random variable with known 
mean and covariance matrix. 

Given the previous a priori state estimate, x[klk - 1] at time k, the a 
priori estimation error is defined as 

e[klk - 1] = x[k]- x[klk - 1]. (10.7) 

Substituting (10.4) and (10.6) into (10.7), gives 

e[klk - 1] = A[k - 1] (x[k - 1]- x[k - 11k - 1]) + v[k]. (10.8) 

The associated error covariance matrix is defined as 

P[klk - 1] = E{e[klk - 1] e[klk - l]T}, (10.9) 
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where E{} denotes the expected value. Using (10.8), the a priori error co­
variance matrix can be written as 

P[klk - 1] = A[k -1] P[k - 11k -1] AT[k -1] + Cvv[k -1], (10.10) 

where P[k - 11k - 1] refers to the a posteriori estimation error covariance 
matrix further explained below in (10.15). Based on x[klk-1]' the associated 
observations can be predicted by 

y[klk - 1] = H[k] x[klk -1]. (10.11) 

The a priori state estimate x[klk - 1] can be improved (corrected) by 
adding the difference between the new observation at time k, y[k], and its 
predicted value, y[klk - 1]. The resulting a posteriori state estimate then 
becomes 

x[klk] = x[klk - 1] + K[k] (y[k]- y[klk - 1]). (10.12) 

The matrix K[k] is commonly referred to as Kalman gain, and the difference 
y[k]-y[klk-1] is known as the innovation sequence, v[klk-1]. The Kalman 
gain is chosen such that the Kalman filter recursively computes a minimum 
mean-square linear state estimate [37,38]. Its covariance formulation can be 
expressed as 

K[k] = P[klk] HT[k] [H[k] P[klk - 1] HT[k] + Cnn[k]] -1. (10.13) 

An alternative means of computing the Kalman gain is [38] 

K[k] = P[klk] HT[k] C;;-~[k]. (10.14) 

As mentioned earlier, P[klk] is the a posteriori estimation error covariance 
matrix defined as 

P[klk] = E{ e[klk] e[klk]T}, (10.15) 

while 

e[klk] = x[k] - x[klk] (10.16) 

represents the a posteriori estimation error. The a posteriori estimation error 
covariance matrix may be computed from 

P-1[klk] = P-1[klk -1] + HT[k] C;;-~[k] H[k]. (10.17) 

From (10.14), it may be seen that the Kalman gain is small when the 
measurement noise is large. In this case, (10.12) shows that the new state 
estimate follows the predicted (a priori) state estimate more closely. On the 
other hand, the Kalman gain increases with P[klk]. This implies that more 
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y[k] 

y[klk-l] 

x[klk-l] 

Fig. 10.1. The Kalman filter loop representing a predictor-corrector structure: the 
weighted difference between the current observation, y[k], and its predicted value, 
y[klk - 1], is added to the (predicted) a priori state estimate, x[klk - 1], to obtain 
the a posteriori state estimate, x[klk]. 

weight is given to the latest measurements when the a posteriori state esti­
mation error is large, i.e. when the state cannot be accurately predicted. This 
usually happens when an object trajectory is undergoing rapid changes. 

Equations (10.14) and (10.17) together with (10.10) and (10.12) establish 
the information formulation of the Kalman filter. 

Equations (10.6), (10.10), (10.11), (10.12), (10.14), and (10.17) comprise 
the recursive Kalman equations. First, forward projections are made by com­
puting the a priori state estimate, x[klk - 1], and the associated error co­
variance matrix, P[klk - 1], using (10.6) and (10.10). Next, the a posteriori 
error covariance matrix is updated using (10.17). Then, the Kalman gain is 
found, for example, via (10.14). In the following step, the difference between 
the current measurement, y[k], and its predicted counterpart, y[klk - 1], 
as shown in (10.11) is taken. The resulting innovation term is subsequently 
used to update the a posteriori estimate as shown in (10.12). This recursion 
is summarized in Figure 10.1. Once the loop is entered, it can be continued 
ad infinitum. 

Alternative Form of the Kalman Equations An alternative equation 
for the a posteriori state estimate is now presented. It is needed to derive the 
decentralized Kalman filter. To this end, (10.11) is used to replace y[k + 11k] 
in (10.12) arriving at 

x[klk] = x[klk -1] + K[k] y[k]- K[k] H[k] x[klk - 1]. (10.18) 

Next, K[k] is expanded using (10.14) and replacing HT[k] C;;~[k] H[k] by 
P-l[klk]-P-l[klk-l] according to (10.17). Rearranging some terms, another 
a posteriori state update equation is obtained 

x[klk] = P[klk](P- 1 [klk - 1] x[klk - 1] + HT[k]C;;-~[k] y[k]). (10.19) 

Implementation of this alternative Kalman filter loop is illustrated in Fig­
ure 10.2. 
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y[k] 

Fig. 10.2. An alternative Kalman filter loop. 

For later reference, the following quantity is introduced 

(10.20) 

It may be interpreted as a weighted observation vector. Substituting (10.20) 
into (10.19), produces 

x[klk) = P[klk](P-1 [klk - 1) x[klk - 1) + q[kJ) . (10.21) 

Note that there is another way of writing q[k). Solving (10.14) for 
HT[k)C;;-~[k) and substituting the result into (10.20), results in 

q[k) = P-l[klk) K[k) y[k). (10.22) 

At this point, the Kalman filter equations have been manipulated into a 
form that makes it straightforward to derive the decentralized Kalman filter. 
Nevertheless, the recursion presented above may not be numerically optimal. 
Alternative forms of the Kalman filter can be found in [38,39). 

10.2.2 Extended Kalman Filter due to a Measurement 
Nonlinearity 

Despite the Kalman filter's importance, it is limited to problems in which the 
state and measurement equations are linear functions of the current state. 
However, for a microphone array yielding estimates of the azimuth, elk], and 
the range, r[k], a linear Kalman filter cannot be used when the state vector 
is expressed in Cartesian coordinates. This is due to the measurement vector 
of the audio localizer represented as 

[elk)] y[k) = r[k) + n[k). (10.23) 

The observation, y[k], is nonlinearly related to the state vector, x[k], as de­
fined in (10.2), since 

y[k) 
e[k) = arctan (x[k))' and (10.24) 
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r[k] = Jx2[k] + y2[k]. (10.25) 

Despite the nonlinear measurement model, it is still possible to apply 
Kalman filtering ideas provided the measurement nonlinearities are care­
fully linearized. One approach is to use a (first-order) extended Kalman fil­
ter (EKF). The EKF is closely related to the linear Kalman filter. The only 
difference is that the nonlinear measurement equation is relinearized at each 
iteration. 

To explain operation of the EKF, assume a linear state-space model as 
expressed in (10.4). Then the a priori state estimate at time k + 1 can be pre­
dicted using (10.6). The associated a priori and a posteriori error covariance 
matrices follow from (10.10) and (10.17), respectively. As to the issue of pre­
dicting the next measurement, make the assumption that the measurement 
equation can be expressed as 

y[k] = h(x[k]) + n[k], (10.26) 

where h(.) represents a nonlinear measurement function and n[k] refers to 
additive, white Gaussian noise with zero mean as shown in (10.23). Using a 
first-order extended Kalman filter, it is possible to predict the measurements 
via 

y[klk - 1] = h(x[klk - 1]). (10.27) 

Assuming that the measurement model h(.) can be linearized about the pre­
dicted state vector x[klk - 1], the Jacobian (observation) matrix may be 
introduced 

fI[k] = ah(x) I . 
ax x=x[klk-1] 

(10.28) 

For the measurement model of the audio localizer from (10.23) to (10.25), 
the Jacobian matrix takes the form 

ah(x) = [- X2; y2 0 x2: y2 OJ. 
ax 0 y 0 

J x2 + y2 J x2 + y2 
(10.29) 

At this point, the Kalman gain can be defined as [40,38] 

K[k] = P[klk] fIT[k] [fI[k] P[klk] fIT[k] + Cnn[k]] -1. (10.30) 

Finally, the correction step is computed from 

x[klk] = x[klk - 1] + K[k] (y[k]- y[klk - 1]). (10.31) 

This is basically the same operation as in the linear case. The only real 
difference is that a linearized measurement function is used at each iteration 
instead of a truly linear measurement matrix. 
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Although the extended Kalman filter is widely used, it must be kept in 
mind that it is a first-order approximation to the optimal estimator. It can 
be expected that the EKF will be effective if h(.) is "close" to linear in the 
state, and if the state estimate errors are not too large. However, if h(.) is 
highly nonlinear, the EKF may diverge. Similarly, if the errors in the state 
estimate are large, the effect of the nonlinearity becomes more severe, and 
divergence is likely [40,39]. No convergence results are known for the EKF, 
and it must be viewed as an ad hoc filter. Better results can be obtained using 
an iterated EKF [41]. 

10.2.3 Decentralized Kalman Filter 

The constraint of a single sensor type can be a severe restriction. Consider, 
for example, the scenario of a video conferencing participant moving in front 
of the camera. The individual may disappear if the camera does not track 
sufficiently fast. To increase the robustness of any given video tracking al­
gorithm, it may be beneficial to use a microphone array together with the 
camera. 

The parallelized or decentralized (linear) Kalman filter (DKF) is a multi­
sensor Kalman filter that has been divided up into modules, each one associ­
ated with a particular sensor system. The structure of this modular system is 
derived in the following paragraphs. First, the observation vector of the linear 
Kalman filter depicted in Figure 10.2 is partitioned into two components, one 
for each modality (audio and video). Next, a somewhat artificial construction, 
the so-called inverse Kalman filter, is introduced. It facilitates the paralleliza­
tion of the estimation algorithm. Finally, the linear Kalman filter shown in 
Fig. 10.1, the inverse Kalman filter, and a Kalman filter whose observation 
vector has been partitioned into two components are used to construct the 
decentralized Kalman filter. 

Partitioning the Observation Vector For a two-sensor system, the ob­
servation vector at step k, y[k], can be partitioned into two components, 
i.e., 

y[k] = [Ydk]] . 
Y2[k] 

(10.32) 

Treating the zero-mean measurement noise component, n[k], similarly, the 
audio (i=l) and video measurement equations (i=2) can be expressed as 

ydk] = Hi x[k] + ni[k], i = 1, 2, (10.33) 

provided both (local) sensors observe the same state. If the state, x[k], and 
the measurement noise components, ndk] and n2[k], are independent, then 
the centralized Kalman filter can be parallelized. 
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Rewriting (10.19) to make use of the fact that the audio and video mea­
surement noises are independent produces 

HT[k] e;;~[k] y[k] = Hnk] e;;,ln , [k] Ydk] + Hf[k] e;;2In2[k] Y2[k], 
(10.34) 

where 

(10.35) 

and 

(10.36) 

Substituting (10.34) into (10.19) obtains 

x[klk] = P[klk](P-I [klk - 1] x[klk - 1] + (10.37) 

p I I [klk] KI[k] Ydk] + P;-I[klk] K2[k] Y2[kJ). 

Note that (10.14) was used replace the terms Hf[k] enini [k] found in (10.34) 
with PiI [klk] Kdk], i = 1, 2. The matrices P[klk - 1] and P[klk] denote 
the global a priori and a posteriori error covariances, while Pdklk - 1] and 
Pi[klk], i = 1, 2, are their counterparts at the two local processors, respec­
tively. The vector x[klk-1] is the global a priori state estimate based on the 
previous measurements up to time step k. 

Similar to (10.20), the weighted observation vectors at the two local 
Kalman filters (i = 1, 2) are introduced as 

(10.38) 

Substituting into (10.37) yields 

(10.39) 

The structure of the associated Kalman filter is shown in Figure 10.3. It is 
closely related to Figure 10.2. The only difference is that there are now two 
inputs instead of one. 

Inverse Kalman Filters The normal operation of a Kalman filter is to 
read observations from the input and to produce state estimates at the out­
put. Formally, this mapping may also be inverted in the form of an inverse 
Kalman filter. It reads an estimate and produces the corresponding observa­
tion. It is not attempted to realize such a structure or to defend its practical 
use. The only justification for its existence is the fact that the equations for 
a Kalman filter may also be solved for the observations given the state esti­
mates. Arranging a Kalman filter and its corresponding inverse Kalman filter 
in series formally reproduces the initial observations at the output. 
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The description of the inverse Kalman filter follows by rearranging terms 
in (10.21). Although this expression is valid for a single Kalman filter, it 
is only a matter of notation to extend it to two individual Kalman filters 
indexed with i = 1 and i = 2, respectively. That is, 

(10.40) 

The structure of the inverse Kalman filter is shown in Figure 10.4. The 
name inverse Kalman filter was chosen to emphasize that this structure 
(re)produces the weighted observation vectors, qdk], from state estimates, 
xi[kJk]. 

Fusion Center Substituting the local inverse Kalman filters from (10.40) 
into (10.39), produces the joint a posteriori state estimate 

x[kJk] = P[kJk] (P-1 [kJk - 1] x[kJk - 1] + 
P11 [kJk] xt[kJk]- P11 [kJk -1] xl[kJk - 1] + 
P;-l[kJk] x2[kJk]- P;-l[kJk -1] x2[kJk - 1]). 

(10.41) 

The variables xi[kJk -1] and xi[kJk], i = 1, 2, refer to the local a priori and 
local a posteriori state estimates, respectively. The differences between the 
weighted local a posteriori and a priori estimates on the right hand side of 
(10.41) can be viewed as local state error information vectors. The joint a 
posteriori state estimate is the global state estimate. 

Equation (10.41) is central for the fusion of the local audio and video state 
estimates. It constitutes the so-called fusion center which receives the local 
a priori and a posteriori state estimates together with their associated error 
covariance matrices, and it finally produces the global state estimate, x[kJk]. 
To this end, the global a priori error covariance matrix, P[kJk - 1], and the 
global a posteriori error covariance matrix, P[kJk], are needed at each time 
step. The global a priori error covariance matrix follows from (10.10). The 
global a posteriori error covariance matrix, on the other hand, can be derived 
by substituting (10.35) and (10.36) into the a posteriori error covariance 
update equation of the centralized Kalman filter as shown in (10.17). This 

i[klk] 

Fig. 10.3. Two-input Kalman filter 
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1------<+ q;[k] 

Fig. 10.4. Structure of the inverse Kalman ffiter. 

yields 

P-l[klk] = P-l[klk - 1] + (10.42) 

Hf[k] c;;; 01 [k] Hi [k] + Hf[k] c;;; 02 [k] H2 [k]. 

When applied to either the audio (i=l) or video (i=2) systems, (10.17) can 
be rearranged to 

(10.43) 

Taking i = 1 and i = 2 in (10.43) and substituting these terms back 
into (10.42), allows for the computation of the global a posteriori error co­
variance matrix via 

2 

P-l[klk] = P-l[klk - 1] + L (pi 1 [klk]- Pi1 [klk -1]) . (10.44) 
i=l 

The overall sum comprising the global a priori error covariance matrix, 
P-l[klk - 1], and the differences between the local a posteriori and a priori 
error covariance matrices is the global a posteriori error covariance matrix. 

Structure of the decentralized Kalman filter. At this point, the decen­
tralized linear Kalman filter for a two-sensor system has been introduced. Its 
simplified block diagram is shown in Figure 10.5. An audio localizer (i = 1) 
and a video localizer (i = 2) provide independent source position estimates 
(observations), Yi[kJ, which serve as inputs to the local Kalman filters, KFl 
and KF2 . The underlying structure ofthese filters can be found in Figure 10.1 
or 10.2. The local Kalman filters compute their associated full-order a priori 
and a posteriori state estimates, xi[klk - 1] and xi[klk], respectively. They 
also keep track of the associated a priori and a posteriori error covariance ma­
trices, Pi [klk-1] and Pi[klk]. Then, the local estimators pass their respective 
a priori and a posteriori state estimates together with the associated error 
covariance matrices on to the fusion center. The fusion center finally derives 
a global a posteriori state estimate, x[klkJ, by recursively processing (10.41). 

In the linear case, the estimate generated by the central processor coin­
cides with the global centralized estimate. Thus, there is no performance loss 
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object state 
x[k] 

KF2 

Pi1[k Ik-l] xl[k I k-l] 

Pi[klk] xl[klk] 

x2[klk-l] Pi1[klk-l] 

x2[klk] Pi1[klk] 

fusion center 

x[klk] 

Fig. 10.5. Structure of the decentralized Kalman filter. 

for a decentralized linear system. However, the algorithm does assume that 
the local processors are synchronized to the same speed. In general, this may 
not be the case. A solution to the problem of asynchronous operation can be 
found in [42]. 

Examining Sensor Failure It is illuminating to investigate what happens 
when one sensor fails. For example, suppose the microphone sensor (i = 1) 
provides no audio signal and subsequently, there is no localization information 
provided through this modality. Intuitively, it is expected that in this case the 
global state estimate equals the local video state estimate once all transient 
effects have vanished. This is indeed the case as will be shown below. 

The absence of audio information is modeled by setting Hl[k] = O. Equa­
tion (10.37) can now be written as 

Using (10.43) and (10.44), it may be seen that for Hl[k] = 0 the global a 
posteriori error covariance matrix simplifies to 

(10.46) 
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Solving (10.46) for P-1 [kJk - 1], substituting the result into (10.45), and 
rearranging some terms, gives 

x[kJk] = x[kJk - 1] + P[kJk] Hf[k] C;;-;n2[k]1I[kJk -1] (10.47) 

where 

lI[kJk - 1] = Y2[k]- H2[k] x[kJk - 1]. (10.48) 

Note that (10.47) is basically the same state update equation as found at the 
local Kalman filter for the video sensor. Referring to (10.18), for example, 
finds that 

where 

A simple comparison of (10.47) and (10.49) shows that 

x[kJk] = x2[kJk], 
x[kJk - 1] = x2[kJk - 1], and 

P[kJk] = P2[kJk]. 

(10.49) 

(10.50) 

(10.51) 

(10.52) 

(10.53) 

As promised, the parameters for the global recursive state estimate are indeed 
equivalent to those of the (local) video processor. 

Combining Linear Kalman Filter and Extended Kalman Filter for 
Joint Object Localization The local Kalman filter at the microphone ar­
ray, the local Kalman filter at the video camera, and the global Kalman filter 
are the three main components needed to recursively calculate a joint object 
position estimate. All the Kalman filters use the same dynamical model. 

The video camera may be adjusted to return the object position directly 
in Cartesian coordinates, i.e., 

(10.54) 

Its associated local state is 

(10.55) 

The microphone array, on the other hand, observes the source position in 
terms of azimuth and range, i.e., it provides measurements 

[B[k] ] 
Ydk] = r[k] + ndkJ, (10.56) 
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where elk] and r[k] are given by (10.24) and (10.25), respectively. Since, elk] 
and r[k] are nonlinearly related to the local state 

(10.57) 

at the associated Kalman filter, a linear Kalman filter may no longer be used. 
An extended Kalman filter must be applied instead. 

At this point, a linear and an extended Kalman filter are available for use 
at the local sensors, but a rigorous mathematical framework has only been 
developed for the linear case. Fortunately, the decentralized Kalman filter 
shown in Figure 10.5 is composed of autonomous components. This makes it 
possible to replace the local, initially linear audio Kalman filter, KF1, with 
an extended Kalman filter. The linear Kalman filter for video localization, 
KF 2, and the fusion center remain unchanged. 

10.3 Implementation 

10.3.1 System description 

The implementation of a joint audio-video processing system based on the 
theory discussed so far is illustrated below. There are many ways to imple­
ment the decentralized state estimator shown in Figure 10.5. These depend 
on the objects observed, the types of sensors available, and the requirements 
for localization and tracking. A system intended to track a single person in 
an audio-visual environment is presented here. It consists of a microphone 
array for audio localization and a video camera for tracking of human faces. 
Both sensors are combined using the recursive estimation scheme shown in 
Figure 10.5. 

The structure of the audio localization system is shown in Figure 10.6. Its 
main elements are a microphone array, means to compute the cross correla­
tions between pairs of microphone signals, and a summed correlator beam­
former. The functionality of the summed correlator beamformer is basically 
the same as the classical steered beamformer, however, no continuous varia­
tion of delay elements is necessary. To inhibit erroneous estimates when no 
speech signal is present, a speech pause detector is employed. More details 
about the audio localizer can be found in [8,9]. 

The video localization system is a real-time face tracker with the following 
main elements: foreground-background segmentation, detection of skin-color 
regions, and detection of eye-like regions. A sample result can be found in 
Figure 10.7. The large rectangle in the foreground contains the detected skin 
color region and the two small rectangles indicate the eye positions. The face 
position is placed at the center of the bounding rectangle. This combination 
of skin-color and eye detection improves the robustness of the face tracker. 
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Compute Summed- I Yl[k] 
Cross Correlator I • I 

Correlations Beamformer I 
I 1: speech 
I 
I 0: no speech I 
I 

Speech I 
I 

Pause 
_____ ...1 

Detection 

Fig.l0.6. Audio localization system: Summed correlator implementation of a 
steered beamformer. 

Fig. 10.7. Sample result of video localization. 

10.3.2 Results 

Tracking of a human speaker in an audio-visual environment is a very inter­
esting application. Unfortunately, it does not easily facilitate a quantitative 
analysis since the true speaker position cannot be determined accurately by 
other means. To demonstrate the robustness and accuracy of joint audio­
video tracking, this work will resort to an alternative setup: tracking of a 
model railway along an oval track in a plane. Knowledge of the fixed railway 
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track contour together with continuous measurements of the engine's exact 
position along the track provided the ground truth against which the audio­
video tracking results can be compared. Figure 10.8 shows an example. To 
demonstrate the increased robustness of joint audio-video processing against 
sensor failure, it has been assumed that both modalities suffer from poor 
localization conditions at different times. 

Audio Localization (KF1) 
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Fig. 10.8. Quantitative analysis of tracking errors: audio localization (top left), 
video localization (top right), joint audio-video localization (bottom left), localiza­
tion errors (bottom right). 

The audio localization results are shown on the left in the top row. The 
dashed line is the railway track. The sequence of position estimates from the 
summed correlator beamformer is indicated by crosses (+). They represent 
the input data, yt[k], to the local extended Kalman filter, KF 1. The estima­
tion result computed by the Kalman filter is depicted as a solid line. Since the 
state estimation process started at the bottom part of the track, the initial 
error during the first steps of the Kalman recursion is clearly visible. Further­
more, there are two instances in the sequence of position estimates where the 
raw position estimates (observations) were dropped to mimic a silent acoustic 
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source. In both cases, the Kalman filter extrapolated the position estimates 
based on the linear motion model of the local Kalman filter. When new input 
data became available, the position estimates resumed their proper course. 

The situation is similar for video localization shown on the right of the 
top row. Since the camera usually has a much higher spatial resolution than 
the microphone array, the video position estimates are significantly more ac­
curate in general. Again, two instances with missing video observations were 
simulated. As in the case of the audio localizer, the associated video position 
estimates were linearly extrapolated since the associated video Kalman fil­
ter, KF 2, uses the same motion model as the audio Kalman filter, KF 1. The 
fusion result is shown on the left of the bottom row. It may be seen that the 
joint estimation algorithm successfully removes deviations due to unreliable 
audio or video observations. 

Finally, the plot on the right of the bottom row shows how the audio, 
video, and joint audio-video position estimates differ from the true object 
positions. The absolute position errors of the audio and video position esti­
mates peak at the startup of the audio estimator and when there are failures 
related to missing mono-modal sensor observations. Since these deviations 
do not coincide in time, the joint estimate relies on the more accurate single 
localizer estimate in these cases. This example shows that joint audio-video 
object localization provides more robust results than either of the two mono­
modal methods employed independently. 

lOA Discussion and Conclusions 

The decentralized Kalman filter recursively combines local audio and video 
state estimates into a more reliable global state and, thus, position estimate. 
To this end, a common model of the system dynamics and a common coor­
dinate system is needed. For a video sensor system operating in Cartesian 
coordinates, a linear local Kalman filter is appropriate. However, since the 
audio position estimates at the microphone array are computed with respect 
to a polar coordinate system, an extended Kalman filter is required. For a dy­
namical model based on Cartesian coordinates, the global coordinator fusing 
the local state estimates can apply a linear Kalman filter as well. 

Although audio position estimates are often less accurate than the results 
obtained with a video localizer, they can still provide useful input for a joint 
audio-video object localization system. Taking a look at the absolute position 
error shown on the lower right in Figure 10.8 it may be seen that the global 
position estimate is always close to the best single-sensor output, but it is not 
necessarily more accurate. Nevertheless, by introducing a joint audio-video 
processor, a localizer that yields more reliable results than either one of the 
single-sensor systems is obtained. 

The parallel Kalman filter structure which was applied only provides a 
starting point for joint audio-video object localization. There are many other 
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challenging problems along these lines which were not discussed here. For ex­
ample, one issue centers around techniques used for modeling uncertainty in 
the integration and fusion process. In this case, the lack of precise measure­
ment models is one factor that limits the performance of the fusion algorithm. 
Just knowing a position estimate obtained either using an audio or a video 
localizer is not really sufficient. To successfully fuse these estimates, it is nec­
essary to know how accurate these observations are. For microphone arrays 
a method for predicting the error region associated with a particular source 
position estimate can be found in [43]. 

Another difficulty arises when tracking is based only on direction or angle 
measurements. This happens when an acoustic source leaves the near-field 
of a microphone array. One intuitively appealing and conceptually simple 
approach in this case is to estimate range or position based on two or more 
angle measurements from different directions. This can be obtained using 
distributed audio arrays [44,36] or multiple cameras [42]. A mathematical 
analysis of the associated triangulation error statistics can be found in [40]. 

One important ingredient of the Kalman tracking algorithm is the one­
step predictor. It assumes that the source moves along a predictable tra­
jectory with a deterministic velocity. As a result, such a tracking scheme is 
bound to be sensitive to sudden source maneuvers. One frequently used ap­
proach to take maneuvers into account employs multiple Kalman trackers 
operating in parallel [45,36,39,34]. To determine which state model is most 
consistent with the observations, it is necessary to evaluate the likelihood of 
the different state models. Once known, there are two ways to obtain the 
source's position: either use the result produced by the most likely tracker 
or weigh each model's position estimate by its probability and sum up the 
individual weighted position estimates. 

For multi-sensor, multi-target applications involving many acoustic 
sources, a key issue is to determine which sensor observations are associated 
with which target. This issue is commonly referred to as the data association 
problem [46]. One way to distinguish between the tracks of various sources is 
to rely on source motion models [47]. A different approach is to use the in­
teracting multiple model (IMM) estimator [48]. It automatically adapts itself 
to each object's motion mode. Current research in this area focuses on tech­
niques such as multiple hypothesis tracking, probabilistic data association 
methods [49,50]' and multiple criteria optimization theory [51]. 
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Abstract. Microphone-array hearing aids provide a promising solution to the 
problems encountered by hearing-impaired persons when listening to speech in the 
presence of background noise. This chapter first discusses implementation issues and 
performance metrics specific to the hearing-aid application. A review of previous 
work on microphone-array hearing aids includes systems with directional micro­
phones, fixed beamformers, adaptive beamformers, physiologically-motivated pro­
cessing, and binaural outputs. Recent simulation results of one promising adaptive 
beamforming system are presented. The performance of microphone-array hearing 
aids depends heavily on the acoustic environments in which they are used. Ad­
ditional information about the level of reverberation, number of interferers, and 
relative levels of interferers encountered by hearing-aid users in everyday situations 
is required to quantify the benefit of microphone-array hearing aids and to select 
the optimal processing strategy. 

11.1 Introduction 

Hearing impairments affect 10-16% of the total adult population and at least 
one-third of the elderly population [1-5]. Recent surveys in the United States 
indicate that roughly 20% of the hearing-impaired population (5-6 million 
people) use hearing aids, but only 60% of users are satisfied with their devices 
[6]. 

Users' overall satisfaction with their hearing aids is highly dependent on 
the situations in which they are used. While 90% of hearing aid users indi­
cated that they were satisfied with their hearing aid for one-on-one listening, 
62% were satisfied in small group settings, 45% in workplaces and restaurants 
and only 25% in large groups [7]. In an analysis of why hearing aid owners 
do not use their hearing aids, the second most prevalent reason, given by 
25% of respondents, was that the hearing aids "did not work" in background 
noise [8]. 

These complaints are not surprising given the greater susceptibility of 
hearing-impaired listeners to interference from background noise. Normal­
hearing listeners typically exhibit speech reception thresholds! (SRT's) of 

1 The speech reception threshold is the signal-to-interference ratio at which speech 
is 50% intelligible. 
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-5 dB when listening monaurally. Hearing-impaired persons, however, typi­
cally require a speech-to-interference ratio (SIR) that is 5-10 dB higher than a 
normal-hearing person to achieve the same level of speech understanding [9]. 

The problem of poor performance in background noise with conventional 
hearing aids has motivated the use of microphone arrays to create direction­
ally sensitive hearing aids that selectively amplify or attenuate sounds based 
on their direction of arrival. The goal of microphone-array hearing aids is to 
improve the SIR when the interference arises from a different direction than 
the desired speech signal. Because hearing aid users still require additional 
processing to compensate for frequency-dependent and level-dependent char­
acteristics of their hearing loss, the microphone array can be considered as a 
preprocessor, followed by conventional hearing aid processing. 

Profoundly hearing-impaired individuals who are not helped by conven­
tional hearing aids are candidates for cochlear implants. Cochlear implant 
systems typically include an ear-level microphone, a body-worn speech pro­
cessor, and an array of electrodes implanted in the inner ear. Since the vast 
majority of cochlear implants are unilateral, and since the speech proces­
sor encodes only a subset of the acoustic information in the speech signal, 
cochlear implant users are even more sensitive than hearing aid users to inter­
ference from background noise. A study of phoneme recognition found that 
relative to normal hearing listeners, cochlear implant users require an addi­
tionalll dB SIR to achieve the same performance [10]. As in the hearing aid 
application, a microphone array can be considered as a preprocessor to the 
cochlear implant speech processor. 

11.2 Implications for Design and Evaluation 

11.2.1 Assumptions Regarding Sound Sources 

Considering the microphone array as a preprocessor to a hearing aid or 
cochlear implant, the problem is to design a system to improve the desired 
speech-to-interference ratio. Since the interference may also be speech, it is 
first necessary to distinguish between desired speech and interference based 
on the direction of arrival. 

It is assumed that the desired signal arises from a small range of angles, 
while signals arriving from all other angles outside this look direction are 
interferers.2 This assumption will be violated by any coherent reflections of 
the desired speech that arrive from outside the look direction. Although later 
reflections do not contribute to speech intelligibility and may appropriately be 
considered as interference, early reflections (arriving within up to 50-95 ms of 
the direct wave) do contribute to intelligibility and should be considered part 
of the desired speech signal [12]. But since these early reflections most likely 

2 The look direction should include a range of angles spanning at least 20° azimuth 
to account for minor steering errors and normal head movements [11]. 
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arrive from outside the look direction, they may be treated as interference by 
the microphone array. Furthermore, these reflections constitute a source of 
correlated interference, and their presence may lead to degrading performance 
for many conventional adaptive beamforming algorithms. 

It is also usually assumed that the user physically steers the array's look 
direction toward the desired speech source. For head-worn arrays, this is 
accomplished by head movements to face the desired source; for hand-held 
systems the device can be pointed at the desired sound source. Automatic 
steering (electronic control of the look direction) is also possible but is not 
considered here. 

11.2.2 Implementation Issues 

The hearing aid application presents particular challenges for the design of 
microphone arrays with regard to configuration, size, weight, and power con­
sumption. The popularity of 'invisible' in-the-canal hearing aids indicates 
that many hearing aid users consider cosmetic acceptability to be extremely 
important. Because cochlear implant users already wear a body-worn pro­
cessor connected to ear-level components with wires, this population may be 
less concerned with cosmetic acceptability. 

Functionally, a microphone-array hearing aid consists of three compo­
nents: the microphone array itself, the processing unit, and the receivers 
(speakers) that deliver sound to the ears. Ideally, these components should 
be interconnected via wireless communication, although that is not generally 
possible with current technology. In the absence of wireless communication, 
the ideal processing unit would be small enough to be incorporated into either 
the mechanical structure of the microphone array or the receivers, in order 
to avoid cumbersome wiring between components. If a separate body-worn 
processor is necessary, it must be relatively lightweight (comparable to a per­
sonal portable stereo system) and have reasonable battery life. Although the 
availability of specialized, low-power electronic components makes advanced 
signal processing algorithms feasible, computational complexity remains an 
important issue in determining which algorithms can be implemented in prac­
tical devices. 

The array size and number of microphones is limited to that which can 
be comfortably mounted on eyeglass frames or a headband, or worn around 
the neck « 20 cm). In order to be comfortable and not unwieldy, hand-held 
devices face a similar size limit. Simpler and more cosmetically-acceptable ar­
ray designs may be obtained by using one microphone (or two closely-spaced 
microphones) at each ear as in conventional binaural hearing aids, although 
this leads to spatial undersampling and requires (currently-unavailable) wire­
less or (cumbersome) wired signal transmission between components at the 
two ears. Increasing the number of microphones beyond two provides dimin­
ishing improvements. For arrays spanning up to 20 cm with realistic levels of 
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sensor noise, the incremental improvement in directionality due to additional 
microphones is negligible beyond four to six microphones [13]. 

11.2.3 Assessing Performance 

A number of physical and behavioral metrics can be used to assess the per­
formance of microphone-array hearing aids. The directivity of a microphone 
array is the ratio of the array's power gain in the look direction to the array's 
power gain averaged over all directions. The directivity of an omnidirectional 
microphone in free space is 0 dB. The directivity of a microphone array varies 
with frequency. For applications involving broadband signals such as speech, 
the directivity values are commonly averaged across the frequency range of 
interest. The intelligibility-weighted directivity [14] can be computed by ap­
plying frequency-dependent weights to the directivity values for individual 
frequencies. These weights, derived from Articulation Index theory [15], re­
flect the relative importance of each frequency band to speech intelligibility. 

For the special case of isotropic noise, the source is attenuated by an 
amount equal to the directivity of the array. For a non-isotropic source, the 
amount of attenuation depends on its spatial and frequency characteristics 
and may be more or less than the directivity. The attenuation of interference 
alone is an indicator of array performance, but does not take into account 
algorithmic effects on, or due to, the desired signal. The improvement in 
SIR, or gain, of an array (using linear processing) is the difference between 
the attenuation of the interference and the attenuation of the desired source. 
Although ideally the desired source arrives from the look direction and is not 
attenuated at all, in practice attenuation may result from sensor mismatch, 
mis-steering, or reflections of the desired signal arriving from outside the look 
direction. Like the directivity, broadband measures of SIR improvement may 
be obtained by averaging across frequency, and a measure of intelligibility­
weighted gain is obtained by incorporating frequency-dependent weights. 

Measures of directivity and improvement in SIR are useful as prelimi­
nary metrics to quantify the physical performance of a microphone array. 
However, the final assessment of any array-processing hearing aid must be 
based on intelligibility tests with hearing-impaired subjects. Percent correct 
scores on a particular listening test can be used to show differences among 
algorithms. However, because percent correct scores saturate in extremely 
favorable and unfavorable listening situations, and because the relationship 
between intelligibility and SIR varies with different speech materials, it is dif­
ficult to translate percent correct scores to more general measures of benefit 
or to make comparisons across studies. 

The SRT is generally preferable to percent correct scores, because SRT 
scores can be interpreted directly with respect to an algorithm's effect on SIR. 
However, SRT scores do have an important limitation. Because they are typ­
ically measured via an adaptive procedure which varies the interference level 
to obtain 50% intelligibility, a single SRT score reflects algorithm performance 
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at a range of SIR's, and SRT scores for different subjects performing the same 
task may reflect algorithm performance at widely varying SIR's. This is not 
a problem for algorithms that provide a fixed directional pattern regardless 
of SIR. However, for algorithms whose directional responses vary with rel­
ative signal strength, the SRT will not reveal variations in performance at 
different SIR's. In particular, the SRT does not measure performance at the 
two extremes of interference alone and speech in quiet. For adaptive algo­
rithms, SRT scores should be augmented by another measure to verify that 
the algorithm does not have detrimental effects on desired speech in quiet. 

Meaningful evaluations of more complex microphone-array hearing aids 
should be based on comparison to the performance of simpler microphone­
array systems, rather than an omnidirectional microphone. For example, the 
reference condition for evaluating fixed beamformers should be either a single 
directional microphone or a pair of directional microphones worn in binaural 
hearing aids, depending on the comparison desired. The reference condition 
for evaluating adaptive beamformers should be the underlying fixed beam­
former based on a simple delay-and-sum combination of microphone signals 
for the same physical array. In this way, it is possible to assess the incremen­
tal benefits due to each increase in the size and computational complexity of 
microphone-array hearing aids. 

11.3 Hearing Aids with Directional Microphones 

The goal of microphone-array hearing aids - to selectively attenuate acoustic 
signals based on the direction of arrival - can to some extent be accomplished 
simply by using a directional microphone in a conventional hearing aid. Be­
cause a directional microphone samples the acoustic signal at two points in 
space, it can be considered a simple acoustic array. 

Traditional directional microphones use an acoustic network to delay and 
combine acoustic signals from the two ports of the device, followed by elec­
trical transduction of the resulting acoustic signal. Some newer directional 
microphones instead transduce the acoustic signals at both ports and subse­
quently delay and combine the two signals electronically. It is possible to use 
either technique to achieve desired directional specifications. However, the di­
rectional characteristics of devices using an acoustic network are static, while 
devices that combine the signals electronically are more flexible, permitting 
the directional characteristics to be altered in real time. 

Hearing aids with directional microphones have been available for over 25 
years, and their advantages for listening to speech in background noise are 
well established [16,17]. Even so, devices with directional microphones have 
traditionally accounted for a relatively small fraction of hearing aids sales, 
perhaps due to the inflexibility of their directional patterns. The recent intro­
duction of commercial devices with multiple directional patterns has spurred 
renewed interest, increasing the popularity of hearing aids with directional 
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microphones. These devices include Phonak's AudioZoom ™ [18], which pro­
vides a user-controlled switch between directional and omnidirectional modes, 
and GN Resound's Digital 5000 [19], which creates omnidirectional and three 
different directional patterns. Phonak's Adaptive digital AudioZoom ™ at­
tempts to suppress the loudest interferer by automatically switching among 
different directional patterns. 

A single directional microphone improves the directivity by 4-6 dB rela­
tive to an omnidirectional microphone [18-20] and has been shown to increase 
SRT's by up to 8 dB in favorable acoustic environments [21], although SRT 
improvements of 3-5 dB are more typical [17,19,22]. One study suggests that 
the benefit may be reduced to 1-2 dB in strong reverberation [23], presum­
ably because the directional pattern reduces reflections of the desired signal 
as well as the interference, an effect which is discussed in Section 11.8. 

11.4 Fixed-Beamforming Hearing Aids 

Fixed beamformers provide an attractive processing option for microphone­
array hearing aids. The required processing is relatively simple and can be im­
plemented with small, low-power analog or digital electronics to meet the con­
straints discussed in Section 11.2.2. Unlike adaptive beamformers discussed in 
Section 11.5, fixed beamformers are relatively robust to minor steering errors 
and reflections correlated with the desired signal. Well-designed fixed beam­
formers provide optimal or near-optimal interference reduction in isotropic 
noise and in extremely reverberant environments. However, because they do 
not alter their directivity patterns to provide nulls in particular directions, 
fixed beamformers provide suboptimal performance when directional inter­
ferers are present in less reverberant environments. 

Stadler and Rabinowitz [20] analyzed the effects of array orientation, num­
ber of microphones, and directionality of microphones for several types of 
fixed array processing, including classic delay-and-sum beamforming, max­
imum directivity at 4000 Hz, and superdirective arrays with constraints 
on noise sensitivity. For 14-cm broadside arrays, they found intelligibility­
weighted directivity values of 7-8 dB for arrays of two directional micro­
phones with uniform weights (that is, classic delay-and-sum beamforming). 
For broadside arrays, there was little or no benefit from adding more than 
two microphones or using the more computationally demanding sensitivity­
constrained array processing. In contrast, endfire arrays showed a clear ad­
vantage for additional microphones and more complicated processing. Five­
microphone, 11-cm endfire arrays with sensitivity-constrained processing pro­
vided 9-11 dB of intelligibility-weighted directivity. However, using a practical 
method for implementing the superdirective sensitivity-constrained process­
ing and a performance metric designed to distinguish the beneficial early 
reflections of the desired signal from detrimental late reflections, Liu and 
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Sideman [24] found the intelligibility-weighted gain of this endfire array to 
be only 5 dB in extreme reverberation. 

Kates and Weiss [25] evaluated three fixed processing strategies using a 
10-cm endfire array with five omnidirectional microphones in two moderately 
reverberant rooms. The optimal superdirective array outperformed classic 
delay-and-sum beamforming and an oversteered array, providing 7-11 dB of 
gain weighted for speech intelligibility. In a follow-up study with 16 hearing­
impaired subjects [26], the superdirective array provided an intelligibility 
benefit of 5-6dB relative to a single omnidirectional microphone, but only 
2-3 dB relative to a single cardioid directional microphone. 

Soede et al. [27,28] designed, implemented, and evaluated five-microphone 
fixed beamforming hearing aids based on 14-cm broadside and lO-cm end­
fire arrays with relatively simple processing designed to obtain maximum 
directivity at 4000 Hz. Initial analysis and measurements revealed directivity 
values ranging from 5 dB at 500 Hz to 11-13 dB at 4000 Hz, corresponding 
to intelligibility-weighted directivities of 8-9 dB [20]. Evaluations with 45 
hearing-impaired subjects in an artificial diffuse noise field found an aver­
age of 7 dB improvement in SRT for both the broadside and endfire arrays 
relative to the subjects' own hearing aids with omnidirectional microphones. 

Etymotic Research's ArrayMic™ is a commercial endfire array that im­
plements a fixed beamforming preprocessor for hearing aids. This device uti­
lizes relatively simple processing designed to obtain maximum directivity 
in the range 1-2 kHz. It is available in a 6-cm, three-microphone version 
and an 11-cm, five-microphone version with intelligibility-weighted directiv­
ities of 7 dB and 10 dB, respectively. The benefit of these devices should be 
compared to 4dB for D_Mic™, Etymotic Research's directional hearing aid 
microphone, which is small enough to fit in an in-the-ear hearing aid. 

Another commercial fixed-processing device is the Radiant Beam Array 
from Starkey Laboratories. It includes six microphones mounted in a 21-cm 
wide housing worn around the neck and interfaced to an ear-level hearing aid 
via a telecoil. Pairs of microphone signals are bandpass filtered and summed 
to maximize directivity for individual frequency ranges based on intermicro­
phone spacings [29]. The device provides directivities ranging from 8-11 dB 
as a function of frequency. Part of this directivity presumably results from 
the acoustic shadow cast by the body for rearward sources. 

11.5 Adaptive-Beamforming Hearing Aids 

Adaptive beamformers alter their directional patterns in response to changes 
in the acoustic environment, potentially providing better performance than 
fixed beamformers under certain conditions. Those conditions include acous­
tic environments with low-to-moderate reverberation and relatively few inter­
fering sources. However, adaptive beamformers are more sensitive than fixed 
beamformers to array errors such as sensor mismatch and mis-steering, and 

Page 244 of 401



236 Greenberg and Zurek 

to correlated reflections arriving from outside the look direction. A serious 
problem with some adaptive beamforming algorithms is that they may de­
grade the desired signal when such situations occur, especially when the SIR 
is high. 

Because the performance of adaptive beamformers is heavily influenced by 
the acoustic environments encountered by the user, and because laboratory 
studies can only attempt to approximate a range of real-world listening situ­
ations, the benefit of adaptive-beamforming over fixed-beamforming hearing 
aids will ultimately be determined by field trials. Even so, initial assessment 
of adaptive beamforming algorithms necessarily takes place in simulations 
and laboratory environments. Because different studies evaluating adaptive­
beamforming algorithms generally use different acoustic environments, and 
because the performance of these adaptive algorithms is heavily dependent 
on the environment, it is virtually impossible to make meaningful compar­
isons of improvement in SIR across studies. Furthermore, these studies have 
used a variety of speech materials and performance metrics for intelligibility 
tests, further confounding comparisons. As a result, this section will summa­
rize promising adaptive algorithms that have been evaluated in the context 
of the hearing aid application, without attempting across-study comparisons 
of benefits. 

11.5.1 Generalized Sidelobe Canceler with Modifications 

One promising approach that has received much attention is the generalized 
sidelobe canceler (GSC) [30] (Figure 11.1). This system includes a blocking 
matrix that removes signals arriving from the look direction to produce ref­
erence signals free of the desired signal. The reference signals are input to 
adaptive filters performing unconstrained minimization, and the adaptive fil­
ter outputs are then subtracted from a delayed primary signal consisting of 
desired signal plus interference. The unconstrained minimization can be ac­
complished in the time-domain using the LMS algorithm, which is attractive 
because of its low computational complexity. Because misadjustment of the 
adaptive weights is proportional to desired signal strength even in the ideal 
case, and because some desired signal leaks into the reference signal under 
realistic conditions (due to sensor mismatch, mis-steering, or reverberation), 
the traditional GSC performs poorly at high SIR, degrading the desired sig­
nal. 

A number of modifications and adjustments to the GSC effectively over­
come this problem. First, cancellation of the desired signal based on its re­
flections can be completely prevented by appropriate selection of the primary 
signal delay [31]. In particular, the delay must be shorter than the interval 
between the arrival of the direct wave and the first reflection at the mi­
crophones [32]. This limits the non-causal· portion of the adaptive filter's 
response that can cancel the direct desired signal based on its reflections re­
ceived at the array. Second, the sum method [33] alters the normalization 
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Fig. 11.1. Block diagram of the modified generalized sidelobe canceler for arrays 
with an arbitrary number of microphones. The primary signal is formed from the 
weighted sum of all microphone signal, and the blocking matrix is implemented by 
pairwise differences between microphone signals. 

of the LMS step size, reducing misadjustment due to strong desired signals. 
Finally, correlation-based inhibition [34] (Figure 11.2) freezes the adaptive 
weights when the SIR is estimated to be high, further mitigating the effects 
of strong desired signals. 

Effect of Modifications Simulations of a modified GSC with linear broad­
side arrays of two and five omnidirectional microphones under a variety of 
conditions verified that proper selection of the primary delay eliminates de­
sired signal cancellation due to reverberation and that the modifications mit­
igate the problems of strong desired signals [34,35]. Figure 11.3 shows the 
steady-state3 intelligibility-weighted gain, G I [14], with and without the sum 
method and correlation-based inhibition for two SIRs and three levels of re­
verberation. Negative values of G I illustrate the detrimental effects of the 
unmodified GSC caused by both high excess mean-square error from strong 
desired signals and desired signal cancellation due to mis-steering of the ar­
ray. These detrimental effects are prevented by the modifications, which also 
improve performance in less critical conditions. These results clearly show the 

3 A discussion of the transient behavior is given in [35]. 
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Fig. 11.2. Block diagram of correlation-based inhibition for arrays with an arbi­
trary number of microphones. Each pair of microphone signals is bandpass filtered 
(BPF). The center frequencies of the bandpass filters are selected according to 
f = 2~' where c is the speed of sound and d is the intermicrophone spacing, in 
order to minimize the expected correlation from sources outside the look direc­
tion. For the 7-cm, two-microphone array considered here, the passband was 1650-
3300 Hz. For the 16-cm, five-microphone array, the passbands were 3000-5000 Hz 
for 4 cm intermicrophone spacing, 1700-3000 Hz for 8 cm, 1250-1700 Hz for 12 cm, 
and 860-1250 Hz for 16 cm. The bandpass filtered signals are hard limited to ±1 
by taking the sign and then multiplied together. This instantaneous correlation is 
then smoothed by a first-order recursive lowpass filter (LPF) with a time constant 
of 10 ms, selected to track power fluctuations corresponding to the duration of in­
dividual phonemes. The lowpass filtered correlation values from each microphone 
pair is compared to a threshold of zero to make a binary decision about the range 
of SIR in that frequency band. Finally, an overall binary decision about the range 
of SIR is reached based on the majority of frequency bands voting for high or low 
SIR. 

efficacy of both modifications, as the worst performance for each condition is 
generally obtained with neither modification, while the best performance is 
always obtained with both modifications. 

Number of Microphones and Adaptive Filter Length Figure 11.4 
shows simulation results with both modifications and the same four combi­
nations of number of microphones and adaptive filter length as above, oper­
ating at three levels of SIR and in three levels of reverberation. In addition, 
performance of the underlying fixed beamformers is provided as a reference 
to assess the benefit due to the adaptive systems. 

Performance is generally better for longer filters than shorter ones. The 
magnitude of this difference is greater in reverberation, because longer filters 
are better able to cancel not only the direct interference but also some of its 
reflections. The improvement in the anechoic environment results from the 
longer filter providing a better approximation of the summed signal in the 
primary channel based on the difference signals in the reference channels. 
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Fig. 11.3. Effect of modifications discussed in the text on the intelligibility­
weighted gain, G I, The pairs of numbers labelling the abscissa indicate the number 
of microphones (2 or 5) and the adaptive filter length (10 or 100 ms), The primary 
delay was D = 5 ms, The speech and interference (babble) sources were located 
at 10° and 55° azimuth relative to array broadside, respectively. Signal levels were 
varied to produce SIRs of 0 and +20 dB (two columns), A room simulation [36] 
incorporating a free-space linear array (either 7-cm two-microphone array or 16-cm 
five-microphone array) was used with different wall absorption values to produce 
three acoustic environments (three rows): anechoic, moderately reverberant (+6 dB 
direct-to-reverberant ratio, 150 ms reverberation time), and strongly reverberant 
(-2 dB direct-to-reverberant ratio, 620 ms reverberation time), Full processing de­
tails and parameters are given in [35]. 

In reverberation, increasing the number of microphones provides improve­
ments , although small, because the system can direct additional nulls toward 
the strongest reflections of the interferer. However, these simulations only 
include a single interferer, and it is expected that the benefit of additional 
microphones would be more pronounced in the presence of multiple indepen­
dent sources of interference. 

In the anechoic environment, increasing the number of microphones de­
grades performance in some cases due to attenuation of the desired signal. 
Although the positive values of G[ seen in Figure 11.4 are primarily the 
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result of interference suppression, there is often a secondary, negative com­
ponent due to attenuation of the desired signal. In most cases, this effect 
is small (typically 3 dB or less in reverberant conditions). However, for the 
five-microphone array in an anechoic environment, this effect causes 10-20dB 
of desired signal attenuation. 4 This occurs because the five-microphone array 
can steer four independent nulls; with only one interferer to cancel and the 
array slightly mis-steered, it directs a null towards the desired source, which 
it finds during intervals when SIR is low enough to allow adaptation but 
which still contain the desired speech. Because the processing improves over­
all SIR by suppressing the interference more than the desired signal, it might 
be possible to counteract this effect by simply increasing the broadband gain. 
However, the desired signal attenuation is not uniform across frequency, so 
any such compensation would need to be rather sophisticated in order to 
compensate for frequency-specific effects. Overall, this result indicates that 
for arrays with more than two microphones, the modifications mitigate, but 
do not completely eliminate, desired signal cancellation. 

Effect of Reverberation Another important trend in Figure 11.4 is the 
decrease in performance of the adaptive system with increasing reverbera­
tion. This is consistent with previous evaluations of the modified GSC [34], 
as well as with work on other adaptive beamformers discussed in the remain­
der of this section. Increasing reverberation results in decreasing interference 
cancellation because it increases the effective length of the impulse response 
relating the primary and reference signals, so that less of that response can 
be matched by a fixed-length filter. As a result, performance of any adaptive 
system declines with increasing reverberation for constant filter length. Con­
versely, cancellation performance improves with increasing filter length for a 
fixed level of reverberation. 

The foregoing analysis assumes that the only effect of increasing reverber­
ation is to increase the length of the temporal response needed to characterize 
the relationship between primary and reference signals. It also assumes that 
this temporal response can be adequately matched by an adaptive filter of 
sufficient length. In real-world applications, however, both the stationarity 
of the reverberant environment and the practical adaptation time of the fil­
ter will limit the temporal range over which increasing reverberation can be 
counteracted by increasing the length of the adaptive filter. In extreme rever­
beration the interference sound field is approximately diffuse and no adaptive 
benefit is possible; interference reduction is limited to the directivity provided 
by the underlying fixed processing. 

4 The most extreme case of this occurs for the five-microphone array with 10-ms 
adaptive filter in the anechoic space at 0 dB SIR, where the G I value of 12 dB 
results from 31 dB of interference suppression together with 19 dB of desired 
signal attenuation. 
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Fig. 11.4. Effect of design parame­
ters. Intelligibility-weighted gain, G I, 
for a generalized sidelobe canceler with 
both modifications discussed in the 
text, for three SIRs and three levels 
of reverberation. Values in each cluster 
of bars represent results for two- and 
five-microphone arrays with adaptive 
filter lengths of 10 ms and 100 ms. The 
lines on each plot indicate the perfor­
mance of the underlying fixed beam­
former. Other parameters and condi­
tions are as in Figure 11.3 

Other GSC Modifications and Evaluations Kompis and Dillier designed 
and evaluated adaptive systems with two microphones placed at the ears, us­
ing processing similar to the modified GSC described above. They incorpo­
rated directional microphones [37,38) and explored variations of correlation­
based inhibition [39,40]. Objective intelligibility tests with normal-hearing 
and hearing-impaired subjects verified that the modified adaptive beam­
former with directional microphones always outperformed either the under­
lying fixed beamformer with directional microphones or the same adaptive 
beamformer with omnidirectional microphones. Although they did not mea­
sure SRTs directly, their results indicate that the adaptive beamformer im­
proved SRTs by more than 5 dB compared to the fixed beamformer (both 
using directional microphones). 

Vanden Berghe and Wouters [41] studied an adaptive GSC-based system 
for a small endfire array consisting of two directional microphones spaced by 
3 cm on a behind-the-ear (BTE) hearing aid shell. They showed a clear benefit 
(5 dB in SRT) of adaptive processing in moderate reverberation relative to a 
single directional microphone, but it is not clear if similar benefit could have 
been obtained using the underlying fixed beamformer. 
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Van Hoesel and Clark [42] evaluated a modified GSC as a preprocessor for 
a cochlear implant system. They used two ear-level cardioid microphones and 
an alternate inhibition method to freeze the adaptive weights when the SIR is 
high. Physical measurements showed approximately 10 dB of interference re­
duction, compared to 3 dB for the underlying fixed beamformer. Intelligibility 
tests with four experienced cochlear implant users in a moderately reverber­
ant environment showed virtually no effect of the adaptive beamformer on 
speech in quiet (indicating no degrading effect of the beamforming) and an 
improvement of 35 percentage points in sentence recognition at 0 dB SIR, 
relative to the underlying fixed beamformer. 

Hamacher et al. [43] also evaluated cochlear implant preprocessors based 
on the modified GSC with and without spectral subtraction to suppress dif­
fuse noise and reverberation. For a single directional interferer in moderate 
and strong reverberation, the modified GSC improved SRTs by 6 and 2 dB, 
respectively, relative to the underlying fixed beamformer, while the modified 
GSC with spectral subtraction improved SRTs by 3 and 2 dB in those same 
conditions. However, in a moderately reverberant space with a large num­
ber of independent interferers, the addition of spectral subtraction improved 
SRTs by 4dB, compared to only 1 dB without spectral subtraction. 

11.5.2 Scaled Projection Algorithm 

Other researchers have attempted to design robust adaptive beamformers 
for hearing aids using alternate techniques. Hoffman and Buckley [44] im­
plemented a robust processor based on a combination of linear, quadratic, 
and eigenvector constraints using the scaled projection algorithm [45] in con­
junction with a GSC. They evaluated head-sized arrays with three, five, and 
seven microphones and measured intelligibility-weighted gains and speech 
reception thresholds. Results show that this approach provides 6-8 dB im­
provement over the underlying fixed beamformer in moderate reverberation 
and approximately 2 dB in strong reverberation. These improvements are 
robust for any number of microphones, even in the presence of strong de­
sired signals [31]. As in other work, performance is limited by reverberation, 
and in extreme reverberation the performance of the adaptive beamformer 
approaches that of the underlying fixed beamformer. 

Kates and Weiss [25] also used the scaled projection algorithm, with and 
without a composite correlation matrix intended to improve performance in 
the presence of strong desired signals and correlated reflections. In reverber­
ation, the scaled projection algorithm alone was superior to delay-and-sum 
beamforming, but showed little improvement over the fixed superdirective 
array discussed in Section 11.4. Performance of the scaled projection algo­
rithm with the composite correlation matrix was inferior to that of the scaled 
projection algorithm alone. 
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11.5.3 Direction of Arrival Estimation 

Wang et al. [46] and Korompis et al. [47] investigated a two-stage approach 
consisting of direction-of-arrival (DOA) estimation followed by maximum en­
ergy array processing designed to preserve the signal arriving from a range 
of angles surrounding the look direction while directing nulls towards known 
interference locations. If accurate estimates of source location are available, 
then the maximum energy approach effectively nulls directional interferers. 
However, these results do not demonstrate effective methods for performing 
the DOA estimation adaptively and robustly in the presence of reverberation 
and strong desired signals. 

The location-estimation null-steering (LENS) algorithm [48] takes a sim­
ilar approach. First, it uses a narrowband technique to estimate optimal null 
locations for each frequency to minimize interference power. These estimates 
are subject to robustness control processing that limits desired signal cancel­
lation and then are used to formulate adaptive filters that steer the nulls ac­
cordingly. Simulations demonstrate that the LENS algorithm provides rapid 
convergence and robust performance in the presence of strong desired signals 
and steering errors, for multiple interferers. As with the adaptive algorithms 
discussed previously, performance decreases with increasing levels of rever­
beration. 

11.5.4 Other Adaptive Approaches and Devices 

Other attempts to design adaptive beamforming hearing aids have encoun­
tered similar problems and limitations with respect to strong desired signals 
and reverberation. Shields and Campbell [49,50] evaluated a system that per­
forms adaptive beamforming independently in a number of subbands, with 
adaptation strategies that vary from band-to-band based on the coherence 
between bands. Tests with normal-hearing and hearing-impaired listeners 
demonstrated that the system improves intelligibility for SIRs up to 3 dB 
in moderate reverberation, but it has little effect in strong reverberation and 
was not evaluated at high SIRs. 

McKinney and DeB runner [51] and DeB runner and McKinney [52] have 
investigated two systems: an array of two hypercardioid microphones with 
a multirate filter bank plus a modified narrowband minimum mean-square 
error algorithm, and a four-microphone array consisting of two hyper cardiod 
microphones at each ear, separated by 1.25 cm in the horizontal plane. Both 
of these arrays exhibited promising performance in anechoic environments, 
but should be evaluated further in the presence of reverberation. In addition, 
the four-element array exhibited substantial reductions in performance at 
high SIR. 

Investigators at Planning Systems Inc. have developed a prototype device 
based on a combination of fixed and adaptive beamforming. A 9-cm, four­
microphone endfire array was attached to the side of the user's eyeglass frames 

Page 252 of 401



244 Greenberg and Zurek 

for testing. Evaluations with hearing-impaired listeners in a variety of acoustic 
environments indicate that the array is more effective (up to 5 dB in SRT) 
than a commercially-available directional-microphone hearing aid [53]. 

AVR Communications, Ltd., markets a hand-held, 15-cm four-microphone 
adaptive beamforming array that uses FM transmission to interface to an ear­
level hearing aid. The device is advertised to reduce interferers by 15 dB or 
more. 

11.6 Physiologically-Motivated Algorithms 

The normal human auditory system does a remarkable job of extracting a 
desired speech signal from interference. For spatially distinct interferers, the 
typical SRT of -5 dB for normal-hearing persons listening monaurally is aug­
mented by an additional 5 dB from binaural hearing. This advantage is com­
prised of equal contributions from head shadow and binaural interaction [54]. 

Some researchers have proposed microphone-array hearing aids utilizing 
two microphones placed at the ears, with processing based on the binau­
ral characteristics of the human auditory system [55-57]. Frequency-domain 
analysis of the microphone signals is followed by computation of intermi­
crophone phase and level differences in each frequency band. A frequency­
dependent weight vector is set to unity for bands with intermicrophone 
phase/level differences near values expected for sound sources arriving from 
straight ahead; lower weight values are applied to attenuate frequency bands 
with values deviating from the desired range. The weight function can also 
be modified based on estimates of the diffuseness of the sound field derived 
from the intermicrophone coherence [55], or based on voice detection and 
pitch estimates [58]. 

Evaluations of these algorithms revealed no benefit for normal hearing 
subjects listening at relatively low SIRs, but some improvements for hearing­
impaired listeners operating at moderate SIRs. In a variety of acoustic en­
vironments, hearing-impaired listeners show modest improvements in speech 
intelligibility and listener satisfaction at SIRs ranging from -3 dB to +3 dB 
[55,57,59]. The Audallion BEAMformer™ is a commercial device using this 
type of algorithm. It was developed at AudioLogic Inc. and is available from 
Cochlear Ltd. as a preprocessor to their cochlear implant system. Evalua­
tion of this device in a relatively nonreverberant environment showed that 
eight out of nine implant users tested at +5 or + 10 dB SIR received substan­
tial improvements in intelligibility scores, while two implant users tested at 
+20dB SIR showed no improvement [60]. In another study, four cochlear im­
plant users showed an average SRT improvement of 2.5 dB in two moderately 
reverberant environments, but no improvement in stronger reverberation, rel­
ative to the underlying fixed beamformer [61]. 
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11. 7 Beamformers with Binaural Outputs 

The above discussion largely assumes that the array processor uses inputs 
from multiple microphones to produce a single output that is presented 
monaurally or diotically5. However, some hearing-impaired listeners retain 
significant binaural hearing abilities and benefit from wearing two hearing 
aids [17,62]. This suggests designing microphone-array hearing aids that have 
two outputs to preserve binaural cues, allowing the wearer to use any residual 
binaural capacities both for noise reduction and for maintaining a sense of 
auditory space. 

A straightforward way to obtain binaural outputs is by using two indepen­
dent arrays, one on each side of the head, and presenting the output of each 
array to the ipsilateral ear. Soede et al. [28] compared monaural and binau­
ral presentation of signals from endfire arrays worn on eyeglass temples and 
found that the SRT of hearing-impaired listeners improved by 2.5 dB with 
the addition of the second array; this improvement is comparable to that of 
binaural over monaural hearing aids (using omnidirectional microphones). 

Another approach is to design a single array with two outputs, where 
processing is a compromise between improved directionality and preserva­
tion of binaural cues. Merks et al. [63] suggested a head-worn system based 
on a five-element broadside array, with two sets of fixed weights selected to 
direct the main lobes 10° to the left or right. Desloge et al. [64] designed 
and evaluated a variety of techniques for merging array processing with the 
preservation of binaural cues. One simple design is the lowpass/highpass sys­
tem, where signals are split into two frequency bands. The low-frequency 
components obtained from microphones placed near the ears are presented 
binaurally to preserve directional cues, while high-frequency components are 
array-processed to improve directionality. This design takes advantage of the 
fact that low-frequency interaural delay cues are particularly important for 
sound localization [65], while most array processing techniques are more ef­
fective at high frequencies. 

Using normal hearing listeners, Welker et al. [66] evaluated a 
lowpass/highpass system with adaptive beamforming in the high-frequency 
channel and found that the cutoff frequency between the low- and high­
frequency bands effectively controlled the tradeoff between localization ability 
due to binaural cues and intelligibility improvement due to noise reduction. 
However, a subsequent study [67] suggests that hearing impaired listeners do 
not benefit as much as expected from improved SIR in the high frequency 
band, and may require that the beamformer operate over the entire frequency 
range in order to obtain practical benefits. This result is likely due to limita­
tions on the ability of hearing-impaired listeners to extract useful information 
from audible speech cues in the high frequency region [68,69] and emphasizes 
the need for evaluations including hearing-impaired subjects. Furthermore, 

5 same signal at both ears 
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it suggests inclusion of a user-controlled switch that selects between differ­
ent operating modes for interference reduction and binaural cue preservation, 
similar to recent commercial use of switching between directional and omni­
directional microphones. 

11.8 Discussion 

Recent technological advances and new commercial devices hold promise for 
overcoming the difficulties experienced by hearing aid users listening to speech 
in background noise. In some acoustic environments, hearing aids with a sin­
gle directional microphone improve SRTs by 3-4dB, a modest intelligibility 
benefit. While directional microphones alone provide modest benefits, those 
benefits are generally additive, supporting the use of directional microphones 
as elements of larger arrays. 

Results of studies with fixed beamformers indicate that arrays spanning 
10-15 cm provide directivity values up to 10 dB, which is expected to provide 
substantial benefits for understanding speech in background noise. Although 
simple two-microphone broadside arrays with uniform weights provide a few 
dB improvement over a single directional microphone, the best performance 
is provided by five-microphone endfire arrays using directional microphones. 
Such an array must be hand held or body worn and is likely to be conspic­
uous, making it cosmetically unacceptable to a significant segment of the 
population. 

Two-element adaptive arrays with ear-level microphones offer a cos­
metically acceptable option, particularly if wireless communication can be 
achieved between elements at the ears. The performance of two-microphone 
adaptive systems varies with the acoustic environment, but several studies 
suggest that modified generalized sidelobe cancelers provide 5-7 dB improve­
ment over comparable fixed beamformers in moderate reverberation, for a 
total improvement of 10-12 dB over a single omnidirectional microphone. 
This additional benefit of the adaptive system is significant in reaching the 
5-10dB improvement in SIR typically required by hearing aid users to obtain 
intelligibility comparable to normal-hearing listeners. These adaptive systems 
generally provide the same benefit as the underlying fixed beamformer in 
extreme reverberation, with the notable exception of the adaptive system 
augmented with spectral subtraction [43], which warrants further evaluation. 

The benefit of adaptive beamformers with more than two microphones 
remains to be established. These systems have the cosmetic disadvantages 
of five-microphone fixed beamformers, as well as high computational require­
ments. Even so, such systems may appeal to a portion of the hearing-impaired 
population if they substantially outperform other microphone arrays. With 
more than two microphones, the modified generalized sidelobe canceler still 
suffers some desired signal cancellation, making the LENS algorithm [48] and 
Hoffman's robust processing [44] the most promising candidates. 
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Although computer simulations and tests with normal-hearing listeners 
play an important role in algorithm selection and refinement, future evalua­
tions of fixed- and adaptive-beamforming hearing aids must include hearing­
impaired listeners. Physical metrics and tests with normal hearing listeners 
often overestimate the benefit to hearing-impaired listeners [26,28]. Presum­
ably this is because intelligibility-weighted performance metrics are appro­
priate for normal-hearing listeners, but underestimate the importance of low 
frequencies for hearing impaired listeners [26,68,69]. This is a serious chal­
lenge in the design of microphone-array hearing aids, because it reduces the 
expected benefit of array processing, which generally provides greater direc­
tivity at higher frequencies. 

Field trials are also necessary to evaluate algorithms under realistic acous­
tic conditions, since laboratory experiments cannot consider the full range of 
acoustic environments encountered by hearing aid users in their daily lives. 
The most significant acoustic variable is the degree of reverberation. Rever­
beration has two main effects on array performance, related to the interfer­
ence and the desired signal. Because these effects are further complicated 
by some aspects of adaptive beamformers, the following discussion first con­
siders the performance of arrays with fixed directional patterns (directional 
microphones and fixed beamformers). 

Because a fixed system always presents the same directional pattern, the 
amount by which it attenuates the direct wave and reflections of a rever­
berant source is determined by the source's frequency content and angles of 
incidence on the array. The direct waves of the desired signal and interference 
will be treated differently, because the desired signal arrives from the look 
direction and is not attenuated, while the interference arrives from outside 
the look direction and will be attenuated according to the angle of incidence. 
Reflections of both the desired signal and the interference will arrive from all 
directions and will be attenuated approximately equally. In low-to-moderate 
reverberation, the direct wave effect will dominate, and the directional pat­
tern will improve SIR. In extreme reverberation, the reflected energy effect 
will dominate, and the fixed directional pattern will not improve SIR. 

Rather than considering the reverberation time, for these purposes 
the level of reverberation is more accurately quantified by the direct-to­
reverberant ratio. The direct-to-reverberant ratio may differ for different 
sources in the same acoustic environment, depending on their proximity to 
the array. In any level of reverberation, the benefit of a fixed system can be 
predicted from the directional pattern, the source locations, and the direct-to­
reverberant ratios of the desired signal and interference. In low-to-moderate 
reverberation, SIR improvements primarily result from the array's effect on 
the direct waves, discussed above. In strong reverberation, SIR improvements 
are primarily related to the amount by which the direct-to-reverberant ratio 
of the desired signal exceeds the direct-to-reverberant ratio of the interfer­
ence. 
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In contrast to fixed systems, adaptive beamformers attenuate interfer­
ence primarily by directing nulls toward the direct wave of the interfer­
ence; the magnitude of this cancellation can be estimated from the direct-to­
reverberant ratio of the interference. In moderate reverberation, long adaptive 
filters may provide secondary benefits by nulling strong reflections and/or 
modeling the pattern of reflections. In extreme reverberation, the interfer­
ence resembles isotropic noise, and optimal performance is provided by a 
fixed beamformer designed to maximize directivity. As a result, in extreme 
reverberation, the performance of well-designed adaptive beamformers will 
be comparable to that of the underlying fixed beamformer, with SIR im­
provements determined by the difference in direct-to-reverberant ratios, as 
discussed above. 

An alternate way to describe the above effects of reverberation is by con­
sidering improvement in SIR as a function of level of reverberation. (See 
Figure 10 of [34] and Figure 7 of [24] for examples.) For interference alone, 
the performance of a fixed beamformer exhibits moderate, monotonic vari­
ation with direct-to-reverberant ratio, while adaptive beamformer perfor­
mance greatly exceeds fixed beamformer performance in low reverberation 
and asymptotically approaches the fixed performance in extreme reverbera­
tion. Including the desired signal6 reduces the fixed beamformer's overall per­
formance by an amount related to the desired signal's direct-to-reverberant 
ratio. This of course also affects the asymptotic performance of adaptive 
beamformers. 

The benefits of microphone-array hearing aids will ultimately depend 
strongly on the nature of the acoustic environments in which they are used. If 
hearing aid users frequently experience difficulties due to interferers in mild­
to-moderate reverberation, then directional microphones, fixed beamformers, 
and adaptive beamformers will each provide incremental benefits. In strong 
reverberation with the desired source in close proximity to the array (thereby 
increasing the direct-to-reverberant ratio), directional microphones and fixed 
beamformers will continue to provide practical benefits. If interference sources 
are in close proximity, the additional complexity of adaptive systems will be 
worthwhile. 

Increasing reverberation requires longer adaptive filters to reach the same 
level of interference reduction, and for many adaptive algorithms, the con­
vergence time is proportional to filter length. Real-world constraints on fil­
ter length, convergence time, and stationarity of the user and the acoustic 
environment will limit the additional improvements provided by adaptive 
systems. 

Other acoustic variables of interest are the number and relative levels of 
interferers. In theory, the main benefit of adaptive arrays with more than 
two microphones (relative to adaptive arrays with two microphones) will be 

6 either by considering the entire signal as favorable to intelligibility or distinguish-
ing between early and late reflections, as in [24] 
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manifest in environments with multiple independent, directional interferers. 
Survey data on the frequency with which hearing-aid users encounter such 
interferers would be useful for specifying the number of microphones required 
in adaptive systems. 
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12 Small Microphone Arrays with Postfilters 
for Noise and Acoustic Echo Reduction 

Rainer Martin 
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Abstract. This chapter presents arrays with two microphones and a postfilter for 
noise reduction and acoustic echo cancellation. The postfilter algorithm exploits 
the spatial coherence of the microphone signals. In contrast to single-microphone 
enhancement algorithms, it does not need an explicit noise power spectral density 
estimate. An analysis of the mean square error reveals that the coherence properties 
of the microphone signals are of paramount importance for the performance of the 
postfilter. Coherence measurements of signals in various acoustic environments are 
presented. The influence of the directivity and orientation of the microphones on 
the measured coherence is discussed and rules for the design of the acoustic interface 
are given. Finally, applications of this approach are presented. The two-microphone 
algorithm is employed to reduce the non-stationary noise in the voice intercom of a 
computed tomography scanner. It is also combined with echo cancellers to be used 
in a robust desktop conferencing device. 

12.1 Introduction 

Hands-free operation of voice communication terminals presents a challeng­
ing signal processing task. The relatively large distance between speaker and 
microphones, the feedback of acoustic echoes, and the "anywhere and any­
time" paradigm of mobile communications can all contribute to considerably 
disturbed speech signals. To achieve a reasonable communication quality the 
hands-free terminal must therefore reduce disturbing environmental acoustic 
noise as well as acoustic echoes in received speech signals. 

Because of their ease of implementation and use, single-microphone speech 
enhancement systems are favored in many applications. However, multi­
microphone systems have considerable advantages over single-microphone 
systems when the noise is non-stationary or the speech is reverberated. Multi­
microphone systems take the spatial correlation of sound fields into account. 
The spatial correlation can be exploited to dereverberate the desired speech 
signal and to reduce noise and acoustic echoes. The simplest system which 
takes advantage of some of these benefits is the two-microphone array. 

In contrast to larger arrays, the two-microphone approach relies less on the 
beamforming gain of the array but more on the noise and echo suppression 
of a postfilter. The post filter combines and processes the two microphone 
signals in order to compute an estimate of the clean speech signal. The array 
can be easily implemented using widely available stereo AID converters. 
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Figure 12.1 depicts the basic components of the two-microphone speech 
enhancement system. The microphone signals are assumed to be a linear 
combination of clean speech signals sn(t) and noise signals vn(t), where n E 
{l, 2} denotes the microphone index. The system is symmetric, i.e., we assume 
that both microphones pick up speech and noise alike. This is quite different 
from the noise cancellation algorithm [1], where the primary microphone picks 
up both speech and noise and the secondary microphone serves as a noise 
reference only. It has been demonstrated that the noise cancellation approach 
does not work well in reverberant environments [2]. According to Fig. 12.1, 
the sampled microphone signals xdk] and x2[k] (sampling frequency Is) are 
adjusted for possible time delay differences in the range of - T :s: T :s: T, where 
T denotes the maximum delay difference. The signals are then combined 
and filtered. The filtering takes the spatial correlation (coherence) of the 
microphone signals into account and constructs an estimate s[k] of the clean 
speech for instance by minimizing a mean square error criterion. In contrast to 
most single-microphone algorithms, the coherence based approach does not 
rely on an explicit noise power spectral density estimate. Its performance, 
however, depends to a large extent on the acoustics of the environment. 

Two-microphone arrays with coherence based postfilters were pioneered 
in [3,4] and later improved in [5-8]. Systems with more microphones and with 
significantly higher array gains were investigated in e.g. [9,10] and in [11]. 
The latter approach also makes use of subarrays and sub band processing. 

In this contribution we will first present the magnitude squared coherence 
function (MSC) as a tool for the analysis of the spatial correlation of the mi­
crophone signals. Using the Wiener filter as an example, we will then motivate 
in Section 12.3, why the spatial coherence of speech and noise signals is im­
portant for the performance of the two-microphone post filter. Finally, we will 
describe applications of the two-microphone postfilter in the voice intercom 
of a computed tomography scanner and in desktop conferencing experiments. 

I VI (t) 

SI(t) + ~~ 
-@--I- ~t ~ t 

time delay signal combining 

estimation and filtering 
~ D/A 
S[kl~ 

Fig. 12.1. Block diagram of the symmetric two-microphone noise reduction system. 
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12.2 Coherence of Speech and Noise 

The MSC, CX1X2 (.0), is a frequency domain measure of correlation between 
two signals. As it turns out, it is also a powerful tool for analyzing the po­
tential and the performance of multi-microphone noise reduction systems. 
In this section we first define the MSC and the reverberation distance, an­
other measure which helps to characterize the acoustic environment. We then 
present coherence measurements for various noise types and for speech. We 
will find that the directivity of the microphone and its orientation towards 
the speaker play an important role. The aim of this section is to derive rules 
for the design of the acoustic interface of the two-microphone noise reduction 
system. 

12.2.1 The Magnitude Squared Coherence 

For stationary input signals, Xl [k] and X2 [k] , the MSC is defined as the ratio of 
the magnitude squared cross power spectral density, PX1X2 (.0), to the power 
spectral densities, PX1X1 (.0) and PX2X2 (.0), of the input signals [12,13] 

(12.1) 

where .0 denotes a normalized frequency variable, .0 = 2n 1/ Is. The MSC 
takes on values between zero and one, 0 ::; CX1X2 (.0) ::; 1. 

It is well known that the coherence of two bandlimited and sampled signals 
recorded with omnidirectional microphones in an ideally diffuse (isotropic) 
sound field is given by [14,15] 

C. . (.0) _ sin2 (.0 18 dmic c- l ) 

dIffuse - (.0 Is dmic C- l )2 ' 
(12.2) 

where dmic denotes the distance between the microphones and c the speed 
of sound. Cdiffuse (.0) attains its first zero at frequency IO(dmic) = c/(2dmic). 
The sound field is highly correlated for frequencies below IO(dmic) while the 
correlation is low for frequencies above 10 (dmic). Equation (12.2) is a nec­
essary but not a sufficient condition for a sound field to be ideally diffuse. 
Hence, it is possible to construct sound fields which have an MSC according 
to (12.2) and which are not ideally diffuse [16]. 

Besides the spatial distribution of the sound sources and the room acous­
tics the directivity of the microphones also has an impact on the measured 
coherence. For omnidirectional microphones the coherence of the ideally dif­
fuse sound field is given by (12.2) independent of the microphone orienta­
tion. For directional microphones the coherence depends on the orientation 
of the microphones to each other. Figure 12.2 plots the coherence of the ide­
ally diffuse sound field for microphones with a cardioid directivity pattern. 
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Fig. 12.2. Magnitude squared coherence of two microphone signals in an ideally 
diffuse noise field [17]. The microphones have a cardioid directivity pattern and 
different look directions. The microphone distance is 0.1 m. 0° equals broadside 
orientation. 
(a): both microphones are turned clockwise by the same angle; 
(b): one microphone is turned clockwise, the other counterclockwise. 
(--): 30° turn, (- . -): 60° turn, ( ... . . ): 90° turn. 

In Figure 12.2a the microphones were turned from a broadside orientation 
(0°) clockwise by the same angle. In Figure 12.2b one microphone is turned 
clockwise, the other is turned counterclockwise by the same angle. In the 
90° position the directions of maximal sensitivity face each other. When the 
microphones look in different directions, the MSC at low frequencies is sig­
nificantly reduced [17] . 

12.2.2 The Reverberation Distance 

The coherence of the microphone signals depends on the amount of spatially 
uncorrelated sound energy and thus also on the amount of reverberated sound 
within these signals. The reverberation distance [14], r H, can be used to char­
acterize the ratio of direct sound energy to reverberated sound energy. When 
a sound source radiates sound equally under free field conditions in all spatial 
directions, the energy density at the distance 

(12.3) 

has the same magnitude as the steady-state energy density which is obtained 
when the same sound power is radiated in a reverberant enclosure. nAb de­
notes the absorption coefficient averaged over all walls of the enclosure. A is 
the area of all of these walls, V is the volume of the enclosure, and T60 is 
the reverberation time. The approximation on the right hand side of (12.3) 
is obtained when the reverberation time is computed using Sabine's equa­
tion [14], which holds when nAb is small compared to unity. For an office 
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room with V = 100m3 and a reverberation time of 0.7s the reverberation 
distance is about rH :::::: 0.67m. The direct sound energy outweighs the rever­
berated sound energy when the receiver is within a sphere with radius rH. 
The portion of direct sound energy in the microphone signals is significantly 
increased if the sound source and the sound receiver have a pronounced direc­
tivity. For microphones with a hypercardioid sensitivity pattern the effective 
reverberation distance is approximately twice as large as the reverberation 
distance of omnidirectional receivers. 

12.2.3 Coherence of Noise and Speech in Reverberant Enclosures 

In this section we present and discuss coherence measurements for noise and 
speech signals. As we will see in Section 12.3, the two-microphone postfilter 
approach relies on a low coherence of noise signals and a high coherence of 
the desired speech signal. 

Coherence of Office Noise Figure 12.3 shows the coherence of the ideally 
diffuse sound field (solid) and the measured coherence of noise in a reverber­
ant office room (dotted). The noise in this room is generated by computer fans 
and hard disk drives. The microphones have an omnidirectional directivity 
pattern. We find that the width of the main maximum is well modeled by the 
coherence of the ideally diffuse sound field. To avoid coherent noise within 
the telephone bandwidth of 300 :::; f :::; 3400 Hz, the microphone distance 
must be larger than 0.4 m. 

Coherence of Car Noise Figure 12.4 plots the coherence of noise recorded 
in a car. In this case the microphones have a hypercardioid directivity pattern 
and were turned towards the driver by about 15 degrees. In accordance with 
Fig. 12.2 the application of directional microphones results in a significant 
reduction of the MSC at low frequencies. 

Coherence of Speech In contrast to the spatially distributed noise sources 
of the typical, noisy environment (office or car), the near-end speaker can be 
modeled by a point source provided the microphones are located sufficiently 
far from the speaker's mouth. The transmission of the speech signal from the 
mouth of the speaker to the microphones can be then described by linear 
transfer functions. 

The MSC as defined in (12.1) is invariant under linear transformations 
of the input signals [12]. The MSC of a single speaker in a noise-free, re­
verberant enclosure should be therefore close to one regardless of where the 
speaker is situated with respect to the microphones and regardless of the re­
verberation distance. However, in a practical application where the coherence 
must be estimated from finite signal segments the estimated coherence might 
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Fig. 12.3. Coherence of the ideally diffuse sound field (solid) and measured co­
herence (dotted) of office noise for omnidirectional microphones and microphone 
distances d mic = O.lm (a), dmic = 0.2m (b), dmic = O.4m (c), and dmic = 0.6m 
(d). 

be severely biased. If, for instance, the coherence is estimated by averaging 
magnitude squared DFT frames (periodograms) the coherence estimate of 
reverberated speech is biased towards zero. The bias depends on the ratio 
of the block length of the DFT to the length of the impulse response of the 
acoustic path, and on the distribution of energy in the impulse response [17]. 

Figure 12.5 plots the estimated coherence of a speech signal uttered by 
a speaker in a reverberant room (T60 = 0.7 s) for omnidirectional and for 
hyper cardioid microphones and three distances from speaker to microphones. 
To estimate the coherence, the speech signals were segmented into frames of 
128 signal samples at a sampling rate of fs = 8 kHz. To improve the rendering 
of the coherence plots, the signal frames were zero-padded to a DFT frame 
length of 512 samples. A short term coherence estimate was then computed 
on the basis of short time averaged periodograms and the final coherence 
estimate by long term averaging the short term coherence estimates . Taking 
the directivity of a human speaker into account, the effective reverberation 
distance of this setup is about 0.9 m for omnidirectional microphones. For 
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Fig. 12.4. Measured coherence of noise in a car for hypercardioid microphones and 
microphone distances dmic = O,lm (a), dmic = O,2m (b), dmic = O.4m (c), and 
dmic = O,6m (d), 

the hyper cardioid microphones the effective reverberation distance is about 
1.6 m, We find that even when the speaker is well within the reverberation 
distance the coherence is significantly below unity, This is a result of the 
relatively large reverberation time and the small frame size of the coherence 
estimation procedure, The estimated coherence is less biased in environments 
with shorter reverberation times, e,g" in a car. Nevertheless, it is important 
that the speaker is located well within the reverberation distance since the 
coherence will be additionally reduced by incoherent ambient noise, 

Similar results are obtained when a speech signal is radiated from a (small) 
loudspeaker of a hands-free conferencing terminal into the acoustic environ­
ment. Since the feedback of speech echoes via the noise reduction system to 
the far-end side is not desired, the coherence of these speech echoes should 
be low. They can be then treated in the same way as ambient noise. The 
coherence of the microphone signals in the presence of speech echoes depends 
to a large extent on the placement of the loudspeaker with respect to the 
microphones, on the directional pattern of the microphones, and the room 
acoustics. To increase the robustness of a hands-free conferencing terminal, 
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Fig. 12.5. Long term speech spectrum (a) and long term average of the MSC of 
a speech signal in an office room for omnidirectional (b) and for hypercardioid (c) 
microphones and various distances ((--): 0.5 m; (00 00 .): 1 m; (- - -): 2 m) from 
speaker to microphones. The distance between microphones is 0.4 m. 

the coupling between the loudspeaker and the microphones and the coherence 
of the speech echoes must be minimized. This can be, for instance, achieved 
by using directional microphones and by placing the loudspeaker in the di­
rection of minimum microphone sensitivity. 
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12.3 Analysis of the Wiener Filter with Symmetric 
Input Signals 

In this section we compute the mean square error of the two-microphone 
adaptive algorithm with symmetric input signals when the filter is adapted 
by means of the unconstrained Wiener filter [18]. In contrast to other Wiener 
filter optimization approaches, we do not use the undisturbed desired speech 
signal as a reference in the derivation of the optimal filter. We show that 
the performance of the system can be characterized using the magnitude 
squared coherence (MSC) function of the microphone signals. The analysis 
supplements the coherence measurements of the previous section. 

For the computation of the linear MMSE filter and its mean square error 
we consider an IIR filter as shown in Figure 12.6a and assume that the input 
signals xn[k] = sn[k] + vn[k], n E {I, 2}, are the sum of clean speech signals 
sn[k] and noise signals vn[k]. In Figure 12.6a, x2[k] = s2[k]+V2[k] is the input 
signal of the adaptive filter while Xl [k] = sdk] + vdk] serves as a reference 
signal. Since both microphones pick up speech and noise alike, the reference 
signal contains not only (reverberated) speech but also noise. 

The Wiener filter in Figure 12.6a minimizes the mean square error 
E{(XI[k] - S[k])2}, where s[k] is computed using the non-causal IIR filter. 
When the speech and the noise signals are statistically independent, the fre­
quency response of the Wiener solution is given by [18] 

Hw(D) = Pxlx2(D) = Ps1s2 (D) + Pv1v2 (D) 
Px2x2 (D) Ps2s2 (D) + Pv2v2(n) 

(12.4) 

Ps1s2 (D) Pv1v2 (D) 
= Ps2s2 (D) + Pv2v2 (D) + Ps2s2 (D) + Pv2v2 (D) , 

(12.5) 

which is recognized as a linear combination of two optimal subfil­
ters, see Figure 12.6b. Hsopt(D) = Psls2(D)/Px2x2(D) and Hvopt(D) = 
Pvlv2(D)/Px2x2(D) are linear MMSE estimators for the speech component 
sdk] and the (undesired) noise component vdk] of the reference signal xdk], 
respectively. The estimation error between the desired speech signal sdk] and 
the output of the Wiener filter SIk] can therefore be written in terms of the 
estimation errors of the subfilters 

(12.6) 

The overall minimum mean square error can be then decomposed into 

E {e;[k]} = E {(sdk]- SIk])2} (12.7) 

= E {(sdk]- ~dk]) sdk]} + E {v1[k]i}dk]} (12.8) 

= E {vi[k]} + E {(sdkJ- ~dkJ) sdkJ} - E {(vdkJ- i}dkJ) vl[I]2}~) 
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(a) (b) sdk] • xdk] ~ 
+ §dk] 

14- ~ x,[kJ BLJ 
~ Hw(rl) 

~dk] 

vdk] ~ 
Fig. 12.6. The Wiener filter (a) and its subfilter decomposition (b). 

where we used E {~~ [k]} = E { Vl [k]~l [k]} which holds for the MMSE filter. 
Using Parceval's relation, the minimum mean square errors of the uncon­

strained subfilters Hsopt (D) and H yopt (D) can be rewritten in the frequency 
domain as [18] 

n n 

= 2~ / PV1V1 (D) d.o - 2~ / HYopt (D) P:1V2 (D) d.o (12.10) 

and 

where Pxy(.o) denotes the (cross) power spectral density of the signals in the 
subscript. 
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Applying these results to (12.9), we obtain for the overall MMSE 

-IT -IT 

(12.14) 

The representation of the MMSE in the frequency domain shows that a suc­
cessful application (Le. a small MMSE) of the two-microphone Wiener filter 
to the speech enhancement task requires a high correlation of the speech 
components SI [k] and s2[k] and a low correlation of the noise components 
vI[k] and v2[k]. In the following sections we consider two special cases. 

12.3.1 No Near End Speech 

During speech pause, sdk] = s2[k] = 0, the MMSE E {e;[k]} is given by 

-IT -IT 

(12.15) 

The residual noise at the output of the optimal filter depends on the power 
spectral density PVl V1 (D) of the noise and the coherence CVl V2 (D) of the 
noise components. 

12.3.2 High Signal to Noise Ratio 

If the microphone signals have a high SNR the MMSE can be written as a 
function of the power spectral density of the speech signal and the coher­
ence CS,S, (D) of the speech components. The approximations PS2S2 (D) » 
PV2V2 (D) and PS2S2 (D) » WV 1V2 (D)1 2 lead to 

IT 

E {e;[k]} ~ ~ ! PSlSl (D) (1 - CS182 (D)) dD . 
21f 

-IT 

(12.16) 

A prerequisite for high speech quality is thus a coherence of the speech com­
ponents which is close to one. Incoherent speech components generated, for 
instance, by reverberation will be attenuated. Whether this attenuation con­
stitutes an improvement or a reduction of the perceived speech quality de­
pends on the ratio of coherent and incoherent speech sounds and the noise 
level. If the speech components are less coherent than the ambient noise the 
SNR will not be improved. A sufficient amount of coherent speech is there­
fore of paramount importance for a good performance of the coherence based 
two-microphone speech enhancement system. The coherence of speech signals 
can be improved by using directional microphones. 
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12.4 A Noise Reduction Application 

In this section we describe a noise reduction algorithm which is based on the 
Wiener filter as discussed in Section 12.3. The algorithm uses a time domain 
implementation of the Wiener filter and was developed for the voice intercom 
of a computed tomography scanner. 

The voice communication between a patient in a computed tomography 
(CT) scanner and the operator at the control desk is disturbed by acoustic 
noise which originates from the CT scanner. The acoustic noise in the gantry 
tunnel is due to numerous cooling fans and to the rotating x-ray imaging 
system. To reduce the fatigue of the operator, it is very desirable to reduce 
the level of noise transmitted from the gantry of the scanner to the con­
trol desk. Since the noise is highly non-stationary, single microphone speech 
enhancement methods do not perform well in this environment. 

Figure 12.7 illustrates the application of the two-microphone noise re­
duction algorithm in the computed tomography scanner. The microphones 
which pick up the patient's speech are mounted inside the gantry tunnel at 
a distance of 0.4 m. The microphone signals are sampled and processed on a 
DSP. The enhanced signal s[k] is then played back on a loudspeaker at the 
control desk. 

12.4.1 An Implementation Based on the NLMS Algorithm 

Figure 12.8 shows a block diagram of the time domain implementation. 
The microphone signals are band limited to 3600 Hz and sampled with 
Is = 8000 Hz. Preemphasis filters whiten the input signals and thus im­
prove the convergence of the adaptive filter. They also help to improve the 

prompt 
memory 

2 micro phon 

dmic = OAm 

Fig. 12.7. Application of the two-microphone noise reduction system for voice com­
munication in a computed tomography scanner. 
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t 
b[k] 

b[k] 

r-~~~~-( : }----' 
Fig. 12.8. Block diagram of the two-microphone noise reduction system. 
LP: lowpass filter, HP: highpass filter , i1T = T - T . 

reproduction of high frequency speech components in a fixed-point imple­
mentation. 

An adaptive time delay estimation algorithm compensates time delays 
between the two input signals. The time delay compensation is based on the 
correlation of the two microphone signals and on the SNR. When a high 
SNR is detected, a recursively smoothed correlation function is searched for 
maxima and the time delay is determined [17] . To avoid noticeable low pass 
or comb-filtering effects, the magnitude of the delay error after delay com­
pensation should be smaller than 1/(418}' 

The spectral density and the coherence properties of the microphone sig­
nals suggest processing the speech signal in two frequency bands. Above 
800 Hz, a linear phase adaptive Wiener filter is used which suppresses inco­
herent signal components (noise and reverberated speech) and passes highly 
coherent speech signals. Processing the frequency band below 800 Hz with 
this adaptive filter would result in noticeable fluctuations of the residual 
noise. These fluctuations are caused by the correlation of the noise signals at 
low frequencies . The noise in the band between 240 and 800 Hz is therefore 
suppressed by an adaptive scalar factor b[k] . This factor is controlled by the 
speech activity of the person inside the gantry tunnel. The speech activity is 
determined by the SNR estimator which is also used to increase the robust­
ness of the time delay estimation algorithm [19]. The frequency band below 
240 Hz is attenuated by 20 dB by means of a second order recursive highpass 
filter. The deemphasis filter at the output of the speech enhancement system 
restores the spectral characteristics of the speech signal. This noise reduction 
system is currently used in the Siemens SOMATOM PLUS 4 CT scannerl. 

1 Siemens and SOMATOM PLUS 4 are registered trademarks of Siemens AG , 
Germany. 
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The computational complexity of the algorithm is about 10 MIPS on a 24 bit 
fixed-point DSP. In what follows we briefly describe the algorithm. 

12.4.2 Processing in the 800 - 3600 Hz Band 

The Wiener filter is approximated by two antiparallel linear phase NLMS 
adapted FIR filters (see Figure 12.8). The adaptive filters with the coefficient 
vectors hdk] and h2[k] of order LH = 64 are updated using a linear phase 
version [20] of the NLMS algorithm (TH = LH/2), 

(I + IR) Yhpprel[k] 
hdk + 1] = hl[k] + aedk] T [k] [k] (12.17) 

Yhpprel Yhpprel 

(I + IR) Yhppre2[k] 
h2[k + 1] = h2[k] + ae2[k] T [k] [k] , (12.18) 

Yhppre2 Yhppre2 

where I denotes the identity matrix and 

000.. 1 
00 .. 
0.. 1 

IR = 0 (12.19) 
1 .. 0 

.. 00 
1 .. 000 

denotes a modified reflection matrix. The error signals el [k] and e2 [k] are 
given by 

and 

el[k] = Yhppre2[k - TH]- Y~predk]hdk] (12.20) 

e2[k] = Yhpprdk - TH]- Y~pre2[k]h2[k] , (12.21) 

Yhppredk] = (Yhpprel[k], ... , Yhpprel[k - LH ]) T 

Yhppre2[k] = (Yhppre2[k], ... , Yhppre2[k - LH]) T 

(12.22) 

(12.23) 

denote the data vectors of the filter input signals. a ~ 0.1 is the stepsize 
parameter of the NLMS algorithm. Because of the symmetry of the coefficient 
vector updates (I + IR) Yhppredk] and (I + IR) Yhppre2[k] and a symmetric 
initialization, the coefficient vectors hdk+l] and h2[k+l] are symmetric for 
all k. Therefore, only the first half of the vectors need to be adapted. 

To filter the combined input signals of the upper band, (Yhpprel[k] + 
Yhpprdk])/2, we use the mean of the two adaptive coefficient vectors hl[k] 
and h2 [k] and an additional smoothing window w = (WO,WI, ... ,WLH)T 

(12.24) 
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The symbol I8i denotes the pointwise multiplication of two vectors. The win­
dow function is used to smooth the frequency response of the adaptive fil­
ter. A Kaiser window [21] with a shape parameter /3Kaiser in the range of 
3::;: /3Kaiser ::;: 5 results in good speech quality and increased noise reduction. 
Since the coefficient vectors hdk] and h2[k] represent linear phase filters, the 
averaging of the vectors hdk] and h2 [k] in (12.24) yields an average of the 
amplitude spectra of these filters without errors due to mismatching phase 
spectra. 

12.4.3 Processing in the 240 - 800 Hz Band 

The attenuation factor b[k] (bmin ::;: b[k] ::;: bmax ) is controlled by a speech ac­
tivity detector and adjusted according to the estimated SNR. Whenever the 
estimated SNR is below a preselected threshold the attenuation is slowly and 
successively increased until a maximum attenuation of 40 dB (correspond­
ing to bmin = 0.01) is reached. Whenever the estimated SNR is above the 
threshold the attenuation is rapidly decreased to a minimum value of 3 dB 
(bmax = 0.5). The SNR threshold is set to 3 dB. Thus, the attenuation factor 
b[k] is computed using the recursive system 

b[k + 1] = b[k]/31 + bmax (1 - /3d , SN R > threshold 

b[k + 1] = b[k]/32 + bmin (1- /32), SNR::;: threshold. 

(12.25) 

(12.26) 

The smoothing constants /31 and /32 are set to /31 = 0.9996 and /32 = 0.99999. 

12.4.4 Evaluation 

We assess the performance of the noise reduction algorithm in terms of 

• distortion of the speech signal; 
• noise reduction during speech activity; 
• noise reduction during speech pause. 

These criteria can be measured during simulation of the speech enhancement 
system. For the purpose of measuring the above properties, the adaptive filter 
is duplicated such that the undisturbed speech signal and the noise signal 
can be processed independently [22]. Figure 12.9a outlines this approach. It 
requires separate recordings of the noise and the speech signals. 

The speech signal distortion can then be measured as the segmental SNR 
of the filtered signal S[k] with respect to the unprocessed delayed speech 
signal s[k - TH] 

K-l 

SEGSNR§_s = ~ L max (SNR§_s (m) ,0) 
m=O 

(12.27) 
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with 

(12.28) 

M denotes the segment length and K the number of segments. To reduce the 
influence of speech pauses, we average the SNR of only those speech signal 
frames which exhibit an SNR larger than 0 dB. Since we use a linear phase 
filter, the segmental SNR measures the amplitude distortion of the speech 
signal and is therefore well correlated with perceived distortions. 

The attenuation of the noise signals during speech activity N Ractive and 
during speech pause N Rpause is measured as the power ratio of the noise 
signals before and after the adaptive filter 

(12.29) 

(12.30) 

where Pv[k] and Pii[k] denote the average power of the unprocessed and the 
processed noise signal, respectively. Ps [k] denotes the short term power of the 
speech signal. 

(a) 

adaptive filter 
h[k] 

t 
s[k]-'-- " I 

v[k]--*-- I 

8 

- • s[k] ~ 6 

• s[k] 
4 

2 
• ii [k] 

'¥.. 
- "lie, 

'lIE_ 
(b ) -)I( 

-10 0 10 20 
S R/ dB 

Fig. 12.9. Method for computing objective measures (a). Distortion of speech sig­
nal and noise reduction during speech activity and during speech pause vs. input 
SNR of the adaptive filter in the upper band (b). Step size: 0: = 0.1, filter order 
LH = 64. 
(--): Segmental SNR of speech; ( .. ... ): noise attenuation during speech pause; 
(- - -): noise reduction during speech activity. 
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Figure 12.9b plots the objective measures as a function of the input SNR. 
For this experiments, adaptive filters of order LH = 64 and a rectangular 
window w were used (equivalent to f3Kaiser = 0). It can be seen that the 
speech signal distortion increases as the input SNR decreases. When the in­
coherent noise becomes dominant at about 0 dB, the speech SNR significantly 
degrades. The noise reduction during speech pause is about 5 - 6 dB. It can 
be improved by 2 - 3 dB if a tapered smoothing window is used. The overall 
noise reduction during speech pause including the adaptive scalar weighting 
in the lower band and the highpass filter is about 14 dB during speech pause. 

12.4.5 Alternative Implementations of the Coherence Based 
Postfilter 

The speech enhancement system as outlined above exploits the coherence 
properties of the microphone signals. Coherence based noise reduction sys­
tems can be also implemented in the frequency domain [3,9,5,6]. Since the 
coherence based approach does not rely on an explicit noise power spectral 
density estimate, the performance of these systems is limited by the coherence 
of the noise and the speech signals. To improve the noise reduction especially 
for low frequencies, the combination with spectral weighting techniques has 
been proposed. In [5] the coherence function is also employed to detect speech 
pauses and to enable noise power spectral estimation during speech pauses. 
In [23] the cross power spectral density of the microphone signals is used to 
derive an explicit noise power spectral density estimate, which is then used in 
a two-channel spectral subtraction. Combined with small superdirective end­
fire arrays, this system led to significant improvements of speech intelligibility 
in conjunction with cochlear implants [24]. 

12.5 Combined Noise and Acoustic Echo Reduction 

A hands-free conferencing system has to cope not only with ambient noise 
but also with acoustic echoes. The feedback of the far-end speech signal via 
the loudspeaker, the room, and the microphone (the "LRM system") back 
to the far-end side necessitates an echo suppression device to guarantee the 
stability of the electro-acoustic loop and to supply sufficient echo reduction. 
While the stability of the electro-acoustic loop can be treated as a control 
problem, the echo reduction aims at making the echo imperceptible. The echo 
reduction problem is therefore closely linked to psychoacoustics, especially to 
masking effects in the human auditory system. 

The noise and the echo reduction problems were addressed independently 
for many years (see e.g. [25-28] and [29,30] for reviews of these methods). 
To achieve optimal performance it has been recognized, however, that the 
echo control and noise reduction problem should be tackled in a combined 
approach [31,8,32-34]. The combined treatment yields algorithms which de­
liver better performance at less computational costs than systems based on 
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(a) (b) 
EC/NR NR/EC 

r-------~ .-------~ r-------, r-------, 
s[k] Echo s[k] 

x[k] x[k] 

Fig. 12.10. Processing options for combined systems: EC precedes ENR (a), ENR 
precedes EC (b). 

separate algorithms [8,35]. In this section we will outline one solution to the 
combined echo and noise reduction problem and show how the coherence 
based noise reduction postfilter can be extended to achieve a high level of 
echo reduction. This requires the integration of echo cancellers into the two­
microphone speech enhancement system. 

When acoustic echo cancellation is combined with an echo and noise re­
duction postfilter it must be asked in which order these two processing opera­
tions should be performed [36]. Figures 12.10a and 12.10b depict two principal 
cases: the configuration EC jNR where the acoustic echo cancellation (EC) 
precedes a speech enhancement post filter (NR), and vice versa, the configu­
ration NRjEC. 

Although the echo canceller can benefit from the noise reduction in the 
NRjEC configuration, there are good reasons why the configuration of Fig­
ure 12.lOa, where the echo cancellation precedes the noise reduction, is prefer­
able. The main advantage of the EC JNR configuration is that the noise re­
duction postfilter is not presented with the disturbing and possibly highly 
coherent echo that is found in the microphone signals and that there is no 
time varying noise reduction filter in the echo path. Besides that, if the echo 
canceller does not deliver sufficient echo attenuation, the residual echo can be 
treated similar to the background noise signal and can be further attenuated 
by the postfilter. This idea is successfully exploited in a frequency selective 
echo reduction technique, called echo shaping [37], which does not require 
complete cancellation of the echo by the echo canceller. Instead, the total 
echo attenuation is split between the echo cancellers and the postfilter. A 
disadvantage of the ECjNR approach is, however, that it requires cancella­
tion of the microphone signals of the array by individual cancellers. 

The combination of acoustic echo cancellation with an adaptive micro­
phone array is a challenging task by itself [38-40]. If we provide a canceller 
for each microphone channel, the echo cancellers converge as well as in the 
single microphone case. However, the computational load may be too large. 
If a single echo canceller is placed after the summation point of the array, the 
adaptation of the echo canceller might be severely disturbed when the look 
direction of the array is adapted to the speaker position. 
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coefficients 

Fig. 12.11. Block diagram of the two microphone combined echo and noise reduc­
tion algorithm. 

To avoid the adaptation and the complexity problems, we adopt a strat­
egy as follows: The echo cancellers are placed at the microphone inputs but 
they are equipped with a reduced number of filter taps. The echo attenua­
tion of the cancellers will be reduced but since they have fewer filter taps 
their speed of convergence will be improved. The reduced echo attenuation 
of the echo cancellers is compensated for by the array gain [41] and the noise 
reduction postfilter which will also reduce acoustic echoes, especially the in­
coherent late reverberation portion. To improve the echo suppression, we 
apply additional echo attenuation in the postfilter by using the echo shaping 
technique for the postfilter adaptation. The echo shaping technique attenu­
ates only those frequencies for which the echo dominates the near-end signal. 
It leads to significantly increased echo attenuation, to acceptable near-end 
signal distortions during double talk, and to modest computational demands 
as compared to single-microphone speech enhancement systems. 

Figure 12.11 depicts a block diagram of the combined echo and noise 
reduction algorithm. The cancellers at the microphone inputs are NLMS 
adapted FIR filters with adaptive step size control [42]. The echo cancelled 
signals are time delay compensated. Because some of the echo is incoherent, 
the noise reduction post filter will also reduce acoustic echoes. To amplify this 
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effect and to reduce coherent echoes, the amount of echo in the inputs of the 
adaptive filters is deliberately increased by using a linear combination of the 
microphone signal xn[k] and the echo compensated signal en[k] as an input 
to the adaptive filters. The reference signal of the adaptive filters is the echo 
compensated signal of the other microphone channel. Neglecting the time 
delay compensation (or letting T = T), the input to the adaptive filter h2 is 
given by 

zdk] = a[k]xdk] + {I - a[k])eI[k] 

= sl[k] + vdk] + dI [k]- {1- a[k])ddk] , 

(12.31) 

(12.32) 

where ddk] denotes the echo signal and ddk] the echo estimate of the echo 
canceller. The linear combination is controlled by the time varying factor ark]. 
For ark] > 0 there will be more echo in the input signal of the adaptive filter 
than in the reference signal since the reference signal is the echo compensated 
signal. To match the echo level of the reference signal, the adaptive filters 
will attenuate the echo if it dominates the near-end signals. Therefore, this 
mechanism provides for additional echo attenuation whenever the echo is 
disturbing. An algorithm for the adaptation of the "mixing factor" ark] is 
outlined in [17]. 

12.5.1 Experimental Results 

The two-microphone algorithm as explained above was evaluated in a desk­
top conferencing experiment. Since we aim for low coherence of the acoustic 
echoes and high inherent robustness, the acoustic interface was designed such 
that there is little coupling between the loudspeaker and the microphones. 
Also, to increase the performance of the system, directional microphones or 
small superdirective endfire arrays [43] should be used. Figure 12.12 explains 
the experimental setup. The near-end speaker and the microphones are placed 
at a table in accordance with ITU-T recommendation P.34 [44]. The micro­
phones have a hypercardioid directivity pattern and the loudspeaker is placed 
in a direction of low sensitivity of the microphones. The specific arrangement 
of the microphones and the loudspeaker combined with the gains of the loud­
speaker and the microphone amplifiers resulted in an echo return loss of 9 dB. 
A similar setup (with similar results) was also used in a car. In this case the 
two microphones were mounted at the sun visor and the loudspeaker was 
attached to the dashboard. 

Figure 12.13a plots the echo return loss enhancement (ERLE) for single 
talk and a stationary LRM system as a function of the number of compen­
sator taps. For a [k] == 0, the postfilter reduces noise and incoherent echo 
components only. The additional echo reduction delivered by the postfilter 
is then about 6 dB, independent of the compensator order. A significant in­
crease of the echo attenuation is achieved when the echo shaping algorithm 
is turned on (a[k] adaptive). It can be shown with the noise-free case that 
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for a [k) == 1 the postfilter delivers the same amount of echo suppression as 
the echo canceller alone (17). Hence, the slope of the ERLE vs. compensator 
order plot is about twice as steep as the slope of the plot for the echo canceller 
only. Figure 12.13b plots the ERLE as a function of the SNR. Again we find 
a significant increase of the echo attenuation for the echo shaping technique. 
For double talk most of the echo reduction is delivered by the echo canceller 
since the coherent near-end speech is passed by the filter. Only for frequen­
cies where the residual echo dominates the near-end signal is significant echo 
reduction applied. If the far-end speaker is not active (no echo), the combined 
system behaves exactly like the two-microphone noise reduction systems of 
Section 12.4.1. For the office situation the average noise reduction is about 
10 dB. 

12.6 Conclusions 

This chapter has presented a two-microphone post filter approach to noise 
reduction and to combined echo and noise reduction. It was shown that the 
performance of these systems is closely linked to the spatial coherence of 
the speech, the noise, and the echo signals. The coherence based processing 
is useful only above a cutoff frequency which depends on the microphone 
distance. However, as a high coherence of the speech signal is also of great 
importance, the microphone distance cannot be made arbitrarily large. Best 
results are therefore obtained when microphones or small (endfire) arrays 
with a high directivity are used in conjunction with the proposed postfilter. 

near-end 

speaker 

DAm In _~. 
f+----'----.--r..fooI~----l)_J - ~ u[k) 

Fig. 12.12. Setup of the near-end speaker, the microphones, and the loudspeaker 
for conferencing experiments. The microphones have a hypercardioid directivity 
pattern. 
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The array and postfilter approach has been successfully deployed in the voice 
intercom of a computed tomography scanner. 
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13 Acoustic Echo Cancellation for 
Beamforming Microphone Arrays 

Walter L. Kellermann 

University Erlangen - Niirnberg, Germany 

Abstract. Acoustic feedback from loudspeakers to microphones constitutes a ma­
jor challenge for digital signal processing in interfaces for natural, full-duplex 
human-machine speech interaction. Two techniques, each one successful on its 
own, are combined here to jointly achieve maximum echo cancellation in real en­
vironments: For one, acoustic echo cancellation (AEC), which has matured for 
single-microphone signal acquisition, and, secondly, beamforming microphone ar­
rays, which aim at dereverberation of desired local signals and suppression of local 
interferers, including acoustic echoes. Structural analysis shows that straightfor­
ward combinations of the two techniques either multiply the considerable compu­
tational cost of AEC by the number of array microphones or sacrifice algorithmic 
performance if the beamforming is time-varying. Striving for increased computa­
tional efficiency without performance loss, the integration of AEC into time-varying 
beamforming is examined for two broad classes of beamforming structures. Finally, 
the combination of AEC and beamforming is discussed for multi-channel recording 
and multi-channel reproduction schemes. 

13.1 Introduction 

For natural human-machine interaction, acoustic interfaces are desirable that 
support seamless full-duplex communication without requiring the user to 
wear or hold special devices. For that, the general scenario of Figure 13.1 
foresees several loudspeakers for multi-channel sound reproduction and a mi­
crophone array for acquisition of desired signals in the local acoustic en­
vironment. Acoustic signal processing is employed to support services such 
as speech transmission, speech recognition, or sound field synthesis offered 
by communication networks or autonomous interactive systems. Such hands­
free acoustic interfaces may be tailored for incorporation into a wide variety 
of communication terminals, including teleconferencing equipment, mobile 
phones and computers, car information systems, and home entertainment 
equipment. 

For signal acquisition, microphone arrays allow spatial filtering of arriving 
signals and, thus, desired signals can be enhanced and interferers can be sup­
pressed. With full-duplex communication, echoes of the loudspeaker signals 
will join local interferers to corrupt the desired source signals. Beamforming, 
however, does not exploit the available loudspeaker signals as reference infor­
mation for suppressing the acoustic echoes. This is accomplished by acoustic 
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Fig. 13.1. Acoustic interface for natural human-machine communication. 

echo cancellation (AEC) algorithms [1-3]. For discussing the combination of 
AEC with microphone arrays, the concept of AEC is first reviewed in Sec­
tion 13.2 and beamforming methods are categorized in Section 13.3 with re­
spect to the properties determining the interaction with AEC. Then, generic 
concepts for the combination of AEC and beamforming are discussed in Sec­
tion 13.4. Structures for integrating AEC into beamforming are investigated 
in Section 13.5. Finally, the extension from single-channel reproduction to 
the case of multiple reproduction channels is outlined. 

13.2 Acoustic Echo Cancellation 

The concept of AEC is first considered for the case of a single loudspeaker 
and a single microphone according to Figure 13.2. To remove the echo from 
the microphone signal x(n) (with n denoting discrete time), AEC aims at 
generating a replica v(n) for the signal v(n), which is an echoed version of the 
loudspeaker signal u(n). Aside from the echo v(n), x(n) contains components 
originating from local desired sources and local interferers, s(n) and r(n), 
respectively. Introducing the residual echo 

e(n) = v(n) - v(n) , (13.1) 

the estimate for the desired signal s(n) can be written as: 

s(n) = x(n) - v(n) = s(n) + e(n) + r(n). (13.2) 
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Fig. 13.2. Basic structure for single-channel AEC. 

The amount of echo attenuation achieved by AEC is expressed by the echo 
return loss enhancement (ERLE)l: 

£'{v2 (n)} 
ERLElog(n) = 10 . log £' {e2 (n)} [dB], (13.3) 

with £' {.} denoting the expectation operator. As long as potential nonlineari­
ties ofthe loudspeaker system can be neglected [4], the loudspeaker-enclosure­
microphone(LEM) system is completely characterized by its generally time­
varying impulse response h(k,n). Indeed, the impulse response may vary 
drastically and unpredictably over time, as a slight change in position of any 
object can alter many coefficients significantly [2]. The number of impulse 
response samples that must be modeled for an ERLElog value of x dB is 
estimated by [2,5] 

(13.4) 

where Is denotes the sampling frequency, and T60 is the reverberation time2 • 

Based on this estimate, more than LAEC = 1000 impulse response coefficients 
must be perfectly matched to assure 20 dB of ERLE10g for a typical office 
with T60 = 400 ms and an echo canceller operating at Is = 8 kHz. 

As a model for the LEM s,Y:stem, a digital FIR filter structure with a 
time-varying impulse response h(k,n) of length LAEC is employed, so that 
the estimated echo v(n) is given by 

v(n) = hT (n) . u(n) (13.5) 

1 As v(n) and e(n) are not accessible in practical situations, ERLE must be esti­
mated from s(n) and x(n) [2]. 

2 As characteristic parameter of an enclosure, the reverberation time T60 is the 
time until the sound energy decays by 60dB after switching off the source. 
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where T denotes transposition and 

h(n) = [h(O, n), h(l, n), ... ,h(LAEC - 1, n)] T , 

u(n) = [u(n), u(n - 1), ... ,u(n - LAEC + l)f . 

(13.6) 

(13.7) 

The misalignment between the FIR model h(n) and the LEM system h(n) 
is described by the logarithmic system error norm Dlog(n): 

Ilh(n) - h(n)ll~ 
Dlog(n) = 10 . log Ilh(n)ll~ , (13.8) 

with II . I b denoting the h norm3 . 

13.2.1 Adaptation algorithms 

For identifying the time-varying impulse response h(k, n), adaptive filtering 
algorithms derive an optimum vector hopt(n) by minimizing a mean square 
error criterion based on the input u(n) and the estimation error e(n) (assum­
ing here, for simplicity, s(n) = r(n) = 0). Three fundamental algorithms are 
introduced below for the general case of complex signals (for a comprehen­
sive treatment of adaptive FIR filtering see, e.g., [6,7]). Adaptation control 
in the context of AEC is addressed and frequency domain implementations 
are outlined briefly. 

Fundamental algorithms. Minimizing the mean squared error E {le(n)l2} 
for (at least) wide-sense stationary signals and a time-invariant echo path 
h(k,n) = h(k) leads to the Wiener-Hopf equation for the optimum echo 
canceller hopt [7] 

~ -1 hopt = R;:;:u . ruv (13.9) 

with the time-invariant correlation matrix Ruu and the crosscorrelation vec­
tor ruv given by 

Ruu = E {u(n)uH (n)} , 
ruv = E{u(n)v*(n)} , 

(13.10) 

(13.11) 

respectively. (* denotes complex conjugation and H conjugate complex trans­
position.) For nonstationary environments, iterative or recursive algorithms 
are required to approach the Wiener solution in (13.9). As the most popu­
lar adaptation algorithm, the NLMS(Normalized Least Mean Square) algo­
rithm [6,7] updates the filter according to 

~ ~ u(n) * 
h(n + 1) = h(n) + a u H (n)u(n) e (n) (13.12) 

3 If the length of h(n) is greater than LAEC, then h(n) must be complemented 
with zeros accordingly. 
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and may be understood as a stochastic approximation of the steepest descent 
algorithm, with u( n) approximating the negative gradient vector, and a step­
size parameter a, 0 < a < 2. Obviously, for correlated signals such as speech, 
u(n) will not cover uniformly the LAEc-dimensional vector space, which im­
plies that the convergence to minimum system error Dlog(n) in (13.8) is 
slow [7]. The popularity of the NLMS is based on its robust convergence 
behavior [2] and its low computational complexity (about 2LAEC multipli­
cations per sampling interval T (MUL's per T) are needed for implementing 
(13.1), (13.5), and (13.12)). 

To improve the convergence for speech signals, the Affine Projection Al­
gorithm (APA) uses P previous input vectors 

U(n) = [u(n), u(n - 1), ... , u(n - P+ 1)] 

to compute an error vector 

e(n) = yen) - UT(n) . h*(n), 

where 

e(n) = [e(n), e(n - 1), ... , e(n - P + 1)] , 

yen) = [v(n), v(n - 1), ... , v(n - P + 1)]. 

The filter coefficients are then updated according to 

hen + 1) = hen) + aU(n) [UH(n)U(n) - 8Ir1 e*(n), 

(13.13) 

(13.14) 

(13.15) 

(13.16) 

(13.17) 

with the regularization parameter 8 (8 ~ 0) and I denoting the identity ma­
trix. Thus, the APA can be interpreted as a generalization of the NLMS 
algorithm, which in turn corresponds to an APA with P = 1,8 = O. The 
gradient estimate for the APA is equal to the projection of the system mis­
alignment vector hen) - hen) onto the P-dimensional subspace spanned by 
U(n). Thus, the complementary orthogonal component of the misalignment 
vector becomes smaller with increasing P. The computational complexity of 
the APA amounts to approximately (P + 1) . LAEC + O(P3) MUL's per T, 
where, typically, P = 2, ... ,32, and LAEC is given by (13.4). Fast versions 
of the APA reduce the computational load to 2LAEC + 20P, but require 
additional measures to assure numerical stability [2,6]. 

As the most powerful and computationally demanding adaptation 
method, the RLS(Recursive Least Squares) algorithm directly minimizes a 
weighted sum of previous error samples 

n 

J(h,n)=L,8(k)le(kW, with 0<,8:::;l. (13.18) 
k=l 
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The solution has the form of (13.9), however with time-dependent estimates 
for Rllll(n), rllV(n) given by 

n 

Rllll(n) = L ,8(k)u(k)uH (k), (13.19) 
k=l 

n 

rllV(n) = L ,8(k)u(k)v*(k). (13.20) 
k=l 

The update equation reads here 

h(n + 1) = h(n) + R;;~(n)u(n)e*(n). (13.21) 

If an exponential window ,8(k) = >..n-k with the forgetting factor 0 < >.. < 1 
is used, the inversion of Rllll(n) is avoided by exploiting the matrix inversion 
lemma that allows recursive update of the inverse [7]. Then, the complexity 
of the RLS algorithm is on the order of L~EC MUL's per T [6]. Similarly 
to the APA, fast versions for the RLS algorithm have been proposed which 
reduce computational complexity to 7LAEC MUL's per T. However, the large 
filter order LAEC and the nonpersistent excitation u(n) require extra efforts 
to assure stable convergence [6]. A simplified version of fast RLS algorithms 
is the Fast Newton Algorithm [6], which reduces the complexity to LAEC . P 
MUL's per T, with P being a predictor order that should be matched to 
the correlation properties ofthe input u(n). (For speech signals, P :::::: 10 is a 
typical value at is = 8kHz.) 

Adaptation control. Adaptation control has to satisfy two contradict­
ing requirements. On one hand, changes in the echo path h(k,n) should be 
tracked as fast as possible. This requires a large stepsize, 0:, for the NLMS 
and APA algorithms in (13.12) and (13.17)), and a rapidly decaying,8 for the 
RLS algorithm in (13.21), respectively. On the other hand, the adaptation 
must be robust to interfering local sources s(n) and noise r(n), which requires 
a small stepsize, 0:, and a slowly decaying,8, respectively [2,7]. When a local 
talker is active, adaptation should be stalled immediately to avoid diver­
gence of h(n). Therefore, a fast and reliable detection of local source activity 
and estimation of background noise levels is decisive for efficient AEC op­
eration. Correspondingly, a significant amount of computational complexity 
is invested in monitoring parameters and signals which support adaptation 
control [2]. With properly tuned adaptation control, acoustic echoes are at­
tenuated by, typically, about 25 dB of ERLElog during steady state using 
the above adaptation algorithms. 

Frequency sub band and transform domain structures. To reduce 
computational load and to speed up convergence of adaptation algorithms 
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which do not inherently decorrelate u(n) (e.g., the NLMS algorithm), fre­
quency subband and transform domain structures have been developed [1,8]. 
Subband structures decompose the fullband signals u(n) and x(n) into M 
subbands which are usually downsampled by R < M [3,9]. The adaptive 
sub band filters operate at a reduced sampling rate and require fewer coef­
ficients which leads to overall computational savings by a factor of close to 
R2 / M compared to fullband adaptive filtering. After subtraction, the sub­
band signals are synthesized to yield again a full band signal s( n). While the 
additional complexity for the analysis/synthesis filter banks is relatively small 
for large L AEC , the introduced signal delay for s(n) is objectionable in some 
applications [2,31). 

Transform-domain structures draw their computational advantage over 
direct time-domain implementations from the fast Fourier transform (FFT) 
and its use for fast convolution [1,6,8]. Block-exact adaptation algorithms, 
which behave exactly like their time-domain counterparts, have been pro­
posed for all the fundamental algorithms above. For the long impulse re­
sponses at issue, the system model h(k,n) is often partitioned into shorter 
subsystems to reduce the signal delay [2]. 

13.2.2 AEC for multi-channel sound reproduction 

Considering a multi-channel reproduction unit (see Figure 13.1) broadcasting 
K different sound channels Ul< (n) (K, = 0, ... , K - 1) with usually time­
varying mutual correlation, any microphone records the sum of K echo signals 
produced by different echo paths hl«k,n), 

K-l 

v(n) = L hl«n)T . ul«n), (13.22) 
1<=0 

with hI< (n), ul«n) being defined according to (13.6) and (13.7). Correspond­
ingly, K echo cancellers, hl«n), are needed to model the respective echo 
paths. As only one error signal, e(n), is available, the K inputs, ul«n), must 
be mutually decorrelated without perceptible distortion to allow identifica­
tion of the individual hl«n). This difference to single-channel AEC defines 
an even more challenging system identification problem, which has been con­
sidered only for the stereo case (K = 2) so far [1,10-12]. Current adaptation 
schemes still exhibit slower convergence and multiply computational load by 
more than K compared to their single-channel AEC counterparts. 

13.2.3 AEC for multi-channel acquisition 

A straightforward extension of the single-Ioudspeaker/ single-microphone sce­
nario to an N-microphone acquisition system essentially multiplies the num­
ber of adaptive filters by N. The N-channel echo cancellation is captured by 
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extending the signals in (13.2) to N-dimensional column vectors, 

s(n) = x(n) - v(n) = s(n) + r(n) + e(n) 

= s(n) + r(n) + v(n) - HT(n)u(n) 

(13.23) 

(13.24) 

with u(n) according to (13.7), with e(n), r(n), s(n), s(n), v(n), v(n), x(n) as 
column vectors of the form 

x(n) = [xo(n), ... ,xN-l(n)f, (13.25) 

and with H(n) as a matrix containing the impulse responses hAn) as columns 
according to 

(13.26) 

While this implies a corresponding multiplication of the computational cost 
for filtering, the cost for adaptation and its control is not necessarily multi­
plied by N. All operations depending only on the input data, u(n), have to be 
carried out only once for all N channels, which would include the matrix in­
version in the APA or RLS algorithms, (13.17) and (13.21), respectively. How­
ever, some fast versions draw their efficiency from interweaving matrix inver­
sion and update equations [6] and, therefore, do not completely support this 
separation. Frequency subband and transform domain algorithms [1,6,8,9] 
support this separation at least by requiring the analysis transform of u(n) 
only once for all channels. 

13.3 Beamforming 

This section only aims at categorizing beamforming algorithms with respect 
to their interaction with AEC. For a comprehensive treatment of fundamental 
techniques see, e.g., [13,14]' while the current state of beamforming technol­
ogy with microphone arrays is covered in several other chapters of this book. 

13.3.1 General structure 

Consider a microphone array capturing N real-valued sensor signals, xv(n), 
which are filtered by linear time-varying systems with impulse responses 
gv(k, n) and then summed up (Figure 13.3). The resulting beamformer out­
put, y(n), can be written as 

y(n) = GT(n)· X(n) = GT(n)· [S(n) + R(n) + V(n)] , (13.27) 

with the column vector G(n) representing the concatenated impulse response 
vectors gv ( n ) 

[ T T JT G(n) = go (n), ... ,gN-l (n) , (13.28) 
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yo(n) 

yen) 

Fig. 13.3. General structure for a beamforming microphone array 

where all gv(n) are of length L BF : 

(13.29) 

The column vector X(n) (and, equally, R(n), Sen), Yen)) contains the latest 
LBF signal samples of each microphone signal 

X(n) = [xif(n), ... ,x~_l(n)( (13.30) 

with 

(13.31) 

In the scenario of Figure 13.1, beamforming aims at spatial filtering to dere­
verberate the components sen) originating from the desired source(s) and to 
suppress interfering signals r(n) and echoes yen). 

For ideal dereverberation of a single source, the desired signal as it is 
emitted by the source, s(O) (n), should be retrieved except for some delay 
no> 0: 

(13.32) 

Assuming that delayed versions of s(O)(n) are contained in sv(n) defined by 
(13.31), the filters gv(k,n) have to equalize the corresponding delays and 
the sum of the filters has to provide a flat frequency response for all sig­
nals arriving from the source direction. Obviously, delay equalization requires 
knowledge about the location of the desired source(s). For the following, it is 
assumed that the source location is given by a priori knowledge or separately 
determined by some source localization algorithm (see, e.g., Chapters 8-10). 
For an anechoic environment and with the desired signal components being 
delay-equalized by the array geometry, the total impulse response, g(k,n), of 
the beamformer to the desired source s(O) (n) should ideally fulfill 

N 

g(k,n) = Lgv(k,n):!:: 8(k - ko) (13.33) 
v=l 
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to assure a constant frequency response with unity gain and constant group 
delay ko. 

For interference suppression, the beamformer should minimize its response 
to all undesired signal components, which include here local interferers and 
loudspeaker echoes. Using, the mean squared error (MSE) as optimization 
criterion, this reads: 

(13.34) 

Based on this general concept and with AEC in mind, basic methods for 
time-invariant or time-varying beamforming are outlined below. 

13.3.2 Time-invariant beamforming 

Time-invariant beamforming, i.e., G(n) = G, gv(n) = gv, is used for applica­
tions where the beamformer does not have to change the 'look direction' and 
where the potential nonstationarity of the involved signals, s(n),r(n), v(n), 
is not accounted for. 

As the most basic beamforming method, the delay-and-sum beam­
former (DSB) realizes in its simplest form a tapped delay line with a single 
non-zero coefficient for each filter gv(n) [13,14]. If the required delays for the 
desired 'look direction' do not coincide with integer multiples of the sampling 
period, interpolation filters are required for realizing fractional delays [15~ 17]. 
Accounting for the wideband nature of speech and audio signals, nested ar­
rays are often employed using different sets of sensors for different frequency 
bands to approximate a constant ratio between aperture width and signal 
wavelength [17~19]. As a generalization of DSB, filter-and-sum beamform­
ing (FSB) aims for a frequency-independent spatial selectivity within each 
frequency band as detailed in Chapter 1 and [20]. Both beamforming con­
cepts, DSB and FSB, were first developed on the basis of the far-field assump­
tion [18], but may also be extended to near-field beamforming as described 
in Chapter 1. Time-invariant DSB and FSB are mostly signal-independent, 
i.e., no attention is paid to the power spectral densities of the signals s(n), 
r(n), v(n) and the direction of arrival (DOA) of interferers. 

Such 'beamsteering' techniques are obviously appropriate for human~ 
machine interfaces in reverberant environments with a restricted range of 
movement for a single desired source and where, due to reverberation, un­
wanted signal components of comparable level must be expected from all 
directions. 

Nevertheless, time-invariant beamforming can incorporate additional spa­
tial information to suppress dominant interferers [21,22]. Moreover, know­
ledge about long-term statistics of the noise field can be accounted for [23] 
and may lead to statistically optimum beamformers with super directive be­
haviour for low frequencies as described in Chapter 2 and [24]. 
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Fig. 13.4. Generalized sidelobe canceller structure for adaptive beamforming. 

13.3.3 Time-varying beamforming 

For nonstationary environments with both nonstationary signal characteris­
tics and potentially moving sources, the beamformer should be able to track 
the time-variance of the signal characteristics and the spatial arrangement 
of the interfering sources. For that purpose, adaptive beamforming methods 
design filters gv(k, n) which minimize a statistical error criterion based on 
the array output, yen), with constraints for the DOA of a desired source (or 
'target') such as formulated in (13.33) and (13.34) [13,14,25-27]. See also 
Chapter 5. 

Generalized Sidelobe Canceller (GSC). As an example for an efficient 
implementation of adaptive beamformers that minimize a mean square er­
ror (MSE) criterion subject to a linear constraint, the generalized sidelobe 
canceller structure [13,25] is considered (Figure 13.4). Here, the adaptive 
beamforming is separated into two parallel paths: The upper path is a time­
invariant, signal-independent beamformer, GF, steered toward the desired 
source. In the lower path, the first stage implements a blocking-matrix, 
GBM(n), which, ideally, completely suppresses the components of the de­
sired source, sen), by a linear combination of the microphone channels [13] 
or filtering [28]. This topic is also detailed in Chapter 5. The P ~ N outputs, 
wi(n), i = 0, ... , P - 1, are then used by the adaptive interference canceller, 
GIC(n), to form an estimate for the interference component in yen). Op­
timization of GIC(n) becomes an unconstrained Wiener filtering problem 
when the MSE criterion of (13.9) is used, and ideally leads to removal of all 
components in yen) which are correlated to wi(n). For identifying the opti­
mum GIC(n), the same adaptation algorithms as for echo cancellation can 
be used, i.e., (13.12),(13.17),(13.21), with gradient-type algorithms like the 
NLMS algorithm being most common. 
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13.3.4 Computational complexity 

For both time-invariant and time-varying beamforming, the computational 
load is essentially proportional to the number of sensors N. The FIR fil­
ter lengths typically do not exceed LBF = 128 [17,20,29,30]. With increasing 
filter length, computational savings are obtained by frequency-domain imple­
mentations of the filtering [20,29]. As with AEC, for adaptive beamforming 
implementations a significant share of computational complexity is dedicated 
to fast and reliable source activity detection which forms the basis of adap­
tation control. 

13.4 Generic structures for combining AEC with 
beamforming 

First, the combination of AEC with beamforming is motivated by comparing 
practical requirements with typical performance of AEC and beamforming. 
Then, the main properties of two generic options for a combination are dis­
cussed in some detail. 

13.4.1 Motivation 

Although AEC and beamforming are two distinct signal processing concepts, 
their goals meet with regard to acoustic echoes. While AEC subtracts from 
x(n) an echo estimate, yen), based on u(n) as reference information, beam­
forming suppresses echoes within x(n) as undesired interference by its spatial 
filtering capability. With beamforming being undisputed for its effectiveness 
in suppressing local noise and reverberance of local desired sources, the need 
for a complementary AEC unit for acoustic echo suppression is discussed in 
the following. 

As a guideline for desired echo suppression for telecommunication, [31] 
requires ERLElog 2:: 45 dB during single-talk and at least 30 dB during 
double-talk, assuming a 'natural' echo attenuation of up to 6 dB between the 
loudspeaker signal, u(n), and the microphone signal, x(n). Echo suppression 
methods other than AEC, e.g., noise reduction, loss insertion, or nonlinear 
devices, impair full-duplex communication and, thus, are only acceptable as 
supplementary measures [2]. For full-duplex speech dialogue systems employ­
ing automatic speech recognition, the echo attenuation requirements are not 
as well-defined and will depend on the desired recognition rate as well as 
on the robustness of the speech recognizer with respect to speech-like in­
terference. In view of these requirements, the echo attenuation provided by 
microphone arrays and the echo path gain for a microphone array are exam­
ined below. 
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Array gain. The echo attenuation provided by a microphone array is usu­
ally identified with the array gain for the desired sources relative to echoes 
as interference. For signal-independent time-invariant beamforming, the di­
rectivity index quantifying the array gain of the desired direction over the 
average of all other directions [26] does typically not exceed 20 dB over a 
wide frequency range, and is much smaller at low frequencies « 500 Hz) 
due to usual geometrical aperture constraints [19,26]. This contrasts with 
the fact that acoustic echoes usually exhibit their maximum energy at low 
frequencies [2]. As a remedy, differential beamforming realizes superdirective 
array gains at low frequencies and allows for a directivity index of up to 
12 dB in practical implementations [1,27]. On the other hand, for adaptive 
beamforming, interference suppression is usually also limited to about 20 dB 
for reverberant environments if distortion of the desired source signal 8(0) (n) 
should be precluded. See Chapters 2 and 5 as well as [19,32]. 

Echo path gain. For microphone array applications, the echo path gain 
between u(n) and the beamformer output, y(n), will often be higher than 
for single-microphone systems (-6 dB), because the sum of the distances 
from the loudspeaker to the listener, and from the desired source to the 
microphone array, will usually be greater (e.g. in teleconferencing). The user 
will typically increase the gains for the loudspeaker signal and the microphone 
array correspondingly to compensate for the decay of the sound level (~ 
6 dB per doubling of distance in the far-field). If the microphone array and 
loudspeaker are relatively close, then the required echo attenuation will be 
increased accordingly. 

13.4.2 Basic options 

Restricting the scenario to a single reproduction channel, u(n), and a sin­
gle acquisition channel, s(n), a combination of AEC and beamforming is 
obviously conceivable in two fundamentally different ways as shown in Fig­
ure 13.5. Here, 'AEC first' realizes one adaptive filter for each microphone in 
ft(I)(n) of (13.26), whereas 'Beamforming first' uses a single-channel AEC, 
h(II)(n), which obviously has to include the beamformer, G(n), into its echo 
path model. 

13.4.3 'AEC first' 

This structure suggests that ft(I) (n) may operate without any repercussions 
from the beamforming so that the AEC problem corresponds to that de­
scribed by (13.23). On the other hand, with perfect echo cancellation, the 
beamforming will be undisturbed by acoustic echoes and will concentrate on 
suppressing local interferers and reverberation. 
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~~. ______________ ~ _______________ u_(~n) 

'AEC ''''t' J. 'Beamf",m;"" ,,,,t' 

y(n) ~(n) 

Fig. 13.5. Generic structures for combining AEC with beamforming. 

AEC properties. Although AEC could operate independently from the 
beamforming, synergies with beamforming should be exploited with regard 
to detection of local source activity and computational complexity. 

Local source activity detection. As noted above, the adaptation of H( I) (n), re­
quires a fast and reliable detection of local source activity to avoid divergence. 
With single-channel AEC, the detection is based on comparing estimates for 

(13.35) 

to a given threshold. With subsequent beamforming, this decision can be 
derived from estimates of 

(13.36) 

which reflect local source activity much clearer than Qy(n) as ry(n), vy(n) are 
suppressed relative to s(n) by beamforming. Thus, Q(n) reduces uncertainty 
in local source activity detection and allows adaptation during time intervals 
where adaptation might have been stalled if its control was based on Qy(n). 

Computational complexity. At least the filtering and the filter coefficient up­
date of the AEC adaptation will require N -fold computational cost compared 
to a single-channel AEC. Even with continuing growth of the performance­
cost ratio of signal processing hardware, this computational load will remain 
prohibitive in the near future for many cost-sensitive or very large systems 
employing N = 5, ... ,512 sensors [17,19,26,30,33,34]. One option to alleviate 
the computational burden is to reduce the length LAEC in (13.4) of the FIR 
filter models, hy , and to rely on the beamformer for suppressing the residual 
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Fig. 13.6. Example for convergence of ERLElog components and local interference 
suppression(IR) for 'AEC first' structure (N = 8, T60 ~ 300 ms, Is = 12 kHz, 
LAEC = 2500, LBM = 16, LIC = 50) . 

echoes, e( n). Shortening hv implies however, that the adaptation of the AEC 
is disturbed by an increased noise component, which is due to the unmodeled 
tail of the true echo path impulse response, hv(n) [2]. 

Beamforming performance. For a signal-independent beamformer, the 
presence and performance of the AEC has no impact on the beamforming. 
The signal-independent spatial filtering will increase echo suppression accord­
ing to its directivity while suppression of local interferers remains unaffected. 

Signal-dependent beamformers use w( n) = x( n) - ,,(I) (n) for optimizing 
the beamforming filters G(n) . Thereby, at the cost of local interference sup­
pression, the beamformer will concentrate on suppressing echo components, 
e( n), if their levels exceed that of local interferers, r( n) , and it will further 
suppress residual echoes as long as they are not negligibly small compared to 
the local interferers. For illustration, the typical convergence behaviour for 
'AEC first' using a GSC beam former is shown in Figure 13.6 for r(n) , s(n), 
u(n) being white noise signals, and for alternating adaptation of GIC(n) , and 
H(I)(n) (see also [32]). Due to its short filters, the beamformer converges al­
most instantaneously to about ERLEase = 18 dB, and thereby provides a 
significant amount of ERLElog long before H(I)(n) has converged. At the 
same time, suppression of local interference, fRase , remains essentially con-

Page 302 of 401



296 Kellermann 

stant over time, as it converges very rapidly to almost 20 dB and is not 
allowed to converge much further to preclude distortion of the desired signal. 

13.4.4 'Beamforming first' 

In this structure, the beamformer is essentially independent from the AEC 
so that the beamforming performance agrees with Section 13.3 for acous­
tic echoes being perceived as another source of interference. AEC is realized 
by a single adaptive filter h(II)(n) as in Figure 13.5 which is attractive with 
regard to computational complexity. However, the system identification prob­
lem faced by h (II) (n) requires closer examination. 

Echo path for AEC. Incorporating the beamformer, G(n), into the echo 
path model means that, ideally, the adaptive filter, h(II) (n), models the sum 
of N echo paths from the loudspeaker input, u(n), to the beamformer output, 
y(n), (see Figure 13.3) 

N 

h~~!)(n) = f(n) = Lfv(n), (13.37) 
v=l 

with the impulse responses, f(n), given by ( * denotes linear convolution): 

fv(n) = [fv(O, n), ... ,fv(LAEC+BF - 1, n)f , 

fv(k, n) = hv(k, n) * 9v(k, n). 

(13.38) 

(13.39) 

Thus, the impulse response length of h(II)(n) depends on the beamforming, 
and, if any 9v(k,n) is time-varying, h(II)(n) has to track this time-variance 
as we1l4 • The required length, LAEC+BF, for h(II)(n) is essentially the sum 
of the length LBF and the necessary length for the acoustic path (including 
loudspeaker and microphone), LAEC: 

(13.40) 

Note that for a given desired ERLE1og , LAEC can be chosen smaller than 
given by (13.4) depending on the expected contribution of beamforming to 
ERLElog (see also [35]). 

Signal-independent, time-invariant beamformers. Due to the time-invariance 
of 9v (k, n), the adaptation of h (II) (n) only has to track the time-variance of 
hv(n) and, thus, the adaptation of h(II)(n) is identical to the adaptation of 
one ofthe N filters hV) (n) in the' AEC first' structure except for the different 
filter length LAEC+BF. 

4 Note that the time-varying components hv(k,n) cannot be identified separately, 
although gv(k, n) is known ('knapsack problem'). 
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Signal-dependent, time-varying beamformers. Here, the main problem is that 
the adaptation of h (I I) (n) has to track the time-variance of G (n). As for the 
adaptation algorithms discussed in Section 13.2.1 an increasin..e; filter order in­
volves a reduced tracking capability [7], the high-order filter, h (II) (n), cannot 
follow the time-variance of the low-order filters of G(n) (LAEC+BF » LBF). 
Therefore, h(II)(n) can find a useful echo path model only when G(n) re­
mains time-invariant for a sufficiently long time. In Figure 13.7, the adapta­
tion behaviour of the 'beamforming first' structure is analyzed for a speech 
conversation with a GSC as adaptive beamformer [28,32]. Inspecting the time 
domain signals u(n) and sen) in Figures 13.7a and 13.7b shows that a 'double­
talk' period occurs for time n = 3.5 ... 4.0.105 . Figure 13.7c illustrates which 
component is adapted at a given time. To track slight movements of the de­
sired local source, the blocking matrix, GBM(n), is adapted if only the local 
source and noise are present [28,32]. The system error of (13.8) depicted in 
Figure 13.7d converges monotonically when h(II)(n) is adapted. When the 
interference canceller, GIC(n), or the blocking matrix, GBM(n), are adapted 
the system error rises instantaneously (n = 2 ... 3.5.105 ). This is not critical 
as long as u(n) = 0, however, during double-talk (n = 3.5 ... 4.0.105 ), a 
large residual error, e(n), arises (Figure 13.7e,f) as h(II)(n) cannot recon­
verge. Consequently, with the 'beamforming first' structure, the benefits of 
AEC are missing when they are desired most, i.e., during double-talk and 
during transitions from far-end activity to local activity and vice-versa (at 
other times primitive echo suppression methods, such as loss insertion [2], are 
less objectionable). 

13.5 Integration of AEC into time-varying 
beamforming 

As time-varying beamforming, G(n), cannot be tracked satisfactorily by the 
adaptation of h(II) (n), a compromise is desirable for AEC which avoids the 
computational burden of H(I)(n) for large N and provides improved echo 
cancellation compared to h(II) (n). For this, the beamformer is decomposed 
into a time-invariant and a time-varying part in the sequel, with AEC acting 
only on the output of the time-invariant part. Two options for arranging 
the time-invariant and the time-varying stage are examined: First, a cascade 
with the time-invariant stage followed by the time-varying stage, and second, 
a parallel arrangement of the two stages. 

13.5.1 Cascading time-invariant and time-varying beamforming 

As illustrated in Figure 13.8, instead of a single beamformer output, yen), 
(see Figure 13.3), M < ... « N beamformer output signals yen) = 
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Fig. 13.7. Adaptation of h(II)(n) in 'beamforming first ' structure (N = 8, T60 :::::: 

50 ms, Is = 12 kHz, LAEC+BF = 300, LBM = 16, LIC = 50, adaptation by NLMS 
algorithm) 
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Fig. 13.8. AEC integrated into cascaded beamforming. 

[YO (n), ... Y M -1 (n)] T are produced by M sets of fixed beamforming filters 
G ~M) according to 

y(n) = G~M)T . X(n), (13.41) 

where X(n) is given by (13.30) and 

G (M) - [GT GT GT ] F - F,O"'" F,/L"'" F,M-1 (13.42) 

with GF,/L according to (13.28). For AEC, H(llI) (n) realizes M adaptive echo 
cancellers h/L(n), It = 0, ... , M - 1, which exhibit the same performance as 

h(ll)(n) with time-invariant G(n) (see Section 13.4.4). Thus, if M < N and 
LAEC+BF ::::: LAEC, AEC operates at a reduced computational cost compared 
to H(I)(n) (see Section 13.4.3). The time-varying part of the beamforming 
implements a weighted sum ('voting') using time-varying weights, 9v,/L(n): 

s(n) = g~(n)· z(n) 

with 

gv(n) = [9v,o(n), ... ,9v,/L(n), ... ,9v,M-1(n)f, 

z(n) = [zo(n), ... ,z/L(n), ... ,zM_1(n)]T. 

(13.43) 

(13.44) 

(13.45) 

Fixed beamformer design. The fixed beamformers of G ~M) may be de­
signed to account for various situations, for instance, different beamformers 
could be employed for the presence or absence of echo, v(n), and of certain 
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local interferers, r( n). This concept is easily extended to cover several desired 
sources or moving desired sources, which is especially attractive for telecon­
ferencing [5,17,18,22,26]. For the actual design of G F ,/-" techniques based on 
both time-invariant or time-varying beamforming can be applied. Updating 
may be attractive to allow for long-term flexibility. 

G ~M) based on time-invariant beamforming. As a straightforward approach, 
Mo > M signal-independent fixed beams may be formed to cover several 
possible interference scenarios and/or all possible desired source positions. 
The output of these Mo beamformers is monitored and a subset of M beam­
formers is used for G ~~,f) (n) to produce potentially desired signals y( n). As 
an example, in a teleconferencing studio with Mo = 7 seats and three local 
participants being present, only M = 3 beams should produce desired signals 
(for examples see [17,18,22,26]). 

G~M) based on adaptive beamforming. Signal-dependent adaptive beamform­
ing can be used to identify fixed beamformers for typical interference scenar­
ios. To this end, an adaptive beamformer operates at a normal adaptation 
rate with its filter coefficients acting as a training sequence for finding M 
representative fixed beamformers. A priori knowledge of the desired source 
location(s) for incorporating constraints is necessary as well as initial train­
ing [5]. 

Initializing and updating G ~M). The monitoring of Mo fixed beams, or the 
learning of optimum beamformers for deciding upon G~) can be carried out 
during an initial training phase only, or continuously. Continuous monitoring 
is recommended when changes are expected that demand the updating of 
G~M). Monitoring of Mo beams helps also to establish reliable estimates for 
background noise levels and supports detection of local talker activity so 
that convergence speed and robustness of AEC adaptation can be improved. 
Generally, as long as updating of G ~M) occurs less frequently than significant 
changes in the acoustic path, the model of time-invariant beamforming is 
justified with respect to AEC behavior. Aiming at minimum computational 
complexity for AEC, more frequent updates of G~,f) may be accepted for 
reduced M. The update should preferably occur at the beginning of 'far-end 
speech only' periods, as then, the AEC H(III)(n) can immediately adapt to 
the new echo path. 

Voting. The time-varying weights, 9v,/-' (n), in (13.44) must be chosen to 
allow for a fast reaction (::; 20 ms) to newly active local sources or chang­
ing interference scenarios, while at the same time avoiding the perception of 
switching, e.g., by applying a sigmoYd-like gain increase over time. For maxi­
mum spatial selectivity, only one beam signal should have a nonzero weight, 
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w(n) 

w(n) 

Fig. 13.9. GSC with embedded AEC. 

9V,JL(n), in the stationary case. Frequent toggling between beams is subjec­
tively objectionable and should be prevented by hysteresis mechanisms (see 
also [17,26]). 

13.5.2 AEC with GSC-type beamforming structures 

As a popular representative of adaptive beamformers, the GSC (see Sec­
tion 13.3.3) is also an example for a parallel arrangement of time-varying 
and time-invariant beamforming. If an integrated AEC should only see time­
invariant beamforming in the echo path, it has to act on the output of the 
fixed beamformer, yen), as depicted in Figure 13.9 [32]. Obviously, only a sin­
gle adaptive filter, h(IV)(n), is necessary which faces the same system identi­
fication task as h(II)(n) for time-invariant beamforming (see Section 13.4.4), 
which in turn is essentially identical to the plain single-microphone AEC 
problem. However, residuals of acoustic echoes, yen), will also be contained 
in wen) unless they are eliminated by GBM(n) or GIG(n). Here, leaving echo 
suppression to the interference canceller, G1c(n), seems to be the obvious 
solution. Recall that GIG(n) minimizes the quadratic norm ofS-(n) to remove 
all components from zen) that are correlated with wen). If h(IV)(n) is per­
fectly adjusted, no echo components remain in zen) and the echo estimate 
within wen) should be zero. On the other hand, local interference components 
in wen) should be linearly combined using nonzero filter coefficients, so that 
wen) can remove interference residuals from zen). Clearly, a conflict in the 
design of GIG(n) arises [32]. 

For illustration, consider a stationary situation for a given frequency, Wo, 
in a 2-D plane containing a linear beamforming array with time-invariant GF, 
G BM , and GIG. A local interferer, r(n), arrives as a planar wave from (Jo and 
passes the blocking matrix which is transparent for r( n) (G~ M . r( n) = r( n)). 
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Then, for perfect interference cancellation, GIG(n) has to model the re­
sponse of the fixed beamformer, :F {GIG} (00, wo) = :F {GF} (00, wo), with 
:F { G(.)} (0, w) denoting the frequency response for a plane wave of frequency 
w arriving from O. If, on the other hand, an acoustic echo arrives from the 
same direction, 00, with nonzero spectral support at Wo, this should be per­
fectly suppressed if z(n) contains no echo, which means:F {GIG} (Oo,wo) = O. 
Obviously, this conflict requires a compromise at the cost of either local in­
terference suppression or echo attenuation. Here, adaptation algorithms will 
automatically favor the dominant signal component in w(n). Even if echo and 
local interference do not arrive from the same direction, the finite number of 
degrees of freedom limits the ability of GIG to suppress echo and local inter­
ference simultaneously. This is especially true for reverberant environments 
which possess a very large (if not infinite) number of DOAs for both echoes 
and local interference. 

To avoid the conflict ofinterests within GIG, a suppression ofthe acoustic 
echoes, v(n), using GBM(n) seems attractive. Considering the options, it is 
obvious that the output, w(n), should be freed from v(n) without suppressing 
r(n) or impairing the suppression of s(n). This means that no additional 
filtering on x(n) is allowed. As an alternative, estimates for the echoes, v(n), 
could be subtracted from w(n), which requires one adaptive filter for each of 
the P ~ N channels and is similar to the generic concept of Section 13.4.3. 

13.6 Combined AEC and beamforming for 
multi-channel recording and multi-channel 
reproduction 

Multi-channel recording means that the output of the acquisition part of the 
acoustic interface in Figure 13.1 consists of several (L > 1) channels which, 
e.g., are necessary to convey spatial information for remote multi-channel 
sound reproduction, but may also support local signal processing. In Fig­
ures 13.5, 13.6, and 13.7 this translates to an L-dimensional output vector 
s( n). With respect to the beamforming, it means a duplication of the filtering 
and adaptation for each channel using the techniques outlined in Section 13.3. 
Both, time-invariant and adaptive beamforming will typically use L differ­
ent 'look directions.' Regarding the generic methods to combine AEC with 
beamforming (Section 13.4), this means that for the 'AEC first' structure, 
the AEC part, iI(I)(n), remains unchanged while only the beamforming has 
to be duplicated. For the 'beamforming first' structure, the AEC realized by 
h(II)(n) has to be duplicated as well. 

When AEC is integrated into cascaded beamforming (see Section 13.5.1) 
the extension to the multi-channel recording case is included in the concept. 
The number of parallel fixed beams simply must equate or exceed the number 
of recorded chan~els, M ;:::: L, and the voting must be chosen accordingly. The 
AEC structure, H(III)(n), remains unchanged. If the AEC is embedded into 
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a GSC-like structure, both the beamforming, G(n), and the AEC structure, 
iiYV) (n), have to be implemented L times. However, removal of the acoustic 
echoes in the blocking matrix is necessary only once if performed directly on 
the microphone signals, x(n). 

Multi-channel reproduction introduces a K-channel AEC problem (as de­
scribed in Section 13.2.2), wherever a single echo cancellation filter is em­
ployed for single-channel reproduction, regardless of whether echo is to be re­
moved from a microphone output or from a beamformer output. Essentially, 
this deteriorates convergence behavior and increases computational complex­
ity for all structures discussed in Sections 13.4 and 13.5, accordingly. 

Finally, for a system with both multi-channel reproduction and multi­
channel recording as suggested in Figure 13.1, the complexity for combined 
AEC and beamforming obeys the superposition principle with respect to 
filtering and filter adaptation. Synergies are obtained by the common use 
of control information for several channels. The nature of the problems, 
however, does not change compared to the basic scenarios studied in Sec­
tions 13.2.2, 13.4, and 13.5 so that the corresponding results remain mean­
ingful. 

13.7 Conclusions 

Beamforming and acoustic echo cancellation have been shown to jointly con­
tribute to the suppression of acoustic feedback occurring in hands-free acous­
tic man-machine interfaces. While for time-invariant beamforming a single 
adaptive AEC filter suffices in the case of single-channel reproduction and 
single-channel recording, time-varying beamformers demand multiple adap­
tive filters if echo cancellation performance is not to degrade severely. How­
ever, realizing a time-varying beamformer as a cascade of time-invariant 
beamforming and time-varying voting requires only a few adaptive echo can­
cellers even for microphone arrays with many sensors. Implementing a combi­
nation of AEC and beamforming for a multi-channel reproduction and multi­
channel recording system involves a corresponding increase in computational 
complexity. Signal processing performance, however, is still determined by 
the solutions for the elementary problems. 
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Abstract. In this chapter, speech enhancement and echo cancellation for hands­
free mobile telephony are discussed. A number of microphone array methods have 
been tested and results from car measurements are given. Traditional methods 
such as linearly constrained beamforming and generalized sidelobe cancelers are 
discussed as well as array gain optimization methods. An in situ calibrated method 
which gives an overall improved performance is also presented. Algorithms such 
as Least-Squares (LS) and Normalized-Least-Mean-Squares (NLMS) are used to 
find optimal weights. Improved performance using an LS-method is shown, but 
at the cost of increased numerical complexity limiting its implementation in real­
time applications. By introducing subband processing this issue can be avoided. The 
results show a noise suppression of approximately 18 dB and hands-free loudspeaker 
suppression of the same order. 

14.1 Introduction: Hands-Free Telephony in Cars 

The increased use of mobile telephones in cars has created a greater demand 
for hands-free, in-car installations. The advantages of hands-free telephones 
are safety and convenience. In many countries and regions hand-held tele­
phony in cars is prohibited by legislation. The car manufacturers also pro­
hibit such use since it will interact with other electronic devices in the car 
such as air bags, navigation equipment, etc. This means that a mobile tele­
phone should be properly installed and an external antenna should be used. 
However, by installing the microphone far away from the user, a number of 
disadvantages, such as poor sound quality and acoustic feedback from the 
far-end side, are introduced. This means that some form of filtering is re­
quired in order to obtain sound quality comparable to that of hand-held 
telephony. This filtering operation must suppress the loudspeaker, as well 
as background noise and room reverberation, without causing severe speech 
distortion. A number of potential methods will be presented to address this 
problem. 

For automobile applications, there has also been the desire to replace 
many hand-controlled functions with voice controls. The signal degradations 
in this context have many similarities to those encountered in distant-talker 
speech recognition applications. A study of recognition in car environments 
was presented in [1,2]. However this topic is beyond the primary goal here 
and is the specific subject of Chapter 15. 
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Hands-free car installations result in noisy near-end speech as well as an 
acoustic feedback of the far-end speech. The near-end disturbances, result­
ing in substantial speech distortion, are mainly room reverberation and car 
noise. Furthermore, acoustic feedback, generated at the near-end side, is a 
problem for the far-end side talker, who will hear his voice echoed with 100-
200 ms delay, making speech conversation substantially more difficult. Three 
major tasks must be addressed in order to improve the quality of hands-free 
mobile telephones: noise suppression, room reverberation suppression, and 
acoustic feedback suppression of the hands-free loudspeaker. Because of the 
cabin conditions, room reverberation suppression is not a critical issue in 
most standard automobiles. In trucks, buses, people movers and 4-WD with 
their larger interiors, it may need to be considered. The measurements pre­
sented here are from a normal-sized station wagon. The acoustic channel is 
non-minimum phase and thus quite hard to deconvolve [3]. Matched filtering 
approaches which do not require explicit channel deconvolution [3,4] and sev­
eral other methods detailed earlier in this text are available for reverberation 
suppression under more adverse conditions. 

Speech enhancement in hands-free mobile telephony can be performed us­
ing spectral subtraction [5-8] or temporal filtering such as Wiener filtering, 
noise cancellation and multi-microphone methods using a variety of different 
array techniques [9-11]. Room reverberation in this context is most effectively 
handled using array techniques or by proper microphone design and place­
ment. Acoustic feedback for hands-free mobile telephony is usually addressed 
by conventional echo cancellation techniques [12-15] although subband echo 
cancellation has been popular lately, see for instance [15,16]. 

A broad-band microphone array is able to perform all the given tasks, i.e. 
speech enhancement, echo cancellation and reverberation suppression, in a 
concise and effective manner. This is due to the fact that the spatial domain 
is utilized as well as the time domain. An effective combination of spatial 
and temporal processing will lead to a very efficient solution. Hence, im­
proved speech enhancement performance is achieved compared to single mi­
crophone solutions. The microphone array technique also handles the acoustic 
feedback in an efficient way. The hands-free loudspeaker represents a single 
source despite having been filtered by the channel associated with the car's 
interior. Similarly, the main talker (driver) represents an additional single 
source within the cabin. These two sources will have different locations. The 
echo-suppression level and speech distortion will depend on how "well apart" 
these two sources are placed [17]. 

The outline of this chapter is as follows: 

• Section 2, Optimum and Adaptive Beamforming topics are reviewed from 
a hands-free mobile telephone perspective, specifically: 
1. Signal Model 
2. Constrained Minimum Variance Beamforming and Generalized Side­

lobe Canceler (GSC) 
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3. In situ Calibrated Microphone Array 
4. Time-Domain Minimum-Mean-Square-Error Beamformer 
5. Frequency-Domain Minimum-Mean-Square-Error Beamformer 
6. Optimal Near-field Signal-to-Noise plus Interference Beam­

former (SNIB) 
• Section 3, Subband Implementation of the Microphone Array 

1. Description of LS-Subband Beamforming 
• Section 4, Multi-resolution Time-Frequency Adaptive Beamforming 

1. Complexity Comparisons 
• Section 5, Evaluation and examples 
• Section 6, Summary and conclusions 

14.2 Optimum and Adaptive Beamforming 

The hands-free mobile telephony problem in an automobile is well suited 
for optimum or adaptive beamforming. The user is in a fixed and known 
location relative to the array and enclosure. The geometrical array configu­
ration is known. It is further possible to place the loudspeaker in a position 
that is advantageous from a beamforming perspective. Early approaches to 
this task involved the direct adoption of adaptive antenna array methods in 
use since the 1960's [18]. However, this proved not to be a straightforward 
task and required the development of approaches specific to the application 
environment, e.g. [11,19,10,20]. 

The most common means of applying adaptive beamforming concepts 
is to treat the problem as one of constrained optimization. These methods 
rely on geometrical constraints, where the location of the source is known 
either perfectly or with some accuracy. They require sensor calibration and 
stable hardware (e.g. to avoid low temperature drift). The algorithms may be 
extended using different robustness constraints [21-23] and noise sub-space 
constraints [3]. The problem may also be viewed as several multi-dimensional 
filtering problems. These filters are combined with an interference cancelling 
structure [10,24,25]. 

14.2.1 Common Signal Modeling 

In order to provide a consistent description it will be useful to introduce a sim­
ple signal model which is general in the sense that microphone elements and 
sources with any spectral content can be placed arbitrarily. The D different 
point signal sources Sd(t), d = 1,2, ... ,D, with spectral densities RSdSd(W) 
are assumed to be mutually uncorrelated, i.e. the cross power spectral density 
RSdSe (w) is zero if d =I- e. All sources impinge on an array of N microphone 
elements, corrupted with non-directional independent diffuse additive noise 
v(t). The transfer function between source d and array element n is denoted 
Gd,n(w) and is either measured or modeled. In this model, a spherical source 

Page 316 of 401



310 Nordholm et al. 

in a free-field and homogeneous medium is assumed. In a real world situation 
with measured data such an assumption may be suspect. The signal received 
at the nth microphone element, xn(t), is 

D 

Xn(t) = L Sd(t) * 9d,n(t) + v(t) n = 1,2, ... ,N, (14.1) 
d=l 

where * denotes convolution. Each source signal is treated as a point source 
filtered by an LTI system. An implication of these assumptions is that vari­
ations in the acoustic channel are slow relative to the filter update rate. In 
the sequel all signals are assumed to be bandlimited and sampled with a 
discrete-time index k. 

14.2.2 Constrained Minimum Variance Beamforming and the 
Generalized Sidelobe Canceler 

In minimum variance beamforming, the objective is to minimize the output 
of a (broadband) array while maintaining a constant gain constraint towards 
the desired source, in this case the talker of interest. 

The output of the beamformer is given as 

N 

y[k] = L w~xn[k] (14.2) 
n=l 

where the weight vector and input data vector both are of length L. 
The expression to be minimized is the "variance" of the assumed zero­

mean output, E(ly[k]i2), with respect to the filter weights given by 

(14.3) 

If it is assumed, without loss of generality, that point source one is the 
talker of interest, then the major task is to find the constraint on the weight 
vector such that y[k] = sl(t)lt=kT, i.e. the output is distortion free. A natural 
way to do this is to express the minimization in the frequency domain and 
include matched filtering [3]. For this process, there is a strict requirement 
of accurate signal modeling or robust constraints, otherwise super-resolution 
will cancel the source [23,10]. 

The Generalized Sidelobe Canceler can be viewed as a constrained beam­
former which has been converted to a non-constrained beamformer by means 
of a blocking matrix. Thus, the problem is separated into two tasks: the de­
sign of a fixed beamformer to determine the response for the desired source 
and a matrix filter that blocks the desired source from entering. In the sim­
plest case of a free-field, far-field source and a perfectly calibrated array this 
blocking matrix will amount to a point constraint [26,27]. For the near field 
situation and a reverberant enclosure, special measures must be taken. The 

Page 317 of 401



14 Optimal and Adaptive Microphone Arrays 311 

:X[~k]~~,,"""""~:JL:~ ______________ ~Yd~~~]~r-__ ~~ _ E~] 

array input 
vector 

Fig. 14.1. Structure of the Generalized Sidelobe Canceler. 

original form of the GSC only provides for a point constraint and is ex­
cessively sensitive to calibration and direction errors [23,22]. A number of 
methods have been proposed which are more suitable for microphone array 
applications [27,28,21,10,29]. Details of this appropriate GSC implementation 
will now be presented. 

The GSC structure shown in Figure 14.1 consists of two main parts: an 
upper fixed beamformer and a blocking matrix with subsequent interference 
cancelers. In order to avoid attenuation of the desired signal it is critical that 
the input to these interference cancelers contain only the undesired signals. 

The input signal vector, x[k], is filtered by the upper beamformer, a, 
steering towards the talker of interest and creating an output Yd[k], 

(14.4) 

This beamforming filter in its simplest form consists of a vector of ones. More 
generally, it consists of FIR filters forming a multi-dimensional filter. The 
blocking matrix should form signals that are orthogonal to the desired signal. 
Thus, the input to the interference cancelers should contain only undesired 
signals, (and some injected noise) 

zm[k] = b?;',x[k] (+ 1}m[k]). (14.5) 

When designing the lower beamformers, bm, which implement the signal 
blocking matrix, the requirement is that the desired signal should be blocked 
totally. This is not practically feasible. To do so would require knowledge of 
the transfer function from the desired source to the input of the lower beam­
formers with extremely high precision. By choosing to relax this requirement 
and viewing the problem from a filter design perspective where the desired 
signal should be suppressed below a certain level determined by an artificial 
injected noise level, 1}m[k], one may overcome these limitations [10]. This in­
jected noise is not actually present, it is only included in the filter weight 
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updating algorithm used in the adaptive implementation of the interference 
canceler. The desired signal will not be picked up and attenuated by the in­
terference canceler as long as the injected noise dominates over the desired 
signal. This approach is also valid for the background noise free case [25]. 

Another approach to this constrained optimization problem is the use of 
subspace techniques such as that suggested in [3]. This method requires sev­
eral adaptive steps and also a Voice Activity Detector (VAD). The speech 
distortion is related to how well the transfer functions from the desired source 
to each microphone element, Gli {w), are identified. The upper beamformer 
is then created as a matched spatial temporal filter and the blocking matrix 
is created as a projection matrix that is orthogonal to the transfer function 
vector (GU{W),G12 {W), ... ,G1N{W)). This implies that, as long as this or­
thogonality constraint is valid, no target signal will leak through. All of this 
assumes that a good estimate of the transfer function vector is used, the talker 
can be represented by a point source, and the conditions are time invariant. 

Experience using the GSC has shown that it provides a very good sup­
pression of background noise, but that control of the signal distortion and 
calibrating for a combined array are problematic [10]. Another observation 
reached from implementation experience is the importance of using a precise 
VAD. The interference canceler is very effective at exploiting correlations with 
the target and adjusting its weights to suppress or heavily distort the desired 
signal. A combination of VAD and leaky LMS was used in the implementa­
tion [10] to give a reasonable result. Still it was difficult to obtain satisfactory 
results with long term tests in a car, i.e. over a few days of measurements 
using an initial calibration. This suggests the need to have a means for very 
simple in situ calibration. 

14.2.3 In Situ Calibrated Microphone Array (ICMA) 

The basic idea when developing this scheme was to find a robust yet effective 
strategy to an undistorted version of the desired signal with significant sup­
pression of background noise and unwanted sources. A primary goal was to 
overcome the environmental sensitivity inherent in the constrained optimiza­
tion strategies outlined above. A way to achieve this is to record calibration 
sequences through the actual system in a real situation with all of its im­
perfections. These calibration sequences contain information regarding the 
statistical properties of the speaker, from both a spatial and temporal point 
of view. All calibration signals are gathered from the correct position and 
with the actual hardware. The adaptive system, as such, is then designed not 
to suppress signals close to the calibration point, i.e it should have low sensi­
tivity to perturbation errors and avoid super-resolution. This can be achieved 
by moving the source (spatial dithering) around the nominal point during cal­
ibration or exploiting temporal dithering in the AID converters. Calibration 
sequences are recorded from both the jammer position{s) and the target po­
sition when no car noise is present. These signals are stored in memory for 
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later use as training signals in an adaptive phase. As will be shown it is only 
necessary to save the second order statistics of the calibration signals in the 
implementation phase. This approach gives an inherent calibration where it 
is possible to average and weigh interesting frequency bands, microphones, 
and spatial points. The methodology does not rely on any geometric a pri­
ori information or array element similarities with accurate positioning. The 
result is a system that is tailored for the actual situation. The system has 
been studied from a theoretical [17] and implementation perspectives [30-32]. 
The ICMA uses a Minimum-Mean-Square-Error (MMSE) optimization that 
is approximated by either an NLMS implementation [30,31] or an LS solu­
tion [33]. An LS or Recursive-Least-Squares (RLS) solution becomes practical 
when using a subband implementation. The ICMA design can be viewed as 
an MMSE beamformer where there is separate access to the undesired noise 
and desired speech signal. 

14.2.4 Time-Domain Minimum-Mean-Square-Error Solution 

Assume that the input to the beamformer consists of a sum of known calibra­
tion sequence observations, sn[k], n = 1 ... N, sent out from the position of 
interest, and noise-plus-interference signals, xn[k], n = 1 ... N, consisting of 
the actual environment signal observations. The time-domain objective can 
be formulated as 

Wopt = argmin E [(y[k]- Sr[k])2] 
w 

(14.6) 

where the output, y[k], from the beamformer is given by 

N 

y[k] = L w;; (xn[k] + sn[k]) . (14.7) 
n=l 

The desired signal, sr[k], is chosen from a single calibration array sensor 
observation, sn[k], or a separate reference microphone signal chosen as the 
reference sensor. In theory the true source signal would be desirable to use 
instead of a sensor observation, but the true source signal is simply not ac­
cessible in a noise-filled car. The optimal weights which minimizes the mean 
square error between the output and the reference signal are found by [34] 

Wopt = [Rss + Rvvr1 rs· 

where Rss is defined as 

Rss = ( 

RSISI R SIS2 R 8I8N ) 
R 828I R S282 R 828N 

RS~8I RS~82 .... : R8~8N 

(14.8) 

(14.9) 
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and 

(14.10) 

with 

[=0,1,···,L-1 (14.11) 

The noise correlation matrix, Rvv, is defined similarly and consists of the 
correlation estimates of all noise plus interference signals. The filter weights, 
w, are arranged according to 

w T = [wi wf ... w~) 

where 

n = 1,2,··· ,N. 

The cross correlation vector, r 8, is defined as 

with 

n = 1,2,···,N 

and each element as 

n = 1,2,··· , N, r E [1,2,··· , N), [= 0,1,··· , L - 1. 

14.2.5 Frequency-Domain Minimum-Mean-Square-Error 
Solution 

(14.12) 

(14.13) 

(14.14) 

(14.15) 

(14.16) 

The formulation of the MMSE beamformer can be expressed in terms of indi­
vidual frequency bands. The optimal beamformer consists of the frequency­
dependent weights that minimize the mean square error across the individ­
ual frequency bands. This is provided that the different frequency bands are 
essentially independent and that the fullband signal can be represented accu­
rately via this subband decomposition. The frequency domain design criterion 
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can be formulated in a fashion similar to that of the time domain. For each 
subband with center frequency, f, the criterion will be 

(14.17) 

where the output, yU) [k], from the beamformer is given by 

N 

yU)[k] = L wCj) [xk')[k] + sk')[k]] (14.18) 
n=l 

where xk')[k], sk')[k] and, yU)[k] are narrow-band signals containing essen­
tially only components of frequency f. The single sensor observation, sr[kJU) , 
is again one of the microphone observations chosen as the reference sensor. 
The optimal weights, which minimize the mean square error between the 
output and the reference signal for each frequency band, are found by 

wU) = [RU) + RU)] -1 r U) 
opt 88 vv 8· (14.19) 

where 

(14.20) 

where 

(14.21) 

Here each signal, sk')[k], n = 1,2,··· ,N, is the narrow-band observation 
when only the source signal of interest is active. The correlation matrix Rl~) 
is defined similarly where each microphone observation consists of only the 
noise and interference signals. The cross correlation vector, r~f), is defined as 

(14.22) 

with each element as 

(14.23) 

n = 1,2, ... ,N, r E [1,2, ... ,N]. 

The frequency dependent weights, w U) , are defined as complex valued vectors 
of dimension N. 
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14.2.6 Optimal Near-Field Signal-to-Noise plus Interference 
Beamformer 

The output signal-to-noise plus interference power ratio (SNIR) is defined as 

Q = average signal output power 
average noise-plus-interference output power 

(14.24) 

and the beamformer which maximizes the ratio, Q, is the optimal SNIB. 
Expressing the mean signal output power as a function of the filter weights 
in the beamformer and finding the optimal weights which maximize Q is done 
below. 

Time-Domain Formulation The beamformer output power when only the 
signal of interest, s[kJ, is active, is found from the zero lag of the autocorre­
lation function, rYsy.[OJ, as 

(14.25) 

The matrix, Rs,., is defined in (14.9). The weights, w, are arranged as in 
(14.12) and (14.13). 

An expression for the noise-plus-interference power, r yvYv [0], is found from 

(14.26) 

when all the surrounding noise sources are active and the source signal of 
interest is inactive. 

Now, the optimal weights are found by maximizing the ratio of two 
quadratic forms, according to 

Wopt = argm:x {;:::::}. (14.27) 

Frequency-Domain Formulation The formulation of the optimal signal­
to-noise plus interference beamformer may be derived for individual frequency 
subbands. The weights that maximize the quadratic ratios at individual fre­
quencies constitute the optimal beamformer that maximizes the total output 
power ratio, provided the subband signals are independent. 

For frequency, f, the quadratic ratio between the output signal power and 
the output noise-plus-interference power is 

W(J) = arg max 
opt w(t) 

(14.28) 

where the matrices, RW and RW, are defined as in (14.20). The weights, 
w(J), are defined as the complex valued vectors of dimension N. 
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Fig. 14.2. Subband Beamforming Structure. 

14.3 Subband Implementation of the Microphone 
Array 

Noise and echo suppression exhibit significant gains when an L8 solution is 
used in place of the NLM8 algorithm [33]. However, computational consid­
erations make use of the L8 criterion impractical for the wide-band prob­
lem. 8ubband frequency transformations as shown in Figure 14.2 provide 
efficient means of allowing for the use of second order methods (such as 
RL8) , while keeping computational complexity low. The frequency-domain 
algorithms have a least-squares objective function, as described in (14.29). 

An uniform DFT analysis-synthesis filterbank [35] will be employed here. 
The filter bank is used to decompose the full-rate sampled signals, xn[k], into 
I subband signals [36] . The subband signals are essentially generated from 
a common bandpass filter with varying center frequency, 2;;, and cover the 
entire frequency range. As a special case, when the number of subbands 
equals the length of the prototype filter, the subband decomposition will equal 
the overlapped Short-Time Fourier Transform (8TFT) and the prototype 
filter is chosen as a simple, uniform moving average. The subband signals are 
decimated to a lower sampling rate allowing for a polyphase implementation. 
This provides an analysis-synthesis structure with approximately the same 
computational complexity as the STFT [35]. 
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14.3.1 Description of LS-Subband Bearnforrning 

The MMSE beamforming scheme formulated in (14.17) may be reexpressed 
in the time domain using an LS formulation as subband number 

(i) (N) - . w l8 ,opt - arg e;lg (14.29) 

where i indicates the sub band index, K is the number of data points con­
sidered, and where y(i)[k] is given by (14.18) with f = 27ri/I. The reference 

source signal, S~i) [kJ, is not directly available, but a calibration sequence gath­
ered in a quiet environment can be used in its place. This calibration signal 
contains the source's temporal and spatial information. Since s~i) [k] is inde­

pendent of the actual data x~)[k], at least for large K, the LS problem can 
be expressed as the sum of two components by 

wei) (K) = argmin {~l [lw(i)H s(i)[k]- sr(i)[k]1 2+ 
18,opt w(i) ~ 

k=O 

(14.30) 

The equation may be rewritten as 

wei) (K) = argmin {w(i)H [ft(i)(K) + ft(i) (K)] W(i)_ 
18,opt wei) 88 xx 

(14.31) 

where the source correlation estimates can be precalculated in the calibration 
phase from 

ft~~(K) = k ~f=Ol S(i) [k]s(i)H[k] 
(14.32) 

f~i) (K) = k ~f~;/ sci) [k]S~i)H [k] 

where 

is the microphone data when the source signal alone is active. The least­
squares minimization of (14.31) is found by 

wei) (K) = [ft(i)(K) + ft(i) (K)] -1 f(i)(K) 
18,opt 88 xx 8 (14.33) 

where 
K-1 

ft1i~(K) = ~ L x(i)[k]x(i)H[k] (14.34) 
k=O 

is the observed data correlation matrix estimate. This implies that an esti­
mate of the calibration data may be used as part of the solution. 
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14.4 Multi-Resolution Time-Frequency Adaptive 
Beamforming 

The performance of the algorithm stated in previous section requires that the 
number of subbands is large enough for the frequency-domain representation 
to be accurate. The number of sub bands is proportional to the length of 
the equivalent time-domain filters, and the more subbands chosen, the more 
degrees of freedom inherent in the beamformer. The number of subbands is 
also related to the delay caused by the frequency transformations since a 
large number of sub bands necessitates a longer prototype filter, which in its 
turn will cause an increased delay. 

The algorithm is easily extended to a combination of time- and frequency­
domain representations. Each subband signal can be seen as a time-domain 
signal sampled at a reduced sampling rate and containing only frequencies 
in that particular subband. By applying a time-domain algorithm in each 
subband, the degrees of freedom for the filters are increased while the number 
of subbands can be held constant. The lengths of the corresponding filters 
may differ across the subbands to produce a multi-resolution framework. 

14.4.1 Memory Saving and Improvements 

The proposed beamformer consists of a source signal information gathering 
phase followed by the operation phase. Information about the source signal is 
represented through the frequency-dependent, source-only correlation matrix 
estimates, R~~. These estimates are calculated and stored for each of the 
I subbands. When there are known unwanted sources, such as hands-free 
loudspeakers, which have a fixed location in relation to the microphones and 
the enclosure, correlation estimates from these signals are also estimated and 
saved. Estimates of the frequency-dependent cross-correlation vectors, r~i), 
are also maintained. The number of elements, P, required in memory to 
store the fullband time-domain solution is: 

ptime = [N L(N L + 2)]2 

where N is the number of microphone channels and L is the full band FIR 
filter length. For the frequency-domain representation the number of storage 
elements needed is 

pfreq = I[N~(N~ + 2W 
I I 

where index I is the number of sub bands. As an example, Figure (14.3), shows 
the ratio of the number of storage elements required for the time- and the 
frequency-domain implementations as a function of the full band time-domain 
filter length and subbands values of I = 16,32,64,128,256,512. The number 
of channels is N = 6. Even for moderate filter lengths, the size of the mem-
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Relation between ptime and pfreq for different filter lengths L 
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Fig. 14.3. The ratio ptime I pfreq for filter lengths L varying from 4 to 1024, and 
the number of subbands, I, is varying from 16 to 512. The number of channels is 
N=6. 

ory is reduced substantially with the frequency-domain implementation. The 
number of multiplications is proportional to the number of stored elements, 
and the relationship between computational costs for the time-domain and 
frequency-domain implementations is the same as in Figure 14.3. 

14.5 Evaluation and Examples 

14.5.1 Car Environment 

A performance evaluation of the beamformer was made in a hands-free situa­
tion with a six-element microphone array mounted on the passenger-side visor 
of a Volvo station wagon. Data was gathered on a multi-channel DAT -recorder 
with a 12 kHz sampling rate and a 300-3400 Hz bandwidth. In order to fa­
cilitate simultaneous driving and recording, an artificial talker was mounted 
in the passenger seat to simulate a real person engaging in a conversation. 
Initially, a white noise sequence within the bandwidth was emitted from the 
artificial talker, in a non-moving car with the engine turned off. This sequence 
served as the desired sound source calibration signal in all of the following 
simulations. Interference signals were recorded by emitting an independent 
sequence of bandlimited, white noise from the hands-free loudspeaker. This 
recording functioned as the point-source interference calibration signal and 
was referred to as the echo signal. In order to gather background noise esti­
mates, the car was driven at a speed of 110 km/h over a paved road. The car 
cabin noise environment consisted of a number of unwanted sound sources, 
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Fig. 14.4. Geometry of the six-element, linear array with an adjacent microphone 
spacing of 5 cm. 

mostly with broad spectral content, e.g. wind and tire noise. Recordings with 
real speech signals, from both the artificial talker and the hands-free loud­
speaker, were recorded both individually and while driving. These recordings 
served as the beamformer evaluation signals. All of the performance measures 
presented in Section 14.5.5 were based on these real speech recordings. 

14.5.2 Microphone Configurations 

The sensors used in this evaluation were high-quality Sennheiser microphones 
mounted flat on the visor. The speaker was positioned 35 cm from the center 
of the array and oriented perpendicular to the its axis. The mounting of the 
six-element linear array is given in Figure 14.4. The spacing between adjacent 
elements in the array was 5 cm. 

14.5.3 Performance Measures 

There are two objectives for the beamformer: minimize the distortion caused 
by the beamforming filters (measured by the deviation between the beam­
former output and the source signal) and maximize noise and interference 
suppression. In order to measure the performance the normalized distortion 
quantity, D, is introduced as 

(14.35) 

where w = 27f f and f is the normalized frequency. The constant, Cd, is 
defined as 

J1I" Px (w)dw 
C - -11" 8 

d - A 

I::1I" PY8 (w )dw 
(14.36) 

,;:here Px 8 (w) is a spectral power estimate of a single sensor observation and 
pYs (w) is the spectral power estimate of the beamformer output when the 
source signal alone is active. The constant Cd normalizes the mean output 
spectral power to that of the single sensor spectral power. The single sensor 
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observation is chosen as the reference microphone observation, i.e. micro­
phone 4 in the array. This distortion measure is essentially an estimate of 
the mean output spectral power deviation from the observed single sensor 
spectral power, and under ideal circumstances will be zero. 

To measure normalized noise suppression, the quantity, S N, is computed 
from 

(14.37) 

where 

(14.38) 

and PYN(W) and PZN(w) are the spectral power estimates of the beamformer 
output and the reference sensor observation, respectively, when the surround­
ing noise alone is active. 

Similarly, the normalized interference suppression quantity, S I, is given 
by 

(14.39) 

with PY1(w) and PZ1(w) being the spectral power estimates when the in­
terference and desired signals, respectively, are active alone. Both of these 
suppression measures are normalized to the amplification (or attenuation) 
caused by the beamformer relative to the reference sensor observation when 
the source signal is active alone. Accordingly, when the beamformer scales 
the source signal by a specific amount, the noise and interference suppression 
quantities are adjusted appropriately. 

14.5.4 Spectral Perforlllance Measures 

In order to evaluate the performance within individual subbands, the above 
definitions may be made frequency-dependent by omitting the integration 
operations, i.e. 

(14.40) 

and 

(14.41) 

Page 329 of 401



14 Optimal and Adaptive Microphone Arrays 323 

where the definition of Cs and the power spectral estimates are the same as 
above. 

In practice, the above measures were calculated using Welch's averaged 
periodogram spectral estimation method with non-overlapping Hanning win­
dows of length 256. The integrals were approximated by discrete summation 
over the periodograms. All measures were calculated from the time-domain 
signals, which implies that any distortions created by the frequency transfor­
mations were also taken into account. 

14.5.5 Evaluation on car data 

In this evaluation, 8 s white noise calibration signals were used. These were 
emitted individually from the artificial talker and the hands-free loudspeaker, 
as the source and interference calibration signals, respectively. The calibration 
input sequence used to generate all the optimal beamformer weights consisted 
of these signals along with the car cabin noise signals, gathered at a specific 
time instant, t. 

In order to evaluate the optimal beamformers, input signals were cre­
ated by emitting independent speech signals from the artificial talker and 
the hands-free loudspeaker and recording the microphone observations with 
car cabin noise taken at time instant t + 8 s. The beamformer output was 
generated by filtering the inputs with the fixed filter weights found from the 
calibration sequences. 

In the time-domain implementations, the FIR filter length was chosen as 
L = 256. For the frequency-domain implementations, the total number of 
subbands was set to I = 64. By setting the prototype filter length in the 
filterbank to 256, the same filter order as for the corresponding time-domain 
filters was obtained. This comes from the fact that the number of time-domain 
lags used in the frequency transformation equals the prototype filter length. 

14.5.6 Evaluation Results 

Performance measures in dB of the distortion, noise, and interference quan­
tities, as described in section 14.5.3, are presented in Table 14.1. In general, 
the optimal SNIB beamformers have better suppression levels for both noise 
and interference when compared to the LS beamformers. However, the LS 
beamformers have much lower distortions values. Additionally, the subband­
LS beamformer has performance comparable to the fullband-LS solution as 
the number of sub band weights is increased. 

Evaluation plots are now presented for the least-squares beamformer. Fig­
ure 14.5 illustrates the short-time (20 ms) power estimates in dB derived 
from an 8 s sequence of the single-reference microphone observation without 
any processing, followed by 8 s of the beamformer output signal acquired 
using the time-domain least-squares beamformer. Source speech, hands-free 
interference and car cabin noise are all active simultaneously. The near-end 
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Table 14.1. Distortion, noise, and interference performance measures of the beam­
former output. 

IIPerformance [dB] I D I SN I Sf I 
Time domain 
SNIB -19.4 18.1 30.7 
NLMS -24.9 4.04 3.78 
LS -30.6 15.2 17.2 

Frequency domain 
SNIB -19.8 18.0 23.7 
NLMS 1-tap -21.1 8.68 5.00 
NLMS 2-tap -20.9 7.95 5.55 
NLMS 3-tap -20.8 7.45 4.96 
NLMS 4-tap -20.7 7.19 4.68 
NLMS 5-tap -20.7 7.11 4.54 
NLMS 6-tap -24.8 7.05 4.45 
LS 1-tap -28.6 12.9 13.6 
LS 2-tap -28.8 13.4 14.4 
LS 3-tap -30.0 13.8 15.2 
LS 4-tap -30.4 14.2 15.4 
LS 5-tap -30.5 14.3 15.7 
LS 6-tap -30.7 14.3 15.8 

speech, coming from the location of interest is denoted in the plot as "Speech 
Male/Female" while the far-end speech echo, i.e. the interfering hands-free 
loudspeaker, is denoted by "Echo Male/Female". 

Figures 14.6 and 14.7 show the spectral power estimates in dB of the 
reference microphone observation and the normalized spectral estimate of 
the least-squares beamformer outputs when the noise and the interference 
signals are active individually. These plots correspond to the numerator and 
the denominator of (14.40) and (14.41), respectively. 

14.6 Summary and Conclusions 

A number of optimal, time- and frequency-domain beamformers based on 
different error criteria were presented. The beamformers were evaluated in a 
real environment, a car hands-free telephony situation. Simulations with real 
speech signals acquired by a linear microphone array show that noise reduc­
tion of 18 dB and echo suppression of 30 dB can be achieved, simultaneously. 
This was accomplished by the time-domain version of the optimal signal-to­
noise plus interference beamformer. With the time-domain least-squares im­
plementation, noise suppression of 15 dB and hands-free suppression of 17 dB 
were found. The least-squares implementation yields ten times less distortion, 
as compared to the optimal signal-to-noise plus interference beamformer. 
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Car Noise and Echo Suppression as 20 ms power estimates 

One microphone: unadapted 

8 
Time [5] 

Six microphones: adapted 

16 

Fig. 14.5. Short-time (20 ms) power estimates of an unprocessed single microphone 
observation followed by the time-domain least-squares beamformer output signal. 

The frequency-domain implementations show a similar relation between 
the optimal beamfomers. Better suppression is achieved with the optimal 
signal-to-noise plus interference beamformer, but the distortion is much 
higher than that for the least-squares implementations. 

The subband least-squares beamformer evaluation showed that the per­
formance on the real speech recordings is very close to that of the optimal 
time-domain least-squares beamformer. The noise and echo suppression were 
14 dB and 16 dB, respectively, while the computational complexity was sub­
stantially reduced, thereby making it amenable to real-time processors. The 
distortion caused by the proposed method is the same as with the optimal 
time-domain least-squares beamformer. 

Further research includes blind speech source extraction where the desired 
cross-correlation vector may be interchanged with a nonlinear function of the 
averaged beamformer output, for each frequency. The performance relies on 
the difference between the probability density functions of the source speech 
and the background noise. Implementations at an early stage show encourag­
ing results. Source tracking is implicitly possible since a calibration sequence 
is unnecessary, and the objective function is made invariant to source move­
ments. 
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Fig. 14.6. Power spectrum of unprocessed single microphone observation (solid 
line) and power spectrum of the least-squares beamformer output signals (dashed­
dotted lines) when only car cabin noise is present. The time-domain least-squares 
beamformer is marked by dashed-dots with stars. 
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Abstract. Microphone arrays can be advantageously employed in Automatic 
Speech Recognition (ASR) systems to allow distant-talking interaction. Their beam­
forming capabilities are used to enhance the speech message, while attenuating the 
undesired contribution of environmental noise and reverberation. In the first part 
of this chapter the state of the art of ASR systems is briefly reviewed, with a par­
ticular concern about robustness in distant-talker applications. The objective is the 
reduction of the mismatch between the real noisy data and the acoustic models 
used by the recognizer. Beamforming, speech enhancement, feature compensation, 
and model adaptation are the techniques adopted to this end. The second part 
of the chapter is dedicated to the description of a microphone-array based speech 
recognition system developed at ITC-IRST. It includes a linear array beamformer, 
an acoustic front-end for speech activity detection and feature extraction, a recog­
nition engine based on Hidden Markov Models and the modules for training and 
adaptation of the acoustic models. Finally the performance of this system on a 
typical recognition task is reported. 

15.1 Introduction 

During the last decade research on ASR technology has made significant ad­
vances. As a result, high performance systems are now available for situations 
where there is a good match between testing and training conditions [1,2]. 
However, these same systems tend to suffer from a limited robustness to 
variability in their operating environment [3-8]. 

One of the most attractive potential features of ASR technology is the 
flexibility afforded through hands-free interaction. Not being encumbered by 
a hand-held or head-mounted microphone may be of considerable utility to 
the user. Of particular concern is the distant-talker case where the user is 
beyond the normal acquisition range of the system microphonel (e.g. at more 
than one meter in the case of an omnidirectional microphone). For ASR 
applications of moderate/high language complexity this represents a very 
ambitious task. 

The development of distant-talker ASR will allow for the expansion of 
voice activated technology into a number of areas where it has until now 

1 The distinctions among different types of microphones will not be treated here. 
However, the choices available and their relative characteristics should be specif­
ically addressed in the design of the application. 
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been ineffective (e.g. noisy offices or factory floors) and will improve its func­
tionality for applications where it has already seen some use (e.g. computer 
dictation or the home). In the first example, voice messages of a varying na­
ture would have to be recognized as isolated word commands immersed in a 
background of multi-talker speech and noise. The second example involves a 
rather clean environment, but a large vocabulary of words to identify. 

In the real-world applications it would also be necessary to account for 
various factors related to the means of interaction. The talker's position may 
be unknown and time-varying in an unpredictable fashion. Because of sound 
attenuation and talker radiation effects, the quality of the input signal may 
be influenced by even subtle head movements. Moreover, environmental noise 
and room acoustics play an important role, especially in the case of highly 
reverberant conditions and unstationary noise sources. In the most adverse 
noisy conditions, a talker will tend to speak more loudly than usual and 
thereby modify the underlying characteristics of the speech signal produced 
relative to normal speaking conditions. This is known as the Lombard ef­
fect [9]. Additionally, when the language/dialogue model becomes more com­
plex, the variability in talking style may increase and one can expect that 
the talker will often speak in spontaneous mode. 

For these reasons and others, there are many challenging and as yet un­
solved problems in this field. In the last few years, some work has been 
devoted to the application of multi-microphone based processing for distant­
talker speech recognition. Compared to the number of labs working on im­
proving the robustness of single-channel ASR systems, this effort is relatively 
small. This fact may be due to the incipient nature of microphone array 
technology and the increase in hardware complexity that is required for a 
multi-channel front-end. However, judging by the advancements in ASR per­
formance that may be attributed to improvements in input signal quality 
brought about by microphone array processing, this work is well justified. 

The remainder of this chapter is organized into two sections. The follow­
ing section summarizes the current state of research activity in the field of 
ASR, particularly with regard to the distant-talker situation. The final sec­
tion details a specific microphone-array based recognition system, namely an 
Italian language recognizer developed at ITC-IRST. 

15.2 State of the Art 

15.2.1 Automatic Speech Recognition 

Automatic speech recognition can be viewed as a problem of conversion from 
speech into text by a decoding process that involves several processing stages. 
The characteristics and the difficulty of an ASR application differ substan­
tially based upon various features. These include vocabulary size and confus­
ability, speaker independence, language complexity, and input speech quality. 
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Fig. 15.1. General block diagram of a pattern recognition based ASR system. 

Research on ASR has been conducted for more than four decades. The 
related literature is very large; good overviews of the most significant achieve­
ments can be found in [1,2]. Many different techniques for ASR have been 
investigated. Currently, the most widely used approaches are based on some 
form of statistical pattern recognition. Thanks to these modern methods, 
the growth in hardware capability, and the availability of very large speech 
corpora for training, the last decade has witnessed high level performance 
achieved on recognition tasks of progressively increasing complexity. 

The purpose of this section is to give a very brief introduction to the basic 
problem and to the most common solutions which have been adopted, with 
specific reference to the distant talker problem. 

Pattern recognition based ASR A general block diagram of an ASR 
system based on the pattern recognition approach is shown in Figure 15.l. 
It is assumed that the speech message has been transduced by a microphone 
into an electrical signal and then converted into an equivalent digital repre­
sentation with an adequate sampling rate and quantization level (e.g. 16 kHz 
and 16 bit, respectively) . In general , at a preprocessing level ASR systems 
include a pre-emphasis step in the form of a single tap high-pass filter. The 
goal of which is to emphasize high-frequency formants which typically have 
a reduced magnitude due to a negative spectral tilt in the speech signal, 
particularly voiced sounds. 

A speech activity detection process, also called End-Point Detec­
tion (EPD), is employed to isolate speech events from other segments and 
background noise. Several techniques are available for EPD, e.g. [10-14] . 
These are usually based on criteria such as short-term energy and zero­
crossing rate. However, they may also rely on the same acoustic features 
used during the recognition process. 

The objective of Feature Extraction (FE) is to convert the input signal 
into some form of compressed parametric representation. The most common 
examples of FE are based on short-time spectral analysis . Speech can be 
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Fig. 15.2. Block diagram of the computation of Mel-based cepstral coefficients. 

considered statistically stationary over short periods of time (a few tens of 
milliseconds). As a consequence, the analysis frame size employed for FE is 
generally over 15 ms with a step size in the range of 5-30 ms. The FE process 
produces a sequence of vectors of dimensionality normally ranging between 
8 and 12. These vectors are frequently augmented by including data to char­
acterize the first and second order time derivatives of the given features. 

A number feature sets have been investigated for ASR. Popular ones in­
clude Mel-scaled Cepstral Coefficients (MCC's) (see Figure 15.2), LPC coef­
ficients, PLP coefficients [5,15]. Currently, MCC's are the most widely used 
acoustic features for ASR. Figure 15.2 outlines their method of production. 
Basically, a triangular filter-bank is applied to the output of a short-term 
spectral analysis. The logarithmic-like Mel scale models the frequency reso­
lution of the human ear and for this reason is preferred to a linear scale in the 
filter-bank. A Discrete Cosine 'Iransform (DCT) is then applied to decorre­
late the log-filter-bank output. The resulting MCC's may then be statistically 
modeled through Gaussians with diagonal covariance matrices. This property 
is useful in the case of HMM-based recognition discussed below. 

Note that non-linearities and approximations are included in the process­
ing that derives the acoustic features from the signal or its power spectrum 
representation. For instance, the output of the filter-bank used for MCC com­
putation provides a rough approximation to the FFT-based spectral analysis 
method. As a consequence, when addressing the impact of microphone arrays 
to distant-talker ASR, it is possible that improvements in signal quality pro­
duced by the array processing may be rendered ineffective during successive 
stages of the recognition chain because of these approximations. 

In the pattern recognition approach to ASR, the acoustic feature vector se­
quence derived from the unknown speech is compared to the feature sequence 
of reference speech. Among the various ways to perform this comparison, 
three methods have been primarily utilized: Hidden Markov Model (HMM), 
Dynamic Time Warping (DTW), and Artificial Neural Networks (ANN). A 
detailed discussion of these techniques, the functional relationships between 
them, and the hybrid solutions which have been studied (e.g. ANN/HMM), 
goes beyond the scope of this chapter and can be found in [1,2]. 

The literature reports that for simple tasks (e.g. connected digit recogni­
tion) in controlled and matched environments (i.e. the user interacts with a 
close-talking microphone and the system has been trained on clean speech), 
satisfactory recognition performance can be obtained using any of the above 
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Fig. 15.3. Concatenation of three HMM-based phone models, characterized by a 
left-to-right three-state topology. 

methods. However, HMM's are currently considered to be the most effective 
and stable framework for speech modeling in a general context. This is par­
ticularly the case for large vocabulary tasks and when statistical language 
modeling as well as integration of the recognizer with a dialogue manager are 
required by the application. As a consequence, the remainder of this chapter 
will assume the use of HMM's as the means for pattern classification. Ac­
cordingly, it will be necessary to present a modicum of detail regarding the 
procedure. 

HMM framework In the statistical ASR paradigm, a generic utterance 
consists of a sequence of unknown words and the recognizer finds the most 
probable word string, given the observed feature vector sequence provided 
by the front-end processing. HMM's serve as the statistical model used to 
classify the utterances and quantify their observation probabilities. 

Bayes' rule is used to decompose the required probability into two com­
ponents: the a priori probability of observing the sequence of words (the 
"language model") and the probability of observing the feature vector se­
quence given that word string (the "acoustic model"). 

Each word is represented by a chain of basic sounds called phones. An 
HMM is adopted for each phone. In practice, the model consists of a number 
of states with the sequencing through them determined by a set of transition 
probabilities. Each state produces observations which are characterized by a 
set of state-dependent observation statistics. These are frequently modeled 
as mixtures of Gaussian densities. Figure 15.3 shows an example of a three­
state, Markov model. In this case the non-zero transition probabilities are 
constrained to produce a left-to-right topology which is very common in ASR 
applications. 

The Training Problem involves learning the appropriate HMM parameters 
given a reference ensemble of feature sequences associated with the desired 
word. An efficient procedure known as the Baum-Welch algorithm is available 
for this purpose. For what concerns the Scoring Problem during recognition, 
once the most likely state sequence is selected, the related recognized text 
is provided. The Viterbi algorithm is commonly used to efficiently evaluate 
word string likelihoods. 
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Fig. 15.4. Block diagram of a robust ASR system operating in an adverse envi­
ronment. Highlighted blocks, operating either in the signal space or in the fea­
ture/model space, contribute to reduce the mismatch between noisy data and the 
acoustic models used by the recognizer. 

For a more thorough development of HMM theory and practice, see [16]. 
As to the main concerns of this chapter, note that the theory of HMM and 
its application to ASR are based on a number of signal assumptions, among 
which is that of statistical independence of the observations over time. This 
is not satisfied in many cases, particularly for speech acquired in the presence 
of noise and reverberations. 

15.2.2 Robustness in ASR 

The crucial aspect for most ASR techniques is robustness. In practice, perfor­
mance very often degrades rapidly when these systems are used with speech 
input taken from a noisy environment or, in general, with speech input hav­
ing characteristics which differ from those observed during the training phase. 
Mismatch between training and test conditions can be caused by many fac­
tors. Some examples are background noise, transducers, channel noise, inter­
speaker variability, and spontaneous-speech phenomena. Hence, flexibility 
and robustness with respect to these sources of variability is one of the main 
objectives of current ASR research [3-8]. Generally, the training of speech 
recognizers is accomplished by using large speech corpora. In principle, for 
each noisy environmental condition and, in this case, for each microphone 
and talker position, a specific corpus should be used. This solution being 
impractical, a fundamental task for researchers and technology developers 
becomes that of exploiting as much as possible from existing corpora, tools, 
techniques, and a priori knowledge, in order to build robust recognizers. 

Current approaches to improving robustness of noisy speech recognizers 
can be classified into a number of categories as reported in [4,7,17]. Four of 
these general approaches (signal enhancement, feature compensation, model 
adaptation, and noise contamination) are summarized below. Figure 15.4 
shows how these methods may be introduced as modules into a generic HMM­
based architecture to improve system robustness. 
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Enhancement techniques are used to increase the quality of the signal 
provided to the recognizer [18-21]. Their impact on ASR is not obvious. 
There is no direct relationship between the SNR (or perceptual qUality) ofthe 
resulting signal and speech recognition performance, even when the recognizer 
is trained using the same preprocessing. In this regard, a further critical 
issue is that of end-point detection. Several algorithms (generally based on 
energy-thresholding techniques) have been proposed, which can be applied 
successfully with a SNR as low as 10 dB. However, most of these algorithms 
generally become unusable with lower SNR conditions [5]. 

Many techniques have been proposed which address the parametric rep­
resentation of the signal. These aim at constructing a compact and robust 
feature set and processing it to compensate for the mismatch between acous­
tic spaces of the clean and noisy speech. As an example, a very simple fea­
ture normalization technique, often combined with MCC's, is Cepstral Mean 
Subtraction (CMS). It consists of removing from each cepstral coefficient se­
quence the mean evaluated across the whole utterance (or over an extended 
interval). CMS aids in reducing the influence of slow variations in the acoustic 
feature vectors, like those related to convolutional channel effects (e.g. change 
of microphone) and to speaker-dependent biases. Other relevant compensa­
tion techniques, operating either in the feature space or in the model space, 
are signal bias removal [22,23], stochastic matching [24,17], noise modeling 
and masking [25-27], Parallel Model Combination [28,29]. 

In the recent years increasing attention has been devoted to acoustic 
model adaptation. When the application requirements allow, these techniques 
attempt to adapt system parameters to the speaker and environment by ex­
ploiting data samples representative ofthe actual acoustic conditions. For sys­
tems based on continuous-density HMM's, most popular adaptation schemes 
rely on maximum a posteriori (MAP) estimation [30] or maximum likelihood 
linear regression (MLLR) [31-33] of the model parameters. 

Finally, it is possible to adopt an approach known in the literature as 
training data contamination [4,34,35], which provides a way of training acous­
tic models which are more robust and representative of the given real noisy 
environment than those derived through training on the corresponding clean 
speech. In practice, training data are produced by injecting real or artificial 
noise into the clean speech material. Clearly, this approach is time-consuming 
and may become impractical when the size of training set grows large. How­
ever, it does offer some advantage. For instance, it is free from the negative 
spectrum problem typical of noise subtraction schemes [36]. 

15.2.3 Microphone Arrays and Related Processing for ASR 

The utility of a microphone array as input to a speech recognition system lies 
in its ability to acquire a higher quality signal than that provided by a single 
far-field microphone. The signal enhancement is obtained by emphasizing the 
talker's speech as well as by reducing noise and reverberation components. 
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These methods are the specific topics of other chapters in this work. The 
relevant approaches will only be summarized very briefly here. 

In order to reduce mismatch effects in the recognizer, a first requirement 
is that of having uniform improvement levels across the complete speech 
spectrum. Additionally, it would be desirable to have these spectral enhance­
ments be independent of the talker's position. Unfortunately, microphone 
array frequency responses are characterized by significant variations across 
source angles and distances. Consequently, it is necessary to reduce as much 
as possible this variability, which may introduce significant discrepancies with 
respect to the training conditions. 

In practice, an enhanced output can be derived from a microphone array 
by the application of beamforming techniques. The simplest and most com­
monly used approach is the delay-and-sum beamformer, which reduces the 
output power for directions other than that of the steering location by means 
of destructive interference. Figure 15.5 illustrates a typical result from this 
procedure. The delay-and-sum beamformer may be used passively to realign 
the signals given a set of delay estimates, or actively by aiming the array 
towards a specific direction. In the former case, delay estimates are derived 
from Time Delay Estimation (TDE) techniques [37], as shown in the case 
of talker location in [38], where a Cross-Power Spectrum Phase analysis was 
adopted. 

Applying Time Delay Compensation (TDC) processing represents a good 
solution for the case of an isotropic (diffuse) noise field, as no spatial coher­
ence is exploitable to suppress undesired components. Very much dependent 
on the number of array elements and their geometry relative to the source po­
sition, delay-and-sum beamforming provides only moderate directivity gains. 
Additional drawbacks [39-43,8], are grating lobes in the directivity pattern 
and a low-pass effect due to both the beam narrowness at high frequencies 
and to imperfect steering caused by imprecise inter-channel delay estimates. 

In the case of coherent noise sources linearly constrained adaptive beam­
formers, such as those proposed by Frost [44] or the Generalized Sidelobe 
Canceler [45], have the specific objective of eliminating noise contributions in 
directions outside the directivity lobe. The main limitation of these schemes 
in a reverberant environment is the issue of signal cancellation. Since the 
degradations are correlated with the desired signal, the suppression process 
introduces distortions to the desired signal. Superdirective beamformers have 
also been proposed [46] to suppress interfering signals effectively. 

A technique specifically developed to address the reverberation phe­
nomenon of enclosures is the Matched Filter Array . This technique uti­
lizes the acoustic impulse responses of the environment to create construc­
tive interference between direct and reflected components of the speech sig­
nal [47,48]. 

Beamforming techniques may also be combined with adaptive post­
filters [46] (e.g. based on Wiener theory) for further noise reduction. However, 
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Fig. 15.5. Portion of a vowel /a/ uttered at 4 m distance from a linear array of 
six microphones. The upper waveform is the close-talker signal, the middle plot 
represents the reverberated signal acquired by one of the microphones, and the 
lower plot shows the corresponding delay-and-sum beamformed signal. 

the use of post-filtering, like its above counterparts, can introduce artifacts 
into the reconstructed signal, particularly for the case of reverberant envi­
ronments [49], and may consequently limit recognition improvements. 

15.2.4 Distant-Talker Speech Recognition 

A sizeable body of work on distant-talker ASR have been produced in recent 
years [50~561. The use of either single microphones or multi-microphone sys­
tems has focused primarily on experimental contexts (e.g. car environment) 
for tasks generally characterized by a small-size vocabulary and by a low 
complexity language. Simple multi-microphone products are available com­
mercially and have replaced traditional input devices in some ASR applica­
tions. However, these devices are of limited practical utility and are typically 
only effective for talkers no more than one meter away from the array, at a 
fixed and a quite narrow range of angles, and in a rather quiet environment. 

This section provides a brief overview of the literature relating to various 
research topics related to distant-talker ASR. The intention is not to give a 
thorough description of all the techniques which have been investigated, but 
rather to indicate the general issues and approaches. Section 15.3 will explore 
in detail the system developed at IRST labs. 
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Array Geometry This first topic concerns the array characteristics as well 
as their influence on recognition performance. Clearly, the number of micro­
phones represents an important factor. In an effort to limit hardware com­
plexity, most investigators utilize 16 or fewer microphones. Optimal array 
design techniques have been addressed by other chapters of this book and, 
with specific reference to ASR, in [57]. For practical ASR systems, the bulk 
of array geometries investigated have either been of the linear equi-spaced 
or harmonic nesting varieties. The latter is the most common in practice, 
despite the fact that a real advantage in application to hands-free ASR is 
not evident [58,59]. In general, demonstrating a potential advantage inherent 
in a specific geometry is difficult. The speech quality improvement due to 
the array configuration is counterbalanced by several approximations (e.g. 
in the generation of artificial signals, when simulation is used, and in the 
acoustic feature extraction), and by effects related to the application of com­
pensation/ adaptation techniques applied to these features or to the acoustic 
modeling. 

Beamforming The literature reports on the use of various beamforming 
techniques for distant-talker ASR. The delay-and-sum beamformer is the 
most commonly used, despite its limited speech enhancement capabilities. 
The joint use of delay-and-sum beamforming and a talker localization mod­
ule is investigated in [60]. The use of adaptive beamforming techniques (e.g. 
GSC), generally under the assumptions of fixed talker and noise source posi­
tions, is also common. Some examples are shown in [61,51,50,62]. As expected, 
in the presence of coherent noise sources, adaptive beamformers yield more 
robust recognition performance than delay-and-sum beamformers. However, 
many authors report that the improvements are lower than what would be 
expected on the basis of the SNR or of the reconstructed signal's perceived 
quality. This observation seems to be more common for data acquired in real 
environments. 

End-Point Detection This topic is very critical, even in moderately noisy 
and reverberant environments. Most of the experiments reported in the lit­
erature are based on the use of a "push-to-talk" speech acquisition method. 
In the past, a few works addressed the impact of EPD on distant-talker 
recognition performance. In [50] adaptive energy thresholds were applied to 
the output of the delay-and-sum beamformer to identify speech boundaries. 
In [38], a CSP-based coherence measure between two input channels was used 
to detect a generic acoustic event. Its effectiveness in speech activity detection 
will be confirmed in the next section. The application of a similar coherence 
measure to speech/noise classification is also documented in [63]. 

Acoustic Features In ASR research and applications, there is the tendency 
today to adopt a standard acoustic feature set (e.g. Mel or LPC cepstral co-
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efficients). This is also the case for distant-talker ASR research. Most of the 
systems described in the literature are based on the use of MCC's or LPC 
cepstral coefficients together with their first/second order derivatives and cep­
stral mean subtraction. However, some other acoustic features more robust 
to noise, such as PLP or short-time modified coherence (SMC) [64,46], have 
been investigated. In the interest of acoustic feature robustness to reverbera­
tion effects, possible future approaches may be inspired by techniques which 
selectively process the linear prediction residual [65] or incorporate speech 
production modeling into the given multi-channel framework [66,67]. 

Recognition Engine The majority of recognizers investigated in the lit­
erature are based on the use of traditional HMM-based solutions. Train­
ing HMM's on artificially contaminated speech may lead to robust solutions 
when a large noisy database is not available, as shown in [68] and in [69]. 
In some cases, MAP, MLLR or ANN-based adaptation techniques have been 
adopted [70,71,54,53] to further reduce the mismatch between training and 
test conditions which remains after the microphone array based processing. 
In [56], MLLR is also compared favorably to Parallel Model Combination. 
Broadly speaking, these approaches allow the system to learn more about 
the speaker characteristics, the environmental noise, and the "artifacts" (e.g. 
low-pass effects typical of delay-and-sum beamforming) introduced by the 
multi-channel processing. Overall, the use of adaptation techniques has had 
a significant positive impact on hands-free ASR system performance. 

An alternative approach that deserves to be mentioned is proposed in [61]. 
Here a new dimension is added to the search space used by the Viterbi al­
gorithm to account for the different directions from which the talker may 
be speaking. In this way, changes in source position should be implicitly de­
tected on the basis of a maximum likelihood criteria. The resulting system is 
more flexible, but possesses a considerable complexity increase and requires 
a consistent HMM training to be performed initially. 

Another alternative approach is reported in [72], where an ANN is used 
to perform a transformation/normalization of the acoustic features extracted 
from the delay-and-sum beamformed signal. During training, the ANN learns 
information related to the talker position. The influence of the talker location 
is addressed in [71], where the effectiveness of a location independent ANN 
is demonstrated. 

Speech Corpora and Tasks A variety of recognition tasks have been in­
vestigated in the literature. The most common is connected-digits. However, 
the choice of the experimental task is probably not as relevant as the way this 
task is created. In order to derive speech material for training and especially 
for test experiments, three main approaches have been adopted: 

• Speech data is collected from a sampling of real talkers using multi­
channel recording hardware. This method requires much more effort than 
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its alternatives, but it represents the most reliable means for investigation 
in this field and for comparing results to theory . 

• Speech data (e.g. extracted from a given clean database) is played back 
through a loudspeaker. Again, multi-channel hardware is used to record 
the signals. With this method there is the advantage of repeatability 
of the same utterances under different conditions, array geometries, etc. 
However, the experiments may be influenced by artifacts inherent in the 
recording process, such as the dependency on loudspeaker response, the 
different radiation modeling, and other variabilities in the environmental 
conditions. It is worth mentioning the work done in Bell Laboratory's 
VarEchoic Chamber [73), by which any reverberant condition can be in­
vestigated without the risk of changing other environmental characteris­
tics across recording sessions. 

• Speech data is reproduced by simulation, typically based on a simplified 
additive/convolutive channel modeling. In this case, the reverberation 
effects on the various input channels are generally recreated by convolving 
the close-talker signal with real impulse responses measured using a time­
stretched pulse [74,75) or with artificial impulse responses derived by 
applying the Image Method [76). A simulation-based experiment has a 
clear limitation due to the fact that many phenomena occurring in a real 
environment may be neglected. Moreover, the use of simulation both in 
training and in test may provide misleading results due to biases in the 
artificial data generation. 

15.3 A Microphone Array-Based ASR System 

This section describes the distant-talking recognition system being developed 
and experimented with at IRST labs [70,60,59,77,68,78,79). Figure 15.6 shows 
a block diagram of the system, consisting of: a microphone array and the re­
lated TDC processing, an acoustic front-end for speech activity detection and 
acoustic feature extraction, a recognition engine module (Viterbi decoding) 
and related modules for HMM adaptation. Each module of the system as 
well as the experimental framework will be described below together with 
the most relevant recognition results so far obtained. 

15.3.1 System Description 

Speech Acquisition Distant-talker speech signals were acquired by a linear 
array of six equi-spaced (at 15 cm) omnidirectional microphones. Each chan­
nel was synchronously sampled at a 16 kHz rate with 16-bit accuracy. Delays 
estimated between the channels (through CSP-based time delay estimation) 
were used to align the signals in a delay and sum beamformer. 
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Fig. 15.6. Block diagram of the distant-talking ASR system developed at IRST. 
It includes signal acquisition, Time Delay Compensation processing, the acoustic 
front-end, a recognition engine, and the modules for training and adaptation of the 
acoustic models. Close-talker and single far-field microphones are used for reference 
purposes in addition to the microphone array. 

Speech-Activity Detection The use of a microphone array adds a spa­
tial dimension to the domain of the time/frequency analysis of conventional 
single input systems. Besides source localization and selective acquisition by 
beamforming, an additional benefit of multi-microphone systems is the ca­
pability of discerning between coherent directive sources (e.g. a talker facing 
the microphones) and spatially diffuse, low coherence disturbances. The dis­
criminating feature is a coherence measure between the signals of different 
microphones, such as the phase correlation [37,38]. Coherence measure com­
putation is here extended to several microphone pairs to provide a more 
robust speech activity function. This function is effective for low SNR and 
reverberant signals, where an energy-based approach would not be. 

Figure 15.7 illustrates an example of this procedure. The upper plot de­
picts the noisy speech signal acquired by a single microphone in the array. 
The middle plot represents the corresponding phase correlation between two 
channels of the array as a function of time (horizontal axis) and mutual delay 
in samples between the channels (vertical axis). A darker gray level denotes 
higher coherence. The lower plot shows the coherence measure at the true 
delay versus time. 

In practice, the EPD technique proposed here is based on a preliminary 
selection of an inter-channel delay for each microphone pair. Given the inter­
channel delays associated with the various microphone pairs, the appropriate 
coherence functions are summed to derive a speech activity function. Adap­
tive thresholds are then applied in order to determine speech boundaries. 
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Fig. 15.1. Example of coherence computation for the signals of a microphone pair. 
It includes one of the noisy speech waveforms acquired by the microphones, a grey 
level coherence measure representation at various inter-channel delays, and the 
coherence levels at the correct delay (0 samples). 

Acoustic Feature Extraction In the experimental set-up described here, 
the input to the feature extractor (see Figure 15.6) is either the output of the 
TDC processing derived from the microphone array data, the signal acquired 
by a single microphone within the array, or that acquired by the close-talker 
microphone. 

In any case, the input signal is pre-emphasized and blocked into 20 ms, 
half-overlapping frames. For each frame, 8 MCC's and the log-energy are 
extracted. CMS is then applied to each feature sequence. The resulting nor­
malized MCC's and log-energy, together with their first and second order time 
derivatives, are arranged into a single observation vector of 27 components. 
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HMM Recognizer Acoustic modeling is based on a set of 34 phone units. 
Each unit is modeled with a three state left-to-right continuous-density 
HMM, with output probability distributions represented by the means of 
mixtures having 16 Gaussian components with diagonal covariance matrices. 
Phone HMM's are trained either using a clean speech database or a noisy 
version, obtained by simulation as described below. Once the HMM's have 
been trained, the resulting models are adapted to the real environment by 
applying a MLLR adaptation technique [31-33]. 

15.3.2 Speech Corpora and Task 

Various speech corpora have either been collected or produced in order to 
perform the experiments to be discussed. 

Clean Speech Corpus The initial step of HMM training is accomplished 
through the standard Baum-Welch procedure. For this purpose, phonetically 
rich sentences representing a portion of APASCI [80] were used. This corpus 
was acquired in a quiet room (SNR 2: 40 dB) using a high quality close-talker 
microphone. The training set consisted of 2100 utterances collected from a 
total of 100 speakers (50 males and 50 females). 

Multi-Channel Real Noisy Corpus The multi-channel noisy corpus con­
sists of speech material collected in an office of size (5.5 m x 3.6 m x 3.5 m) 
characterized by a moderate amount of reverberation (T6o :::: 0.3 s) as well as 
by the presence of coherent noise due to secondary sources (e.g. computers, 
air conditioning, etc). Multi-channel recording of each utterance was accom­
plished by using both a close-talker (CT) directional microphone and the 
linear array described above. 

Speech material was collected from 8 speakers (4 males and 4 females) 
during a series of recording sessions with variable environmental noise condi­
tions. Each speaker uttered 50 connected digit strings (400 digit occurrences), 
both at frontal position F150 (1.5 m distance from the array) and at lateral 
position L250 (2.5 m distance, left of the array). Four of the individuals also 
uttered the same string set at position L150 (1.5 m distance, 60° right of the 
array). 

Utterances were recorded with background noise segments of varying 
length at the beginning and end of each digit sequence. SNR, expressed as 
the ratio of the average speech to noise energy measured at the array mi­
crophones, was 12.6 dB mean with 3 dB standard deviation for the frontal 
recordings, and 10.7 dB mean and 2.8 dB standard deviation for the lat­
eral recordings. As reference, SNR estimated on the CT microphone signals 
possessed a 28 dB mean and 3.8 dB standard deviation. 
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Fig. 15.8. Map of the experimental room showing the positions of the talker, the 
microphone array, and the computers (noise sources). The label at each position 
indicates, in a compact form, the orientation (F for frontal , L for lateral) and the 
distance in cm from the array. 

Contaminated Speech Corpora A set of training databases consisting of 
acoustically realistic signals was artificially recreated using the APASCI clean 
corpus along with knowledge (e.g. room impulse responses and background 
noise signals) of the real operating environment. For this purpose, a simplified 
additive/convolutive model was adopted as follows: 

(15.1) 

where hr(t) is an impulse response of the room, k is a scaling factor, n(t) 
is background noise acquired in the room, Sel is the clean speech, SeD is the 
contaminated speech, and * denotes convolution. The effect of background 
noise is accounted for by scaling the noise recorded inside the room using 
an appropriate amplitude to reproduce different SNR's (ranging from 0 to 
21 dB) and then adding the result to reverberant speech. The reverberation 
effects of a room can be simulated in several ways. In this case, it was achieved 
by convolving the close-talker signal with impulse responses measured using 
a time-stretched pulse. 

15.3.3 Experiments and Results 

Experimental results involving connected-digit recognition are reported be­
low. These are expressed in terms of Word Recognition Rate (WRR), com­
puted as the average performance obtained by testing on material obtained 
from all the speakers and positions. As a result , each test experiment consists 
of the recognition of 8000 digits. 
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Table 15.1. Word recognition rates obtained on a connected-digit recognition task 
using different phone models, input devices, and end-point detection methods. 

Models I Input FarMic ArrcsP_EPD ArrID_EPD 

Clean 33.7 57.1 61.2 

Rob 91.5 95.2 96.3 

AdaRob 95.6 98.3 98.6 

Experiments were conducted using either the microphone array (Arr) or 
a single microphone of the array (FarMic). For comparison purposes, results 
obtained testing on material acquired with the close-talker microphone (and 
using clean models) was approximately 99%. This reference result represents 
a sort of upper bound of any experiment conducted. 

As shown in Table 15.1, training with filtered clean speech (Rob) improves 
recognition performance tangibly, even in the case of a single far microphone 
input. This result is consistent with other work [68,78,79]. The results confirm 
that the use of the microphone array, in combination with the TDC mod­
ule ensures superior recognition performance relative to a single microphone. 
However, the advantage of using the array is more relevant in the case of ro­
bust models. In this case, more than 40% relative improvement was obtained 
(from 91.5% to 95.2%). 

A second issue investigated was the impact of the speech activity detec­
tion method on the recognition performance. In addition to difficulties due 
to the distance between the talker and microphones, the system is prone to 
insertions in this experimental framework. This is due to the adoption of 
a digit-loop grammar with no information about string length. As a conse­
quence, pauses inside a digit sequence and long noise segments, preceding and 
following the speech utterance, can cause many errors because of mismatched 
acoustic modeling. The right hand column in Table 15.1 (ArrID-EPD) shows 
the results obtained using an "ideal" end point detector. These were acquired 
using utterance boundaries identified manually and leads to a relative per­
formance improvement of about 20% compared to results obtained using the 
coherence-based EPD method described earlier (ArrCSP-EPD). Resolving this 
performance disparity is a goal for the future development of a more accurate 
EPD algorithm. 

The results show the further improvement provided by adopting on-line 
incremental HMM adaptation (AdaRob). On-line adaptation is more suitable 
for real-time applications where environmental conditions, talker position, 
etc. may vary substantially with time. The Table shows that in the best case, 
that is starting from robust models and exploiting manually segmented speech 
boundaries, 98.6% WRR was obtained, not far from the close-talker reference 
performance. In previous work [68,79] it was shown that, when starting from 
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clean models, both batch and on-line adaptation techniques do not achieve 
this performance level. Finally, note that the adaptation produces a score of 
95.6% WRR in the case of a single far-microphone. 

15.4 Discussion and Future Trends 

Hands-free interaction represents the most natural form of human commu­
nication. Research on hands-free speech recognition is drawing scientists to­
gether to form an important discipline with numerous potential applications. 
In particular, various multi-modal/multi-media interaction scenarios have be 
conceived thanks to the enhanced functionality added to traditional ASR 
systems. 

Because of growing research and prototype development, the field of 
distant-talker speech recognition using microphone arrays has developed dra­
matically. As seen in this chapter, the introduction of a microphone array 
into an ASR system has the potential to improve performance significantly. 
However, this is at the cost of hardware and software complexity. Additional 
improvements are possible through the use of adaptation/compensation tech­
niques and specific methods for acoustic model training. Through these ap­
proaches, performance increases can be achieved even using a single micro­
phone. Hence, it seems reasonable that future research will focus on the use 
of arrays consisting of few microphones and the joint application of effective 
techniques for an on-line reduction of the mismatch between the operating 
conditions and those under which the system was trained. 

Given the current state of the art, future research is needed in all the direc­
tions highlighted in the previous sections, from microphone array processing, 
to speech activity detection, to robust acoustic features, to adaptation of the 
recognizer to the real environmental conditions. Furthermore, new approaches 
will have to be envisaged to deal with the various environmental uncertainties 
which characterize distant-talker speech recognition applications. 

Distributed multi-microphone systems [69], with instantaneous selection 
of the most reliable microphone input, may represent a promising approach. 
Along these lines, a specific sub-band recognizer or full-band recognizer may 
be associated with each of the given microphones. This would be with the 
purpose of realizing a competitive parallel recognition framework, where the 
recognized word string is selected among different hypotheses. 

Another approach that deserves future study is that of incorporating 
speech production modeling into the multi-channel system and applying non­
linear analysis techniques as those proposed in [66,67] and detailed in Chap­
ter 7. In this way, the system may be made less sensitive to the influence 
of variabilities related to reverberation effects, imperfect talker location, or 
a talker's head movements and may better focus attention on the speech 
propagating in the environment. 
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Finally, experimental tasks and activities are important aspects to high­
light. Because of relevant differences in the experimental frameworks and the 
type of speech material (and languages) which are adopted, results obtained 
by the various research teams are often not comparable to one another. More­
over, results are often provided only on the basis of simulation experiments, 
while real world experiments are always needed to confirm a given theory. In 
the past, the most relevant and widely known activities for the development 
of basic speech recognition technology were carried out under the ARPA­
CSR program. This produced the development of common speech material 
and standard evaluation criteria. Hence, the creation of a common framework 
for all the research centers operating in this field, may allow for significant 
advances in this exciting discipline. 
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16 Blind Separation of Acoustic Signals 

Scott C. Douglas 

Southern Methodist University, Dallas TX, USA 

Abstract. This chapter presents an overview of criteria and algorithms for the 
blind separation of linearly mixed acoustic signals. Particular attention is paid to 
the underlying statistical formulations of various approaches to the convolutive 
blind signal separation task, and comparisons to other blind inverse problems are 
made. Several algorithms are described, including a novel algorithm that largely 
maintains the spectral content of the original mixtures in the extracted source 
signals. Numerical experiments are also provided to explore the behaviors of the 
algorithms in real-world blind signal separation tasks. 

16.1 Introduction 

16.1.1 The Cocktail Party Effect 

Consider for a moment the last time you had a conversation with a friend at 
a social gathering. Numerous conversations were occurring around you, and 
yet you had the capability offocusing your attention on your friend's phrases. 
This so-called "cocktail party effect" [1] is well-known and taken for granted 
by almost everyone. What are the system elements at work in this situation? 

• An acoustic sensor array. In our case, two sensors (our ears) collect acous­
tic information, although there is nothing precluding the use of more than 
two sensors in the task from a system design standpoint. 

• A computational processing system. Most auditory models allow for sev­
erallayers of signal processing, from lower-level frequency-dependent fea­
ture extraction within the inner ear to higher-level pattern recognition 
within the brain [2]. 

The current boom in electronic devices, while creating a revolution in 
human lifestyles, also creates the need for sensing and translating acoustical 
information into useful electronic forms. Since we use our ears as information 
sensors in conversations with others, it seems only natural to develop similar 
listening capabilities in information-processing devices. This quest remains a 
challenging problem, despite several decades of research in microphone arrays, 
voice recognition, and natural language processing. Moreover, while speech 
can be accurately collected using close-to-the-mouth microphones, there are 
applications in which such placements are impractical or undesirable, such 
as in audio teleconferencing systems and automobile speakerphones. Clearly, 

Page 360 of 401



356 Douglas 

there is a need for systems that separate multiple audio signals for improved 
intelligibility and fidelity. Such efforts, if successful, could transform the way 
we interact with devices around us. In addition, elements of these methods 
would be useful in a wide range of other applications: 

• Machine monitoring. Almost all mechanical systems require periodic ser­
vice and maintenance to function over long periods. When such systems 
are close to failing, they often emit sounds that indicate their worn-out 
state. Signal separation could be used as a first step in identifying the 
eminent failure of mechanical systems by extracting useful acoustical fea­
tures from multi-channel acoustic and/or vibration signals. 

• Medical diagnosis. Many non-invasive medical sensing technologies, such 
as acoustic ultrasound, characterize bodily processes through multi­
channel recordings that can be difficult to decipher due to the complicated 
propagation properties of human body tissue. Signal separation offers the 
potential of extracting coherent and identifiable signal features that can 
be more-easily tied to specific bodily functions or ailments. 

• Musical performance. When recording musical performances, it may be 
undesirable or impractical to acoustically isolate individual instruments 
within an ensemble. Signal separation could be used to separate musical 
instrument sounds in multi-channel audio recordings. Such processing 
methods could be an initial step in the analysis of musical performances or 
the removal of individual musical performances (e.g., for creating karaoke­
type recordings). 

16.1.2 Chapter Overview 

This chapter discusses the problem of blind signal separation (ESS) of acous­
tic mixtures as recorded by a microphone array. This task is one scenario 
within the larger field of BSS. In BSS, multiple independent streams of in­
formation are extracted from linear mixtures of these signal streams without 
specific knowledge of the source signals, the mixing conditions, or the sensor 
array configuration. BSS has applications in a number of fields, particularly 
in digital communications where the separation of multiple transmitted sig­
nals in a wireless communications system is desired. BSS has also garnered 
interest in the neural network research community as a canonical problem 
for biologically inspired computational systems. The aim of this chapter is to 
describe the statistical underpinnings of existing acoustic BSS methods and 
to provide a technical foundation for further research into the field. As these 
methods continue to be the focus of much research, it is too early to deem 
the usefulness of most existing approaches; such judgments are best left for 
the reader to ponder. 

The organization of the chapter is as follows. We first outline the structure 
of the acoustic BSS task in Section 16.2 and relate it to the cocktail party ef­
fect. Criteria for BSS of acoustic signals are considered in Section 16.3, along 
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with the corresponding assumptions on the acoustic signals. Section 16.4 dis­
cusses several algorithms for BSS of acoustic signal mixtures, along with their 
features and limitations. Section 16.5 presents simulation results of selected 
algorithms as applied to the acoustic BSS task. Conclusions and a discussion 
of open issues are provided in Section 16.6. 

In terms of mathematical notation, all quantities are real-valued unless 
denoted otherwise, and discrete-time signals and systems are assumed. Scalar, 
vector, and matrix quantities shall be indicated by lowercase italic, lowercase 
bold, and uppercase bold letters, respectively. Because of the statistical for­
mulations used within the algorithm derivations, all signals are assumed to 
be realizations of sampled discrete-time random processes with time index k. 
In practice, the procedures developed in this chapter can be used for "real 
world" signals that do not have simple statistical models. In such cases, de­
terministic averages replace statistical expectations within the formulations. 

16.2 Blind Signal Separation of Convolutive Mixtures 

16.2.1 Problem Structure 

We first outline the structure of the BSS task and relate it to the cocktail 
party effect. Figure 16.1 illustrates this problem in block diagram form. On 
the left is the source signal vector sequence 

(16.1) 

where m is the number of sources and 8i(k) is the ith signal source. In the 
cocktail party problem, each 8i(k) corresponds to a sampled version of an 
acoustic signal as measured at its source position1 . These source signals pass 
through an (m x n) linear, time-invariant system with matrix impulse re­
sponse Ai, 0 < i < 00, to produce the measured signal vector sequence 

00 

x(k) = [Xl (k) ... xn(k)f = L Ais(k - i). (16.2) 
i=O 

The entries of each (n x m) matrix Ai within (16.2) are determined by 
the source locations, the sensor array locations, the acoustical properties 
of the physical environment, and the capabilities (e.g., directivity, frequency 
response) of each sensor. We lump all of these properties into the matrix 
sequence {Ad for descriptive simplicity. This mixing model is termed con­
volutive because (16.2) describes a multi-channel discrete-time convolutive 
process. Causality of the system model is assumed, although most BSS for­
mulations do not use this feature. Equation (16.2) assumes that no broadband 

I The definition of a source's position is somewhat arbitrary in that the individual 
temporal properties of each 8i(k) are unspecified. Generally, the source position is 
defined as the spatial center of the source's acoustic power, although any related 
position (e.g., the mouth of each talker in speech separation) is reasonable. 
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Fig. 16.1. Block diagram of the convolutive BSS task. 

sensor noise is present, although many BSS techniques perform adequately 
for low levels of sensor noise. 

The term "blind" in convolutive BSS refers to the lack of knowledge about 
the source signals and mixing system other than its generic linear form. In 
most formulations, little knowledge of the sources that generate the signals 
{Si (k)}, such as their physical locations, their exact temporal characteris­
tics, or their exact statistical properties, is available. As a consequence, the 
sensors need not possess a certain geometry. Thus, convolutive BSS becomes 
an interesting alternative to other array processing methodologies when pre­
cise knowledge of the source and/or sensor locations is either too difficult or 
time-consuming to obtain. 

As for the numbers of sources m and sensors n in the convolutive BSS task, 
most formulations described in the scientific literature assume that n ::::: m. 
In other words, the number of sensors is at least as great as the number of 
sources. Thus, each source si(k) can be uniquely extracted from the sensor 
measurements {Xi (k)} using the (n x m) multi-channel linear system2 

00 

y(k) = L BlX(k -l). (16.3) 
1=0 

In (16.3), the sequence of (m x n) matrices Bl describe the separation sys­
tem, and the output vector sequence y(k) = [Yl(k) ... Ym(k)f contains the 
estimates of the individual source signals. Again, we have assumed a causal 
separation model (i.e., Bl = 0 for 1 < 0) for practical reasons. When im­
plementing convolutive BSS procedures, the separation system must have a 
finite number of parameters, as addressed in Section 16.4. 

In contrast to the physical system in (16.2), the separation system in 
(16.3) is an electronic signal processing device whose parameters {Btl are 
computed. Equation (16.3) is analogous to the signal processing performed 
by the human hearing system to extract useful acoustic information. There 

2 The requirement that n ::::: m allows for, but does not guarantee the existence of, 
a multi-channel linear system as a separation solution for the convolutive BSS 
task. In addition, the multi-channel transfer function A[e'W] must have a rank 
equal to m at all frequencies Iwl ::; 7r for which there is source signal content. This 
condition is similar to a pseudo-invertibility condition on the unknown system, 
although convolutive BSS does not require a system inverse to be calculated. 
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are, however, several differences between the cocktail party problem and the 
convolutive BSS task: 

• The processing model in (16.3) is linear in form, whereas it is not clear 
whether human binaural processing is linear in form [2]. 

• The number of sources m in convolutive BSS is no greater than the 
number of sensors n, whereas it is often the case in human binaural 
processing that the number of sources m far outnumber the two ears 
used to collect acoustical information. 

• For the most part, the content of the source signals is not leveraged in 
convolutive BSS solutions, whereas such acoustical content clearly plays 
a role in human binaural processing, e.g., in deciphering speech. 

One could argue that existing approaches to convolutive BSS "miss the 
mark" by not utilizing nonlinear models or content recognition. Indeed, the 
"as-many-sensors-as-sources" assumption is a by-product of both the linear 
demixing model and the absence of any knowledge about the source signal 
content. By restricting the form of the convolutive BSS task, however, sev­
eral practical and promising signal processing methods have been developed 
largely due to the simplicity of the problem formulation. 

16.2.2 Goal of Convolutive BSS 

The overall goal of the convolutive BSS task is straightforward: 

Goal: Adjust the impulse response of the demixing system such that 
each output signal Yi(k) contains one filtered version of each source 
signal sj(k) without replacement and without any loss of information. 

Mathematically, we can describe this solution as 

00 

Yi(k) = L dijlSj(k -I), 1::; {i,j} ::; m (16.4) 
1=0 

where the one-to-one mapping j -+ i is arbitrary and the sequences dijl , 
o ::; I < 00 satisfy the mild frequency response condition 

00 

L dijle£wl # 0, 
1=0 

(16.5) 

for every valid pair {i, j} in the mapping, where t = yCI. We can only 
recover a filtered version of each source signal because we assume nothing 
about the temporal characteristics of each source signal. Hence, there is no 
obvious temporal structure that we can impose on the extracted signals. 

The convolutive BSS task will be largely driven by a single underlying 
collective assumption about the source signals: 
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Main Assmnption: Each siCk) is statistically independent of each 
sj(l) for all i =F j, all k, and aill. 

This assumption implies that, for any two samples S1 = siCk) and S2 = sj(l) 
from any two different source signals within the mixture, the joint probability 
density function (p.d.f.) of S1 and S2 can be factored into the product of their 
marginal p.d.f.'s as 

(16.6) 

Statistical independence of each source signal from every other is the 
main requirement in most formulations to the convolutive BSS task3 . Statis­
tical independence of the sources, however, is necessary but not sufficient to 
guarantee separability; all methods leverage some additional side information 
about the sources, as discussed in Section 16.3. 

16.2.3 Relationship to Other Problems 

The convolutive BSS task is similar in structure and goal to two other signal 
processing problems. We discuss these similarities here. 

Instantaneous Blind Signal Separation. Interest in the blind signal sep­
aration task first surfaced in various research communities in a much simpler 
form than that depicted in Figure 16.1 [5,6]. In instantaneous blind signal 
separation, the measured vector model is given by 

x(k) = As(k), (16.7) 

where A is an unknown (n x m) mixing matrix and s(k) is the unknown m­
dimensional signal vector containing independent components. This model 
is a special case of that in (16.2), in which Aj = A6(j), where 6(j) is the 
Kronnecker unit impulse function. Here, mixing is termed instantaneous in 
that no dispersive effects or time delays are present. As a result, the (m x n) 
separation system can be instantaneous in form as well, as given by 

y(k) = Bx(k). (16.8) 

The goal of instantaneous BSS is to adjust the entries in B such that 

BA = 4»D, (16.9) 

where 4» is an (m x m) permutation matrix and D is a diagonal matrix of 
non-zero entries d j • IT such is the case, then 

1 ~ {i,j} ~ m (16.10) 

3 Some convolutive BSS formulations only require that the sources be spatially and 
temporally uncorrelated from each other as opposed to being statistically inde­
pendent. Additional features about the source signals and/or mixing conditions 
must then be imposed to solve the convolutive BSS task [3,4] 
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where again the one-to-one mapping j -+ i that is defined by the non-zero 
entries of 4? is arbitrary. 

Instantaneous BSS can be viewed as a special case of convolutive BSS, 
although the two problems differ somewhat in the ways they are solved. In 
fact, designing algorithms and solutions for instantaneous BSS is easier than 
developing corresponding solutions to convolutive BSS simply due to imple­
mentation aspects, as the latter methods require systems with many more 
adjustable parameters. When the source signals are distinctly narrowband, 
convolutive BSS reduced to the instantaneous BSS task due to the linear 
time-invariant nature of the mixing model. Applications of instantaneous 
BSS can be found in digital communications and medical diagnosis, among 
other applications. The recently published edited monograph [7] is devoted to 
the subject, and good overviews of the problems and issues in instantaneous 
BSS can be found in [8] and [9]. 

In this chapter, we shall often introduce important concepts and criteria in 
the context of the instantaneous BSS task, as this approach provides insight 
into the structure of all BSS problems in a simplified notation. 

Multi-channel Blind Deconvolution. Multi-channel blind deconvolution 
is similar to convolutive BSS both in structure and goal. Both tasks involve 
identical mixing models and demixing system structures as shown in Fig­
ure 16.1. Whereas convolutive BSS attempts to make the extracted output 
signals {Yi(k)} spatially independent, however, multi-channel blind decon­
volution attempts to enforce both spatial and temporal independence of the 
extracted output signals. This additional requirement only makes sense if 
the source signals {s j (k)} are both spatially and temporally independent se­
quences, such that si(k) is independent of sj(k + l) for all i 'I j and any 
l or for all {i, j} and any l 'I O. In such cases, ideal multi-channel blind 
deconvolution yields 

(16.11) 

where j -+ i is again a one-to-one mapping and ..1 j is an arbitrary delay. 
At first glance, multi-channel blind deconvolution appears to be a spe­

cial instance of convolutive BSS in which a particular temporal structure 
is imposed on the extracted output signals. Such a correspondence has led 
researchers to use multi-channel blind deconvolution algorithms to solve con­
volutive BSS tasks [10-13]. As we shall show, however, multi-channel blind 
deconvolution methods can alter the temporal structure of acoustic source 
signals within the extracted outputs in undesirable ways. Thus, such decon­
volution methods are most appropriate when the source signals are tempo­
rally independent. One such case is in wideband antenna arrays for wireless 
communications. See [14,15] for recent discussions of multi-channel blind de­
convolution methods. 

Multi-channel blind deconvolution can also be viewed as the multi-channel 
extension of the single-channel blind deconvolution task. Blind deconvolution 
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is a well-studied topic, and the two edited monographs [16] and [17] provide a 
good introduction to the field. In digital communications, blind deconvolution 
is termed blind equalization due to the fact that a deconvolved signal has a 
nearly flat power spectrum. 

16.3 Criteria for Blind Signal Separation 

16.3.1 Overview of BSS Criteria 

The capabilities of any convolutive BSS technique mainly depend on the sepa­
ration criterion that is employed. These criteria in turn depend on the under­
lying assumptions about the source signals. Almost all BSS methods leverage 
the fact that the source signals are statistically independent of one another; 
however, all methods make use of additional signal features to achieve separa­
tion. We discuss these assumptions in connection with the criteria employed. 

Convolutive BSS criteria can be categorized into one of three groups: (i) 
density modeling criteria, (ii) contrast functions, and (iii) correlation-based 
criteria. We discuss each of these criteria in turn, introducing basic concepts in 
the context of the instantaneous BSS problem. Extensions to the convolutive 
BSS task differ largely in algorithm implementation, as shown in Section 16.4. 

16.3.2 Density Modeling Criteria 

Density-based BSS methods rely heavily on concepts in information theory, 
a field with applications in communications, economics, neuroscience, and 
physics [18]. Information theory is useful for BSS because with it one can 
characterize the amount of shared information in a set of signals. Intuitively, 
separation is obtained when there is no common information among any two 
output signal subsets. Such methods are density-based because they effec­
tively model the joint p.d.f. of the output signal vector sequence y(k) as they 
adjust the demixing system to produce nearly independent signal sequences. 
For simplicity, we restrict our study to instantaneously mixed sources such 
that the models in (16.7) and (16.8) are appropriate. 

Although many information-theoretic formulations to instantaneous BSS 
can be developed [10,19], all of these formulations can be unified using the 
Kullback-Leibler divergence measure [8] 

D(pyllpy) = J py(y) log (~:~~~) dy, (16.12) 

where py(y) and py(y) are the actual and model distributions, respectively, 
of y(k). Equation (16.12) measures the "distance" between py(y) and Py(y), 
although this measure is asymmetric. We can rewrite (16.12) using the ex­
pectation operator E { .} as 

(16.13) 
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Replacing ensemble averages with sample averages, one obtains a criterion 
that depends on output signal measurements directly. Further simplifications 
are possible and shall be discussed shortly. 

The choice of py (y) is governed by the assumptions on and a priori knowl­
edge of s(k). If all si(k) are identically distributed, a reasonable choice is 

m 

py(y) = IIPs(Yi), (16.14) 
i=l 

yielding a maximum-likelihood estimate of the demixing matrix B. Alterna­
tively, by estimating the marginal p.d.f.'s PYi (Yi) for the current B and setting 
py(y) = n:l PYi (Yi), one obtains a minimum mutual information approach 
to BSS [8]. In either case, the criterion in (16.12) attempts to measure the 
degree of independence of the individually extracted source signals, because 
f)y (y) describes a signal vector with statistically independent components. 

The main advantage of (16.12) as a cost function is its statistical effi­
ciency. With a "good" choice of model f)y(y) , one can make good use of 
the source signal characteristics, e.g., to obtain fast convergence for a given 
data set size. The main drawback to (16.12) is the practical need to choose a 
model. The most general choice of criterion, minimum mutual information, 
is computationally demanding; whereas the most-restrictive criterion choice, 
maximum likelihood, can actually fail to achieve separation if the marginal 
p.d.f.'s within py(y) differ too much from the actual source distributions. 
See [20] for the stability conditions that the marginal p.d.f.'s within py(y) 
must satisfy for (16.12) to be locally stable about a separating solution in 
instantaneous BSS tasks. 

Equation (16.12) has not been proven to possess only separating minima. 
As such, separation is not guaranteed with this cost function. Even so, nu­
merous simulations have indicated that ill-convergence appears to be rare for 
even gross marginal approximations within py(y). For example, suppose each 
source signal is a sampled speech signal. The instantaneous distribution of 
speech is approximately Laplacian-distributed with p.d.f [21] 

1 (ISIV2) 
Ps(s) = 0"V2 exp --0"- , (16.15) 

where 0"2 is the variance of the speech signal. Employing (16.15) within 
(16.13), one obtains a criterion that consistently yields separated speech sig­
nals in instantaneous BSS tasks using simple gradient-type optimization pro­
cedures. Moreover, the variance 0"2 can be arbitrarily set within the criterion 
(e.g., 0"2 = 1), as the scales of the sources are effectively absorbed into the 
mixing conditions within the model. In situations where the source signals 
come from a select set of distributions, one can develop procedures for choos­
ing a "good" distribution model for each extracted source from the family of 
models [22]. Alternatively, one can develop parametric density models and 
successively estimate the model parameters from the extracted sources [23]. 
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Although it might not be apparent within (16.13), one cannot employ 
a Gaussian marginal p.d.f. Ps(Yi) = (21f)-1/2exp(-IYiI2/2) to obtain sepa­
ration; such a choice only decorrelates the corresponding output signals [8]. 
While statistical independence implies uncorrelatedness, the converse is not 
true. Consider the two signal vectors s(k) and rs(k), where the elements of 
s(k) are statistically independent with unit variance and r is an orthonor­
mal matrix such that rrT = I. Both s(k) and rs(k) have the same auto­
correlation matrix E{s(k)sT(k)} = I, i.e., uncorrelated elements. However, 
rs(k) clearly contains signal mixtures. As a correlary, separation methods 
using density modeling require non-Gaussian-distributed sources in order to 
uniquely identify a separation system. This issue is not a problem in practice, 
because most interesting acoustic sources have non-Gaussian p.d.£. 'so 

In convolutive BSS, the cost function in (16.13) depends on the p.d.f. of 
the extracted sources in y(k), which in turn depends on the impulse response 
{Bl} of the separation system. Can this expression be simplified further? This 
issue has been addressed in the context of dispersive systems by Pham [24], 
who has determined expressions for the entropy of a multi-dimensional ran­
dom process when filtered by a multi-channel linear system. A cost function 
E {.J ( {Bl})} for the impulse response {Bd of the multi-channel separation 
system in (16.3) can then be developed that is identical (up to a fixed con­
stant) to that in (16.13). This cost function is 

E{.J( {Bd)} = f log I det B[z]lz-1dz - E{logpy(y(k))}, (16.16) 

where B[z] is the z-transform of the impulse response sequence {Bd. The first 
term on the right-hand side of (16.16) is a contour integral about the origin 
in the complex z-plane and represents the effects of a linear transformation 
on the joint entropy of the extracted output sequences. The second term 
measures the degree of independence of the extracted outputs when (16.14) 
is used. Again, we can replace expectations by sample averages to obtain 
a criterion that depends entirely on data alone. In later sections, we shall 
describe algorithms that minimize (16.16) in an iterative fashion. 

16.3.3 Contrast Functions 

Contrast functions, as introduced in the context of instantaneous BSS by 
Comon [5], are an alternative to density-based criteria. The concept of a con­
trast function is similar in spirit to that of an indicator light on an electrical 
or mechanical device. Such a light indicates a certain operating condition 
about the device. Similarly, a contrast function identifies when one output 
Yi (k) of a separation system contains elements of only one source signal s j (k). 
The key issue is to determine such a function that depends only on Yi(k) and 
not on the mixing conditions. Again, we shall introduce the concepts behind 
contrast functions using instantaneously mixed source signals. 
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Consider the instantaneous mixture and separation models in (16.7) and 
(16.8), respectively, and define the combined system matrix C as 

C=BA. (16.17) 

Then, we can express the ith extracted output signal in terms of the elements 
{Cij} of Cas 

m 

Yi(k) = LCijSj(k). (16.18) 
j=l 

A contrast function is a cost function 4>[Yi(k)] for which a local maximum 
over all elements of Cij, 1 ::::: j ::::: m corresponds to the separated solution 

c .. = {dl ' for a single value of l, 1 ::::: 1 ::::: m 
'J 0, otherwise. (16.19) 

In practice, this cost function is expressed in terms of the elements of the 
separation matrix B for which optimization takes place. 

In contrast-based BSS, the contrast function criterion must be designed 
for the particular separation task. This design is driven by two main goals: 

• The contrast function must be simple to evaluate . 
• The contrast function must identify a separated result for the given source 

signal statistics through its maxima. 

As an illustrative example, consider the normalized kurtosis, which is a mea­
sure of the shape of a zero-mean univariate p.d.f. as normalized by its vari­
ance. The normalized kurtosis of the random variable Y is given by 

E{lyI4 } 

K-y = E2{IYI2} - 3. (16.20) 

It can be shown that the contrast function 

(16.21) 

correctly identifies a separated solution for instantaneous BSS as defined in 
(16.18) through its local maxima, as long as all source signals sj(k) have 
nonzero kurtosis [5]. The most well-known zero-kurtosis distribution is the 
Gaussian p.d.f., such that contrast-based methods are generally designed for 
non-Gaussian sources. 

To extract all of the sources from a signal mixture, m contrast functions 
are used to calculate the separation parameters for the m system outputs. 
How does one guarantee that different sources are extracted at different out­
puts of the system in this approach? Details regarding this issue are consid­
ered in Section 16.4. 

Like density matching, BSS methods that use contrast functions rely on 
the spatial independence and non-Gaussianity of the source signals to per­
form separation. Unlike density based methods, however, contrast-based BSS 
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methods do not require significant knowledge about the source signal p.d.f.'s. 
This feature is particularly important in practical applications, because a 
"blind" system should perform separation regardless of the source signal dis­
tributions. In some situations, however, using certain moment-based criteria 
such as the normalized kurtosis can yield inefficient estimates of the sep­
aration system. Such is the case when extracting speech signals with the 
normalized kurtosis contrast in (16.21), for example, due to the impulsive 
nature of typical speech p.d.f.'s. 

The above discussion carries over to the case of convolutive BSS with ap­
propriate modifications. It has been shown, for example, that the normalized 
kurtosis contrast function is valid for convolutive BSS [15,25,26]. Contrast 
functions have strong connections to cumulants, statistical quantities that 
arise from the characteristic function of a multivariate p.d.f. through a Tay­
lor series expansion [8]. Additional cumulant-based separation criteria can 
also be developed [26]. 

16.3.4 Correlation-Based Criteria 

Both density modeling and contrast function BSS approaches employ non­
quadratic criteria. One must resort to iterative search procedures to optimize 
the separation system parameters using these criteria. Convergence speed is 
often an issue in such cases, especially in acoustic BSS tasks where thousands 
of filter parameters are often involved. In this regard, it is desirable to develop 
more direct approaches to BSS employing structured computations. 

In [27], an approach for blindly separating mixtures of instantaneously 
mixed sources is presented that employs correlations of the measured signals 
x(k) at different time instants. This method assumes that the source signals 
are statistically independent and stationary but temporally correlated, such 
that the correlation matrix 

(16.22) 

exhibits a unique eigenvalue structure for at least two different time lags 
I = h and I = h. Note that 

(16.23) 

where the matrix E {s( k )sT (k - I)} is diagonal due to the independence of 
the source signals. Define the normalized matrix 

R(h, h) = Rxx(k, h)[Rxx(k, 12)t1 

= AE{s(k)sT(k - h)}AT[AE{s(k)sT(k -12)}ATt1 (16.24) 
- -1 

= AA(h,h)A , 

where we have defined A(h,12) = E{s(k)sT(k - h)}[E{s(k)sT(k -12)}]-1. 
Since A(h,12 ) is diagonal, (16.24) is in the form of an eigenvalue decom­
position of R(h, h), where the mixing matrix A contains the eigenvectors 
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of this matrix. Thus, we can determine A from R(h, h) using well-known 
eigenvalue procedures, from which the separation matrix B can be found by 
inverting A. By defining a normalized matrix [Rxx(k, h))-l Rxx(k, 12 ) whose 
eigenvectors are B = A-I, this final inversion step can be avoided. 

Matrix inversions are challenging to compute; as such, the above proce­
dures are not particularly useful. Fortunately, it is possible to estimate B 
using joint diagonalization, in which B is computed so that 

BRxx(k, I)BT = A(k, l) (16.25) 

for two time instants I = {h,12}, where A(k,l) is diagonal for all k and 
1= {h,h}. In this case, both B and A(k,l) can be estimated jointly, e.g., 
though a nonlinear optimization on a suitable least-squares cost function [28). 

The above separation method relies on data correlation properties that 
may be difficult to verify in a practical setting. Fortunately, one can employ 
an identical procedure using assumptions that are quite plausible in many 
acoustic settings. Suppose that the sources are nonstationary, such that 

(16.26) 

exhibits a unique eigenvalue structure for two different time instants 
k = k1 and k = k2 . Then, one can define the normalized matrices 
Rxx(kI)[Rxx(k2))-1 or [Rxx(kI)t1 Rxx(k2) for use within the eigenvalue ap­
proach to blind system identification or signal separation. More importantly, 
one can use joint diagonalization to estimate B directly. Nonstationarity of 
the sources is dearly reasonable for speech signals. Several issues govern the 
success of this approach, as discussed in the next section. 

16.4 Structures and Algorithms for Blind Signal 
Separation 

We now describe filter structures and algorithms for convolutive blind signal 
separation. These methods employ the criteria described previously and use 
iterative gradient optimization procedures for simplicity. 

16.4.1 Filter Structures 

Because convolutive mixing is a linear process, a multi-channel linear system 
is sufficient to perform separation. How should this system be implemented? 
Several issues affect the implementation of acoustic signal separation systems: 

• A mount of room reverberation. When separating acoustic signals in a 
room environment, room reverberation plays a significant role in choosing 
a separation model. To obtain good separation, the impulse response of 
the BSS system must account for the majority of the room's multipath 
effects. 
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• Stability of the separation system. Most convolutive BSS methods use 
adaptive procedures for adjusting the system's parameters. This system 
must remain bounded-input, bounded-output stable during adaptation. 

• Computational complexity. Because of the dispersive effects of most room 
environments, the BSS system's impulse response must be thousands of 
taps long in order to get good separation quality at typical audio sampling 
rates and for typical rooms. 

Of all possible implementations, finite impulse response (FIR) filters represent 
ideal candidates due to their simplicity and guaranteed stability. Moreover, 
they can be implemented efficiently in a block fashion using fast convolu­
tion techniques, such that their complexity scales as O(log2 L) where L is 
the system's filter length [29]. In such block implementations, a bulk delay 
is introduced into the input-output path of the system, and the coefficient 
adaptation method must inherently be block-based as well. The first issue 
does not represent a problem in most cases, and the second issue often has a 
negligible effect on the performance of most convolutive BSS methods. 

For the remainder of the chapter, we shall replace (16.3) by 

L 

y(k) = L Bt(k)x(k - l), (16.27) 
1=0 

where Bl(k), 0 ~ 1 ~ L, are the multi-channel FIR filter parameters. See [30] 
for a discussion of other system structures for convolutive BSS tasks. 

16.4.2 Density Matching BSS Using Natural Gradient 
Adaptation 

In this section, we review a stochastic gradient procedure for minimizing the 
cost function in (16.16) and discuss some ofits properties. We then describe a 
modified version of the algorithm that is ideally suited to acoustic BSS tasks. 

A convolutive BSS algorithm based on the criterion in (16.16) can be 
derived in a standard fashion by (i) calculating the gradient of this cost func­
tion, (ii) establishing differential updates for the filter parameters based on 
gradient minimization, and (iii) discretizing the differential updates. Such an 
approach leads to a difficulty: the gradient of the first term on the right-hand 
side of (16.16) requires the pseudo-inversion of the multi-channel separation 
system B[z], a challenging proposition. Fortunately, it is possible to transform 
this update into a natural gradient adaptation procedure. Natural gradient 
adaptation is a modified gradient descent procedure in which the structure of 
the parameter space is employed to adjust the search direction for more effi­
cient adaptation. Unlike Newton-based methods, natural gradient adaptation 
does not assume a locally quadratic cost function, and no spurious algorithm 
stationary points are created. Moreover, in the case of inverse problems such 
as BSS and blind deconvolution, natural gradient adaptation possesses an in­
herent statistical efficiency that overcomes any ill-conditioning introduced by 

Page 373 of 401



16 Blind Separation of Acoustic Signals 369 

the mixing system. Most importantly, the natural gradient update for min­
imizing (16.16) avoids inverting B[z]. For more details on natural gradient 
adaptation, including applications to statistical estimation, blind equaliza­
tion, and subspace tracking, see [31]. 

Due to space limitations, we avoid deriving the natural gradient algo­
rithm and and instead simply present its time-domain form [32], although 
frequency-domain variations of the method have been developed by several 
researchers [10,12,13]. This algorithm is given by 

Bz(k + 1) = Bz(k) + M(k) [Bz(k) - E{f(y(k - L))uT(k -in] ,(16.28) 

where 
L 

u(k) = L BLq(k)y(k - q) 
q=O 

f(y(k)) = [f(Yl (k)) f(Y2(k)) 

f(y) = _ 810~~s(Y), 

(16.29) 

(16.30) 

(16.31) 

M(k) is a diagonal matrix of step sizes f1i(k), and E{-} is an averaging op­
eration. This algorithm assumes that each source signal has the approximate 
marginal density Ps(y). If Laplacian-distributed sources are assumed, then 

{ 
1ify>0 

f(y) = sgn(y) = 0 if y = 0 (16.32) 
-1 if Y < O. 

This algorithm only employs simple operations and makes extensive use 
of multiply/adds. In its time-domain form, the algorithm requires approx­
imately four multiply/adds per filter coefficient at each time instant k. 
Moreover, when block-based updates are employed, the correlation term 
E{f(y(k - L))uT(k -in can be computed using fast convolution methods, 
making the entire system of O(lOg2 L) complexity. 

The density-matching algorithm in (16.28)-(16.31) was originally derived 
for the multi-channel blind deconvolution task; hence, it imposes certain tem­
poral constraints that are undesirable for convolutive BSS problems. It can 
be shown that the stationary points of (16.28) must satisfy 

(16.33) 

For multi-channel blind deconvolution tasks, these conditions are desirable, 
as they hold if the elements of y(k) are temporally independent. For convo­
lutive BSS, however, the conditions in (16.33) are undesirable and lead to 
extracted signals that have nearly flat frequency spectra. We now propose a 
modification to (16.28) that avoids temporal constraints on the individually 
extracted source signals. The proposed algorithm is 

Bz(k + 1) = Bz(k) + M(k) [diag[E{f(y(k - L))yT(k - L -in] 
- E{f(y(k - L))yT(k - L -in] *Bz(k), (16.34) 
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where * denotes discrete-time convolution of matrix sequences over l. Sim­
plifying (16.34) assuming slow coefficient adaptation speeds produces 

Bl(k + 1) = Bl(k) + M(k) [E{Vl(kn - E{f(y(k - L))uT(k -In] 

(16.35) 

where the (i,j)th entry of Vl(k) is 

Vijl(k) = !(Yi(k - L))Uij(k -I) 
L 

uij(k) = L Wij(L-q) (k)Yi(k - q). 
q=O 

(16.36) 

(16.37) 

The complexity of this algorithm is approximately the same as that of (16.28), 
because uij(k) is computed as part of u(k) = [u1(k) ... un(k)jT through 
uj(k) = 2:::1 Uij(k). 

It is a straightforward exercise to determine the conditions on the output 
sequence y(k) corresponding to Bl (k+1) = Bl (k) for (16.35), i.e., a stationary 
point of the update. These conditions are 

(16.38) 

Unlike (16.33), Equation (16.38) implies no particular temporal structure on 
the extracted output signals. Thus, the extracted signals are not deconvolved 
or decorrelated at a separating solution. 

Our convolutive BSS algorithm is a nonholonomic version of the multi­
channel blind deconvolution algorithm in (16.28). For a discussion of non­
holonomic constraints in instantaneous BSS tasks, see [33]. 

16.4.3 Contrast-Based BSS Under Prewhitening Constraints 

In this section, we discuss the general structure of contrast-based methods for 
convolutive BSS tasks. We then describe one particular BSS method that uses 
prewhitening as a constraint within a simple contrast optimization procedure. 

As discussed in Section 16.3, a contrast function identifies an independent 
source when it is extracted from a linear mixture. To extract m sources in 
parallel, the joint maximization criterion 

m 

..7c(y(k)) = L ¢[Yi(k)] (16.39) 
i=1 

could be used. Unfortunately, such a procedure does not guarantee that Yi (k) 
and Yj(k) correspond to different source signals for i ¥- j. To extract all of 
the sources, a contrast-based convolutive BSS method must either 

• construct the BSS system so that unique parametric solutions for each 
system output are obtained (Le., parameter-dependent constraints); or 
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• impose certain properties on the joint statistics of the extracted signals 
(i.e., signal-dependent constraints). 

As an example of parameter-dependent constraints, consider a factoriza­
tion of the separation system B[z] into two multi-channel systems as [14] 

B[z] = W[z]~[z]. (16.40) 

The n-input, m-output decorrelation system ~[z] filters the signal mixtures 
x(k) so that the outputs of this system are both spatially and temporally 
uncorrelated with unit variances. One way to achieve this result is through 
multi-channel linear prediction, whereby the coefficients of ~[z] are computed 
using the multi-channel Levinson algorithm and the autocorrelation statistics 
of x(k). The (m x m) separation system W[z] can then be constrained to be 
paraunitary, such that its impulse response {WI} satisfies 

00 

L WjWJ+1 ~ 6(1)1 (16.41) 
j=-oo 

for all 1. The system constraints in (16.41) guarantee that each output signal 
Yi(k) corresponds to a different source signal when contrast function opti­
mization is performed over the impulse response {Wt} of the separation 
system. These constraints can be imposed explicitly through a structured 
parametrization [34], or they can be imposed implicitly using gradient-based 
adaptive procedures [35]. The latter methods are preferable in acoustic BSS 
tasks because they allow direct-form FIR filters to be used. 

Alternatively, signal-dependent constraints can be employed. Here, we de­
scribe one such procedure [36]. The coefficient updates for the multi-channel 
FIR filter in (16.3) are given by 

Bl(k + 1) = Bl(k) + Jl(k) [Bl(k) - E{y(k - L)uT(k -In] 
+D,8(k) [E{g(y(k - L»uT(k -1)} - E{N(k - L)}BI(k)] , 

(16.42) 

where D,8 (k) is a diagonal matrix of step sizes Pi (k), N (k) is a diagonal matrix 
whose diagonal elements are yt(k), g(y(k» is a vector of cubic nonlineari­
ties g(Yi) = Yl, and the other signal quantities are defined previously. This 
algorithm is similar to the EASI algorithm for instantaneous BSS tasks [8] in 
that it uses a two-term update. The first bracketed term on the right-hand 
side of (16.42) guarantees that the output signals y(k) are spatially and tem­
porally decorrelated, and the second bracketed term is associated with the 
maximization of the normalized kurtosis contrast function in (16.21) for all 
1 ~ i ~ m. Although this algorithm appears to be similar to the multi­
channel blind deconvolution algorithm in (16.28), it differs in one important 
respect: it is locally stable at a separating solution if 

(16.43) 
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for suitably small l.8i(k) I and all values of K,y,(k) '10. In other words, (16.42) 
can potentially separate arbitrary signal mixtures, without specific knowledge 
of the source signal distributions. The chief drawback to (16.42) with respect 
to the natural gradient procedure in (16.28) is that the former algorithm re­
quires six multiply/adds per FIR filter coefficient versus four multiply/adds 
for (16.42). Both algorithms can be implemented using fast convolution tech­
niques. 

In addition to the above methods, one can use sequential procedures for 
extracting sources via contrast functions, in which individual sources are 
estimated and then removed from the mixture in an m-stage procedure [26]. 

16.4.4 Temporal Decorrelation BSS for Nonstationary Sources 

In this section, we present an algorithm that employs the nonstationarity of 
acoustic source signals to perform convolutive BSS. More details about this 
technique can be found in [28]. 

One technique for translating instantaneous BSS techniques to convo­
lutive BSS tasks is to use frequency-domain processing methods. In such 
translations, each channel of the current input data block of size T samples 
is first processed using a T-dimensional discrete Fourier transform (DFT). 
Then, the resulting transformed components are grouped by bin value to 
form T different spatial mixtures, at which point each mixture is treated 
independently as an instantaneous BSS procedure with a complex-valued 
separation matrix. Once separation is achieved at each bin value, the sepa­
rated frequency components are processed by an inverse DFT to produce the 
reconstructed signals. While intuitive, this approach can fail to provide good 
separation quality due to the possible order permutation of the individually 
extracted frequency components. In other words, the separation procedures 
do not guarantee that the same source will be extracted at the same output 
at every frequency bin within the separation structure because the various in­
stantaneous BSS procedures are uncoupled within the system. One potential 
solution to this difficulty is the use of a truncated separation filter relative 
to the data block size, such that L « T is maintained. This choice intro­
duces coupling between the frequency bins during the optimization task and 
appears to minimize the artificially introduced permutation problem. Reason­
able separation results have been reported with such an approach, although 
choosing actual values of L and T remains a heuristic procedure. 

With the translation technique in place, the correlation-based separation 
method in Section 16.3 can easily be extended to the convolutive BSS task. 
Define the complex-valued DFT of the data frame [x{k) , ... ,x{k +T -1)] as 

T-l 

x(w,k) = Lx{k+l)e-£WI, w= {O,1f/T, ... ,21f{T-l)/T}.{16.44) 
1=0 
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Similarly, define the DFT of the separation system coefficients at time k as 

L 

Bk[eLW ] = L B1(k)e- Lw1 , w = {a, 1f IT, . .. ,21f(T - l)IT}. (16.45) 
1=0 

Define the autocorrelation matrix of x(w, k) as 

1 N-l 

Rk(W) = N L x(w, k + qT)xH (w, k + qT), 
q=O 

(16.46) 

where H denotes Hermitian (conjugate) transpose and N is the averaging 
interval. Then, the goal of the nonstationary BSS task is to determine a 
sequence of complex-valued matrices Bk[eLW ] for all valid w such that 

(16.47) 

for K non-overlapping time intervals indexed by kr, 1 ::::; T ::::; K, where 
Ak(W) is a diagonal matrix of unknown signal powers for a given frequency 
bin value and time kr . The choice of K depends on the number of channels 
of data being processed, and the intervals kr are chosen so that the averaging 
windows are non-overlapping. See [28] for further details on these issues as 
well as an evaluation of the procedure on real-world speech data. 

16.5 Numerical Evaluations 

This section presents the separation results of algorithms in two acoustic BSS 
tasks. The real-world signal mixtures used for these evaluations are 

• a two-channel recording of two male speakers reading different parts of a 
newspaper article in a conference room [13], and 

• a two-channel recording of a male-female a cappella duet taken from an 
audio compact disc [37]. 

Each signal set presents specific features and challenges. The Is = 16kHz­
sampled, 16-bit, t = 18.75s speech-speech recording contains a moderate 
level of reverberation as well as a nominal level of fan noise due to room 
ventilation. The Is = 44. 1kHz-sampled, 16-bit, t = 139.3s a cappella duet 
recording contains close harmonies with significant spectral overlap of the 
individual vocalists' voices, exhibits both natural and artificial reverberation 
effects, and is processed at a high sampling rate. 

We compare the performances of the density-based multi-channel blind 
deconvolution (MBD) algorithm in (16.28) as well as the density-based con­
volutive BSS (ConvBSS) algorithm in (16.42), in which both updates have 
been implemented in block form using FFT-based fast convolution meth­
ods. Each block-based update calculates the averaged quantites denoted by 
E {-} using L-sample sums, so that all filter coefficients are updated every 
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L time instants. Since impulsive signals are being extracted, we have chosen 
f(y) = sgn(y) corresponding to the Laplacian p.d.f. source model in (16.15). 
The diagonal entries of M(k) are chosen as 

JLo JLi (k) = --2-::L,------'------- (16.48) 

fJ + L Yi(k - p)f(Yi(k - p)) 
p=L+l 

where the constant fJ > 0 is used to avoid a divide-by-zero condition. This 
"quasi-normalized" step size strategy makes the updates scale-independent 
and generally improves algorithm robustness. For the speech-speech separa­
tion task, the parameter values chosen for both algorithms were, L = 4096, 
JLo = 10/ L, and fJo = 0.01, and ten passes through the recording were used 
to adjust the system coefficients. For the a cappella duet recording, the pa­
rameter settings were L = 4096, JLo = 1.5/ L, and fJ = 0.01, and the systems 
were trained using two complete passes through the recording. 

To evaluate the performance of each algorithm, we have employed a data­
only strategy based on identifiable signal content. First, temporal portions 
of the recordings are identified that only contain a single source. Then, the 
variances of these portions are computed for each channel, and a signal-to­
interference (SIR) ratio is formed by taking the ratio of the signal variances 
across the same time interval for each channel. For recordings that contain 
background noise, the variance of the background noise for each channel 
is estimated from portions of the recording that contain no other signals, 
and these noise variances are subtracted from the signal-plus-noise variances 
calculated previously prior to forming the SIR ratios. In addition, we compute 
the power spectral densities (PSDs) of the original and extracted signals to 
gauge the temporal effects that each algorithm imposes on the extracted 
signals. 

Table 16.1 lists the SIRs and signal-to-noise ratios (SNRs) for the original 
and separated signals for the speech-speech separation task. The average SIR 
of the original signal mixtures is 3.6 dB, and both algorithms are able to 
improve the level of separation by a moderate amount. In this case, the 
average SIR of the extracted sources is 10.6 dB for the MBD algorithm and 
12.7 dB for the ConvBSS algorithm, indicating that the latter technique 
provides better separation performance in this example. Comparing the SNRs 
of the various signals, the MBD algorithm is less sensitive to noise in this 
example, although both algorithms maintain a noise level that is significantly 
below that of the residual interference in the extracted signals. 

The spectral content of the extracted signals show another distinct ad­
vantage of the ConvBSS algorithm over the MBD algorithm, as shown in Fig­
ure 16.2. The MBD algorithm nearly equalizes the PSDs of the original signal 
mixtures in the extracted sources, whereas the ConvBSS algorithm maintains 
similar spectral content as that in the original mixtures. Comparing the audio 
quality of the extracted outputs, the ConvBSS method produces separated 
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Table 16.1. Signal-to-interference and signal-to-noise ratios for the mixed and 
separated signals in the speech-speech separation example. 

Original Separated Outputs Separated Outputs 
Mixture MBD Algorithm ConvBSS Algorithm 

SIR, Left Ch. 5.1 dB 14.8 dB (+9.7 dB) 13.5 dB (+8.4 dB) 

SIR, Right Ch. 2.0 dB 6.3 dB (+4.3 dB) 11.9 dB (+9.9 dB) 

SNR, Left Ch. 21.3 dB 21.1 dB (-0.2 dB) 17.9 dB (-3.4 dB) 

SNR, Right Ch. 18.2 dB 16.9 dB (-1.3 dB) 13.8 dB (-4.4 dB) 

signals that sound more natural and listenable than those produced by the 
MBD algorithm. This feature alone makes the ConvBSS algorithm prefer­
able over multi-channel blind deconvolution approaches to convolutive BSS, 
as it is challenging to undo the undesirable temporal effects of the latter 
approaches in a truly blind setting. Note that both algorithms have similar 
complexities and do not require any signal preprocessing or post-processing. 

The performance of the algorithms in the a cappella duet example are 
similar. The average SIR of the original mixture is 3.5 dB, and the average 
SIRs of the extracted signals is 9.8 dB for the MBD algorithm and 11.0 dB 
for the ConvBSS algorithm, respectively. The spectrograms in Figure 16.3 
illustrate the temporal effects of the algorithms. Figure 16.3(a) and (b) show 
the spectrograms of the original left and right channels before processing 
over the interval 113 S t S 114.2 sec. In these segments, the male singer is 
singing "I'm gon-na tell her now that" at different pitches, whereas the female 
singer is holding the "short-i" vowel sound of the word "him" at a single 
pitch. The female singer's voice clearly provides the dominant features in both 
spectrograms. Figure 16.3(c) and (d) show the spectrograms of the outputs of 
the MBD algorithm over the same time interval. As can be seen, the male's 
voice is enhanced in the left output channel, whereas the female's voice is 
enhanced in the right output channel. The signal spectra, however, are much 
flatter than those of the original mixture signals. Shown in Figure 16.3(e) 
and (f) are the spectrograms ofthe ConvBSS algorithm outputs, in which the 
original input spectra are largely preserved. The resulting extracted outputs 
sound much more natural in comparison to those produced by the MBD 
algorithm due to their spectral character. 

16.6 Conclusions and Open Issues 

In this chapter, an overview of blind signal separation for acoustic signal mix­
tures has been presented. Both theoretical and practical aspects have been 
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Fig. 16.2. Normalized power spectral densities (PSDs) for the speech-speech sep­
aration example: (a) left channel, (b) right channel. 

discussed so that one can gain an intuitive understanding of the capabilities 
and limitations of such methods. Algorithms that are well-matched to the 
separation of acoustic mixtures have been given. Numerical evaluations indi­
cate that the procedures provide a moderate level of separation quality when 
applied to real-world data sets. 

While state-of-the-art acoustic signal separation methods have achieved 
some signficant milestones, numerous issues and challenges remain: 

• Time-varying acoustical environments. In most practical situations, the 
acoustical channel is ever-changing due to movements of sources and/or 
objects, changes in air temperature, and the like. What are the typical 
tracking capabilities of blind signal separation methods? The design of 
separation algorithms with good tracking capabilities is at its infancy. 

• Changes in source number. All of the methods in this chapter assume 
that the number of sources m is known. How can one translate these 
procedures to more realistic scenarios in which the number of sources is 
unknown or changes with time? Such is the case in most speech separation 
tasks due to the intermittency of human conversations. 
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Fig. 16.3. Spectrograms for the a cappella duet separation example: (a) original 
left channel, (b) original right channel, (c) left channel output of MBD algorithm, 
(d) right channel output of MBD algorithm, (e) left channel output of ConvBSS 
algorithm, (f) right channel output of ConvBSS algorithm. 

• Robustness issues. While many signal separation criteria and procedures 
correctly identify extracted source signals under ideal conditions (e.g., no 
sensor noise, known source statistics, and well-chosen structures and pa­
rameters), these criteria and methods might fail to separate under more­
realistic situations. How robust is a given blind signal separation criterion 
or algorithm to these real-world variations? Clearly, one would like to de­
sign criteria and methods that are robust to the non-ideal conditions of 
practical acoustic settings. 

• "Separating" mixtures containing more sources than sensors. When the 
number of sensors is fewer than the number of sources, signal separation 
as described in this chapter is no longer well-defined. How does one design 
criteria and algorithms for blindly extracting independent signals in this 
case? Solutions to this problem may prove more useful than those for 
traditional signal separation due to the number of practical applications 
that fit this mixing model. 

• Statistical efficiency of separation methods. All separation methods em­
ploy data-dependent processing. For a given data record length, to what 
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fundamental accuracy can blind signal separation be performed, and how 
does the statistical efficiency of a given approach compare to this funda­
mental limit? Answers to such issues shall determine how well these meth­
ods perform in future applications given the ever increasing capabilities 
of computational hardware. 

Despite these challenges, blind signal separation continues to be a source 
of innovative procedures, criteria, and concepts. The references that follow 
provide good starting points for future research efforts. 
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17.1 Introduction 

The telephone, invented more than 140 years ago, has changed very little 
with respect to acoustic design in the last 40 years. The most recent techno­
logical improvements were the replacement of the carbon microphone with an 
electret microphone and the development of the speakerphone for hands-free 
telephony in the early sixties. It might seem quite surprising that in spite 
of the rapid changes in communication systems: digital switching, digital 
wireless, packet-based data communications and the like, that very little has 
changed to the acoustic front-end in telephony systems. For instance, with 
the general availability of broadband communication networks, why have we 
not significantly increased the audio communication bandwidth? Why don't 
we see stereo or multichannel in telephony and communication systems? Why 
don't we see more ubiquitous adoption of voice recognition in consumer prod­
ucts? Why can't we tailor the audio response of our communication systems 
the same way we do with our entertainment systems? Why do our cell phones 
sound so tinny, distorted, and noisy? Why is it so difficult to understand peo­
ple who call us from noisy environments or call us in noisy environments? 
These are good questions when one ponders the explosion of inexpensive digi­
tal signal processing integrated circuits combined with the current bandwidth 
of communication systems and those that are about to be introduced. Clearly 
front-end acoustic signal processing will play a large role in addressing these 
questions. 

In our increasingly mobile society we find that hands-free operation of 
communication systems is becoming more and more the norm, whether we 
talk to other humans or to machines. There are significant challenges in en­
abling high quality speech communication in difficult acoustic environments. 
Microphone arrays are an enabling technology for hands-free communication 
since these systems offer directional gain to improve the signal-to-noise ra­
tio. This chapter will address some new possibilities as well as outstanding 
!"psearch issues that remain. 

17.2 Hands-Free Communication 

The hands-free speakerphone was first released by AT&T's Western Electric 
in 1954. The speakerphone allowed many users gathered in one location to 
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Microphone Gain required Minimum number of 
Distance (m) for 2 cm SNR (dB) omnidirectional microphones 

0.02 0 1 
0.1 14 5 
1.0 34 50 
2.0 40 100 

Table 17.1. Table showing minimum number of microphones in an optimal array 
to attain the equivalent 2 cm SNR (Signal-to-Noise- Ratio) for various distances 
from a point source in an isotropic noise field. 

participate in a telephone conference. Recently the speakerphone has become 
a standard option on consumer phones. Speakerphones brought two major 
problems that did not exist in standard handset telephony; acoustic echo as 
well as, high sensitivity to room reverberation and background noise. The 
problem that we are concerned with in this book is that of using microphone 
arrays to minimize noise and reverberation. A simple example shows how this 
problem is actually an extremely difficult one to solve. 

To begin, let us assume that a telephone handset microphone location is 2 
cm from a talkers mouth in an acoustic environment that has a diffuse noise 
field. For simplicity, we assume the speech source is a point source. Now, let us 
look at the increase in directional gain that would be required for a directional 
microphone array to maintain the same signal-to-noise ratio as the handset for 
different distances. The results of the required gain are shown in Table 17.1. 
The minimum number of omnidirectional microphone elements required to 
realize this gain are also given in Table 17.1. This minimum number can be 
calculated by using the maximum gain attainable for an array in an isotropic 
noise field (20IogN, where N is the number of elements [1]). Note that we 
have also assumed that the directional array is pointed at the desired source. 
As can be seen in Table 17.1, the number of microphones required to attain 
the same SNR as a handset omnidirectional microphone placed at 2 cm from 
the talker can be very large. The problem is actually even worse. We have 
assumed that the beamforming gain of the microphone array is optimum. 
For an isotropic noise field this gain is practically impossible to realize for 
arrays greater than three elements. For optimum gain the array would have 
to be differential at low frequencies and the white noise gain would be such 
that microphone self-noise would dominate the microphone output [1]. For 
nondiffuse sound fields, higher array gains can be realized, but these fields are 
specialized cases that are not typically found in a real acoustic background. 

Fortunately, humans have the ability to understand speech signals in con­
ditions where the SNR is as small as 0 dB. Thus, humans can deal with 
speech signals that are not as clean as handset speech. It is well known that 
SNR increases as small as a few dB can be critical in low SNR cases [2], and 
thus, any directional gain provided by a microphone array can be a benefit. 
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Hence, microphone array beamforming can be an effective tool in improving 
the intelligibility and quality of acoustic communication signals. 

17.3 The "Future" of Microphone Array Processing 

Humans naturally communicate using speech. It is therefore evident that the 
future of man-machine communication will focus on speech as a main inter­
face. Also, as devices become smaller and more personal, a speech interface 
becomes essential. It is well known that present speech recognition algorithms 
are not very robust to hands-free speech. The significant loss in recognition 
performance is due to acoustic reverberation and SNR loss that are typical in 
hands-free applications. It is clear from this observation that we need to look 
at microphone array designs to also increase automatic speech recognition 
in the hands-free mode. The main design goal in present microphone array 
designs is to maximize the SNR. It is not clear, however, that this metric 
is optimal for speech recognition algorithms. Speech recognition algorithms 
work on input data that is condensed into feature vectors. Typically these 
vectors are based on LPC (Linear Predictive Coding) and cepstral analysis 
of speech. Obvious attempts to increase the accuracy of hands-free speech 
recognition optimize the beamformer design to minimize the perturbation of 
the measured feature vectors in reverberation and noise. However, it is not 
likely that this is equivalent to maximizing the input SNR. 

Since microphone arrays have the ability to generate multiple outputs of 
spatially filtered input signals, it would seem apparent that speech recogni­
tion algorithms in the future will incorporate the idea of multiple acoustic 
inputs, even to the point that the speech recognizer is part of the beamform­
ing processing. One obvious application of this idea would be to have the 
beamformer give many outputs: one for the desired signal plus noise, and 
the others as signals that are essentially representative of the spatial noise 
field. The recognizer would then have an estimate of the background noise 
field to utilize for robust speech end-point detection and to update the word 
models and statistics. Similar synergistic possibilities exist in the design of 
speech and audio coders for operation in noisy environments. Finally, the 
use of a spatially segmented acoustic field by beamforming could increase 
the cancellation depth and bandwidth of active noise cancellation hearing 
systems. 

Another area of interest is the design of nearfield microphone arrays. 
Close-talking microphones have been in use now for more than fifty years. 
These microphones utilize a beamformer that exploits the nearfield of a de­
sired acoustic source. One of the inherent problems in close-talking micro­
phones is the sensitivity of the microphone to distance and orientation to 
the source. Microphone systems that account for position variations of close­
talking microphones and modify the output signal to compensate for this 
variation would improve hand-held terminal acoustic performance [4]. Also, 

Page 389 of 401



386 Elko 

systems that can automatically vary their mode of operation (nearfield or 
farfield) depending on the estimated position of the microphone relative to 
the desired source will certainly find favor in the future. 

The hands-free communication problem does not solely concern the mi­
crophone. There is also the problem of acoustic coupling between the loud­
speaker playing the far-end signal and the microphone used to transmit the 
local talker signal. The common solution to this problem is to identify the 
acoustic coupling path and subtract out the modeled echo from the near­
end microphone signal. This operation is typically referred to as acoustic 
echo cancellation. It is obvious that time variation of the beamformer to 
minimize noise or follow the near-end talker could significantly change the 
coupling path between the loudspeaker to the microphone. Clearly a good 
design would be to do both beamforming and echo cancellation in one com­
bined operation. Possible approaches to this problem have been identified in 
[5], and are reviewed in Chapter 13. 

As stated earlier, past efforts in microphone array design have utilized 
standard engineering optimization criteria to derive the "optimum" array 
response. Although this approach has led to reasonable solutions, the ultimate 
judgment of the microphone array performance is what a human listener 
would perceive. Very little work has been published on designing arrays that 
utilize some perceptual metric in the design procedure. One exception to 
this is the idea of "intelligibility weighted gain" [6]. Although this work is 
a reasonable starting point, there is much fertile ground for research in this 
area. 

As people become more connected via communication systems that allow 
"anytime, anywhere" communication it seems natural that microphone array 
systems will become very personal-to the point of a wearable acoustic com­
munication devices. These devices will be extremely lightweight and small 
and have been euphemistically referred to as "acoustic jewelry". There are 
many new challenges that come with the design of wearable acoustic devices. 
One obvious challenge is the design of an array that will optimize the pickup 
of the host's speech as well as that of the desired surrounding signals. Clearly 
we would like to place the host microphone as close as possible to the talker's 
mouth, without encumbering the wearer. Thus the design will probably po­
sition the microphone array somewhere in the nearfield-to-farfield transition 
region. Another opportunity presented in wearable microphone systems is to 
use bone and skin conducted vibration to improve the wearer's speech signal. 
For farfield signals (similar to the hearing aid scenario), we will have to resort 
to superdirectional beamformer designs. 

Finally, another new area for microphone arrays is in transducer sys­
tems based on Micro-Electro-Mechanical Systems (MEMS). The possibility 
of constructing the microphone on the same piece of silicon that has the 
signal processing is an intriguing new development. One area where MEMS 
might be effective is in robustness to turbulent air flow over the microphone. 
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Since turbulent length scales are orders of magnitude lower than acoustic 
propagating wavelengths, there is the possibility of using adaptive frequency­
wavenumber filtering to remove high wavenumber turbulent sensitivity from 
the microphone array. MEMS technology also allows one to easily build com­
plex combinations of pressure, velocity, and acceleration signals. Combina­
tions of these different types of sensors with integral signal processing opens 
up a whole new area for investigation. 

17.4 Conclusions 

Microphone array beamforming for human-to-human and human-to-machine 
communication is now a viable and cost effective solution. Microphone arrays 
will play an essential role in the solution to the difficult problem of hands­
free communication. The biggest challenge that remains is that it will be 
essentially impossible to obtain an SNR that is as high as a microphone 
mounted close to the desired talker (a telephone handset for instance). Linear 
combinations of microphones can only offer a maximum gain of 20 log N, 
where N is the number of microphone elements, and typical realizable gains 
are much less than this limit. Thus one is led to conclude that we need 
to search for new parametric and nonlinear processing algorithms in hopes 
of obtaining directional gains that significantly exceed the gains for linear 
processing. This is the challenge that has to be met if we ever hope to attain 
handset quality speech in hands-free conditions. One possible solution to this 
quality gap is to resort to wearable acoustic communication devices that can 
be thought of as "acoustic jewelry" . 
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lS.l Lessons From the Past 

Antenna array processing has had long-standing impact on phased array 
radars, sonars and radio astronomy for several decades. The gigantic an­
tenna arrays that were constructed for deep space observation must stand 
out as some of the most impressive engineering achievements of any disci­
pline. Success in these related fields of signal processing have without any 
doubt stimulated interest in microphone array processing. And these suc­
cesses did not only generate interest, they did much more-they created high 
expectations. Another interest generating stimulus came from a very different 
field, i.e. the one of anatomy and physiology. Nature has endowed virtually 
all species with two ears. One good reason, of course, is that there is always 
a second as backup when one of the two fails. But at the same time we all 
know that our sense for orientation is helped considerably by the use of two 
ears instead of one and that it helps us understand each other in the midst 
of a noisy crowd. 

After 20 years of active research, however, we cannot claim that micro­
phone array processing has had the success many of us hoped for, and many 
will wonder when the great breakthrough in microphone array processing 
will finally come, if ever. Nevertheless, progress in computer technology has 
helped us in a big way. In the early days only analog schemes of limited sig­
nal processing complexity were possible. This was followed by early years of 
high cost DSP computations, where computational cost seemed to impede 
widespread use of the technology. Today we have affordable DSPs that allow 
us to implement all but the most complex schemes cheaply in digital signal 
processing technology in real-time. But this in itself was not enough. Apart 
from breaking through the computing bottleneck, our understanding of the 
problems at hand has significantly progressed, as witnessed in this book. Most 
of the results presented are from recent years and give new insight into both 
the potential and the limitations of microphone array processing. However, 
too often the same problems that were considered too hard ten or twenty 
years ago are still set apart for 'future research'. Admitted weaknesses to 
proposed solutions are similar to the ones that we have been struggling with 
for a long time. Generally speaking we may say that many proposed solu­
tions add to our understanding but lack robustness in order to make a bright 
future for themselves. 
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So should we not ask ourselves if there is a fundamental issue with micro­
phone array processing? And my answer is 'nothing is fundamentally wrong'. 
Microphone array processing has only proven to be quite a bit harder than 
other previously successful array processing applications. We have known the 
problems from the beginning, but have underestimated the impact of some 
of them in real-life situations. 

The basic problems fall into a small number of categories: (i) the speech 
signal is broadband; (ii) in many practical situations the desired source is 
in a reverberant space in the near or mid field, is moving, and cannot be 
assumed to be a point source; and (iii) the speech signal changes rapidly, 
it is intermittent, and shares many characteristics with the competing and 
interfering signals. 

It is very difficult to tackle all these issues at once. It is especially difficult 
to come up with tractable mathematical models for this complex environ­
ment. The result of this complex situation is that a lot of research effort 
has gone into, and continues to go into the search for optimal beamforming 
strategies that rely on extra assumptions and constraints. Sadly enough, this 
all too often leads to solutions that lack robustness when evaluated in a va­
riety of real-life situations. It may be that a far field assumption is required, 
it may be that less reverberation would be sufficient, or it may be that a 
perfect predictive speech detector will bring the breakthrough. Surely these 
mathematical developments are relevant and give us a better understanding 
of broadband beamforming in general. Simultaneously we should admit to 
ourselves that robustness has been, and still is today, one of the main issues. 

The drive to achieve (mathematically) optimal solutions is a natural un­
derpinning of our science and engineering nature. But is microphone array 
processing not too complex to be solved with optimal approaches? Should 
we not expect real breakthroughs to come from so-called robust solutions 
that are clearly sub-optimal for any given circumstance, but applicable in a 
relatively wide range of situations? Also is it not obvious that there will not 
be a single solution, but that we need quite different solutions depending on 
the target application(s)? These observations go hand in hand with one of 
the major problems that has faced microphone arrays since their debut: size 
and cost. A large size always seemed a must from the requirement of uniform 
broadband beamforming. Some of the first microphone arrays, especially the 
one constructed in the auditorium at Bell Labs, were magically impressive 
by their shear size and number of microphones. They were great fun as a 
research project. Also they resulted in functional solutions. At the same time 
the price of such systems seems exorbitant. Later on we saw many arrays on 
the order of, say, 1 meter. Any such design is still only applicable to a very 
limited number of applications such as conference rooms. In the majority 
of potential applications such a bulky design has no place. No industry has 
screamed more for tiny and low cost solutions than the hearing aid industry. 
Here spacing of a few cm are the maximum and processing power is an or-
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der of magnitude less than in desktop applications. In all these situations we 
should not be surprised about the small size and limited number of sensors 
(two) in human hearing. It is far from optimal, but it works. 

18.2 A Future Focused on Applications 

If we ask ourselves what will the future bring for microphone array processing, 
we must envisage a range of widely differing solutions of different sizes and 
costs. 

In the sequel I analyze the potential of the most important market seg­
ments and go looking for killer applications. If commercialization has not yet 
started, the question is of course what hampered commercial introduction 
and when, if ever, will we see usage of microphone arrays in each of these 
application fields. 

18.2.1 Automotive 

If any 'killer application' exists for microphone arrays, then it should be voice 
input in the car. It has all the right ingredients. Mobile telephony and speech 
recognition scream for hands-free voice input in a noisy environment. Signal­
to-noise ratios obtained by single microphones are just not sufficient. Thus 
microphone arrays seem the logical solution. There are extra features that 
should help. The speakers inside a car are not mobile and their position is 
reasonably constant from session to session. Ultimately, a market potential 
of tens of millions of units per year should be commercially convincing. All of 
this should be sufficient for successful uptake of microphone array technology, 
but is it? 

Today, penetration of microphone arrays in cars is minimal, except for 
a few top brands that are not all that noisy by themselves, and therefore 
have the least need for it. The major concern of car equipment manufac­
turers and car manufacturers alike is cost: multiple microphones, multiple 
wires, extra nsp power required, etc. Every cent in every component counts 
when putting a car together and microphone arrays have been judged as too 
expensive. Also, at least for the foreseeable future one should envisage that 
most microphones are mounted into existing cars, further complicating the 
story for arrays. 

Given this large cost concern I do not believe that large arrays spanning 
the entire car will ever be viable. On the contrary, the car is an ideal envi­
ronment for a microphone array that behaves like a traditional directional 
microphone but with a slightly steerable beam. Such an embedded array can 
be mounted as any regular microphone by not so specialized technicians. I 
do believe that the development of better microphones for usage inside the 
car will be a point of focus for microphone developers in the coming years. 
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18.2.2 Desktop 

Cost has been the stumbling block as well for desktop microphone arrays 
in conjunction with speech recognition in the PC environment. People just 
do not like it if you tell them that the accuracy of a $50 speech recognition 
software package will drastically improve if they buy a $150 microphone array 
to go with it. It is still unclear if we will ever overcome the cost hurdle in this 
case. It may just be a question of whether large enough volumes will ever be 
reached such that current prices can be lowered drastically. 

Microphone arrays for the desktop have just started to appear on the 
market. The reviews so far are ambiguous. In quiet environments they work 
as well as any headset worn. So if you do not want to be physically hooked 
up to your computer, this is the way to go the reviews say. At the same time 
the reviews will warn you that the existing commercial array microphones do 
not work well in considerable noise, and that one should not move around. 
Current reviews unanimously advise a wireless headset if one needs to move 
around a lot. 

It seems therefore that current commercial implementations only solve a 
small part of the problem. All of the designs rely primarily on fixed beam­
forming, most often with limited directionality adjustment. On top of this, 
some additional noise suppression may be used. The 'speech seeking' part 
seems to be insufficient in all of the produced arrays. Also the quality and 
speed of tracking is substandard. It just shows how great the robustness issue 
really is when bringing microphone array technology to consumer products. 

All in all there is reason for optimism, however. Desktop arrays are very 
pragmatic in their designs. These microphones are built for applications that 
use a PC screen or monitor, and they sit perfectly well on top of a monitor or 
attach to the front of it. Overall size is limited to about 20 cm, all computing 
is done inside the array, and the array connects to other equipment just as 
any other microphone would do. We have come a very long way to bring 
prices down enough such that a single enclosure with multiple elements, AID 
converters and a DSP can be made at prices competing with traditional high 
end microphones. And let us not forget that these are first generation devices 
and that volumes are still very small. 

Given some more time, I believe that there is hope that microphone arrays 
will capture a part of this market. Who knows, 5 years from now microphone 
arrays may be standard equipment on laptop and desktop computers. There 
is also a chicken and egg situation here. A wider usage of speech recognition 
would put more pressure on hardware manufactures to include higher end 
microphones, including arrays. On the other hand, one of the main hurdles 
in improving performance and subsequent acceptance of speech recognition 
is the low quality audio input on most systems today. 
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18.2.3 Hearing Aids 

Hearing aids form a market by themselves. Restrictions on size and compu­
tational power are an order of magnitude more stringent than in other areas, 
leading to substantially different designs. Array sizes of 5 to 20 cm have been 
used in experiments with hearing aids, but have overall been met with disap­
proval. Nevertheless, here we have also seen the introduction of a range of new 
multi-microphone based products in the last couple of years. Many of these 
products do not use classical arrays, but a combination of microphones with 
different characteristics, used as inputs to a noise suppression stage. Perhaps 
even more obvious than in the automotive or desktop case, the evolution is 
towards an adaptive speech seeking and noise suppressing microphone. The 
distinction here between microphone technology and array technology is not 
entirely clear (but that does not really matter). 

18.2.4 Teleconferencing 

Teleconferencing was for some time seem as one of the potential killer ap­
plications. But I think that this is no longer true. On the one hand, the 
expansion of the teleconferencing market seems to have come down to slow 
growth and we see nothing of the explosion that some had hoped for. There­
fore, the hope for a massive market does not seem justified. Acoustic echo 
cancellation is the crucial issue and it can not be solved by array process­
ing. When using arrays, as with any multi-microphone input, the problem 
becomes significantly worse. Special microphone designs, including radial ar­
rays, have been constructed and will continue to playa role in this market. 
Large wall mounted microphone arrays, however, are unlikely to find their 
way into teleconferencing rooms in any big way. 

18.2.5 Very Large Arrays 

Teleconferencing was one of the potential markets for large arrays. Another 
one is the virtual microphone in large auditoria. However, this can not be 
considered a booming market either. Design and manufacturing of these ar­
rays is costly and a large degree of optimization may be required from site 
to site, making the picture even worse. Hence large microphone arrays are 
doomed to remain a niche market. They will certainly survive in high profile 
demonstration projects, and as a research topic they will carryon for many 
years to come. Another (quite niche) market for very large arrays exists in 
the acoustic monitoring industry. 

18.2.6 The Signal Subspace Approach - An Alternative to 
Spatial Filtering ? 

Finally, we should ask ourselves the question if we should not look for al­
ternative solutions to plain spatial filtering. We may think in two directions: 
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blind signal separation and signal subspace approaches. These techniques do 
not require sensitive geometric information about the array layout but work 
with any configuration. 

These techniques should result in higher configuration robustness. But at 
the same time they are computationally very demanding and, while making 
fewer assumptions about the layout, they make in general more assumptions 
about the signals. Practical implementations have not appeared so far, but 
demonstration results are often impressive. So we should keep an eye open for 
these techniques. It is unlikely we will find them in products in the coming 
years, but in later generation array processing techniques, they may become 
the standard way to go. 

18.3 Final Remarks 

The near-term trend is in one direction: small arrays with few microphones 
and a high degree of robustness that behave as speech seeking, directional, 
and noise canceling microphones. Depending on the target application designs 
may vary from less than a 1 cm in diameter for the hearing aid market, over 
5 cm for the car, to a maximum of 20 cm for desktop. After all, human hearing 
does very well with two ears spaced about 20 cm apart. These designs will not 
reach maximal noise suppression in any theoretical sense. Their goal is clear: 
a few dB gain in signal-to-noise ratio across the board at a cost which is only 
marginally above that of other microphones. A market of several million units 
for such medium cost devices is realistic and therefore economically viable. 
Economic potential for large arrays is much more limited and will therefore 
remain a niche market. 
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