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Abstract

In this chapter, speech enhancement and echo cancellation for hands-free mobile telephony is 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 generalised sidelobe cancellers are
discussed as well as array gain optimisation methods. An in-situ calibrated
method which gives an over all improved performance is also presented. Algorithms such as LS and NLMS are used to ﬁnd optimal weights. The improved
performance using an LS-method is shown. This has however limitations in
realtime implementations because of the numerical complexity. By introducing subband processing these limitations can be avoided. The results show
a noise suppression of approximately 18 dB and hands-free loudspeaker suppression of the same order.
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Introduction, Hands-free Telephony in Cars

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 telephony
in cars is prohibited by legislation. The car manufacturers also prohibit 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 telephone should
be properly installed and an external antenna should be used. However, the
main reason is safety and convenience. By installing the microphone far away
from the talker, a number of disadvantages such as poor sound quality and
acoustic feedback of the far-end side, are obvious. This means that ﬁltering
is required to obtain a similar sound quality as for hand held telephony. This
ﬁltering operation must suppress the loudspeaker, as well as background noise
and room reverberation, without causing severe speech distortion. We will
present a number of suggested methods to attack this problem.
The same problems appear in some speech recognition contexts. There
has been a desire to replace many hand-controlled car functions with voice
controls. Such a study has been presented in [1], [2]. However this is outside
the main objective of this chapter.
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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, resulting
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. The room reverberation
suppression will not be critical in most standard automobiles though. In
trucks, buses, people movers and 4-WD with their larger coupes, we believe
it need to be considered. The measurements presented here are from a normal
sized station wagon. The acoustic channel is non-minimum phase and thus
quite hard to deconvolve [3]. In Aﬀes et.al. [3] and Flanagan et.al. [4] matched
ﬁltering was suggested as a method for reverberation suppression.
Speech enhancement in hands-free mobile telephony can be performed
using spectral subtraction [5], [6], [7], [8] or temporal ﬁltering such as Wiener
ﬁltering, noise cancellation and multi-microphone methods using a variety
of diﬀerent array techniques [9], [10] and [11]. Room reverberation is most
eﬀectively handled using array techniques or by proper microphone design
and placement. Acoustic feedback for hands-free mobile telephony is usually
addressed by conventional echo cancellation techniques [12], [13], [14], [15]
although subband echo cancellation has caught a lot of attention lately, see
for instance [15] and [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 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, improved
speech enhancement performance is achieved compared to single microphone
solutions. The microphone array technique also handles the acoustic feedback
in an eﬃcient way. The hands-free loudspeaker will represent a single source
even though it has been ﬁltered by the room. The main talker (driver) will
represent another single source which has been ﬁltered by the room. These
two sources will have diﬀerent locations and the echo-suppression level and
speech distortion will depend on how ”well apart” these two sources are
placed [17].
The outline of the chapter is as follows:
• Section 2, Optimum and Adaptive Beamforming are reviewed from a
hands-free mobile telephone, perspective;
1. Constrained Minimum Variance Beamforming and Generalised Sidelobe Canceller, GSC
2. In situ Calibrated Microphone Array
3. Optimal Near-ﬁeld Signal-to-Noise plus Interference Beamformer, SNIB
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• Section 3 , Practical and Implementation Issues of the Calibrated Microphone Array
1. Time domain implementations, SNIB, Least Squares and Normalised
LMS
2. Subband Implementations SNIB, LS and NLMS
3. Complexity Comparisons
• Section 4, Evaluation and examples
• Section 5, Summary and conclusions.
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Optimum and Adaptive Beamforming

The hands-free mobile telephony problem in an automobile is well suited for
optimum or adaptive beamforming. We have a user in a ﬁxed and known
location, relative to the array and enclosure. The geometrical array conﬁguration is known. It is further possible to place the loudspeaker in a position
which is suitable from a beamforming perspective. Adaptive antenna arrays
were suggested already in the 1960’s by Applebaum and Widrow, [18]. The
original idea was to apply the same technique for this application. It was not
a straight-forward task. Therefore several approaches have been suggested
[11], [19], [10] and [20].
The most common way to apply optimum or adaptive beamforming is
to use a constrained method. This type of methods relies on geometrical
constraints, where the location of the source is known either perfectly or
with some accuracy. This type of methods would require a calibration and
stable hardware (low temperature drift etc.). Thus, these type of methods
have been extended using diﬀerent robustness constraints [21], [22], [23] and
noise sub-space constraints [3]. There is also a possiblity to view the problem
as several multi-dimensional ﬁltering problems. These ﬁlters are combined
with a interference cancelling structure [10], [24] and [25].
3.1

Common signal modelling

In order to provide a consistent description we provide a simple signal model
which is general in the sense that microphone elements and sources with
any spectral content can be placed arbitrarily. The M diﬀerent point signal sources sm (t), m = 1, 2, . . . , M , with spectral densities Rsm sm (ω) are
assumed to be mutually uncorrelated, i.e. the cross power spectral density
Rsl sm (ω) is zero if l = m. All sources impinge on an array of N microphone
elements, corrupted with non-directional independent diﬀuse additive noise
ζ(t). The transfer function between source number m and array element number i is denoted Gm,i (ω) and it is either measured or modeled. In the model,
a spherical source in a free ﬁeld and homogeneous medium has been assumed.
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In the real world situation we only work on measured data. The microphone
element signals, xi (t) are
xi (t) =

M


sm (t) ∗ gm,i (t) + η(t) i = 1, 2, . . . , I,

(1)

m=1

where ∗ denotes convolution and I is the number of sensors in the array. This
means that each source signal is described as a point source and is ﬁltered
by an LTI system. By this assumption it is implied that the variations of the
acoustic channel are slow relative to the updating of the ﬁlters. In the sequel
all signals are assumed to be bandlimited and sampled.
3.2

Constrained Minimum Variance Beamforming and
Generalised Sidelobe Canceller, GSC

In minimum variance beamforming, the objective is to minimise the output
of a (broadband) array while maintaining a constant gain constraint towards
the desired source, in our case the talker of interest.
The output of the beamformer is given as
y(n) =

I


wH
i xi (n)

(2)

i=1

where the weight vector and input data vector both are of length L.
The expression to be minimised is the ”variance”, of the assumed zero
mean output, E(|y(n)|2 ) with respect to the ﬁlter weights
ryy (0) = E(|y(n)|2 ) = E(y(n)y H (n)) = wH E(x(n)xH (n))w

(3)

If we assume, without loss of generality, that point source number one is
the talker of interest, then the major task is to ﬁnd the constraint on the
weight vector such that ys1 (n) = s1 (t)|t=nT , i.e. the output is distortion free.
A natural way to do this is to express the minimisation in frequency domain
and include matched ﬁltering [3]. There will be high requirements of good
modelling or robust constraints, otherwise superresolution would cancel the
source [23], [10].
The Generalised Sidelobe Canceller, GSC can be viewed as a constrained
beamformer which has been converted to a non-constrained beamformer by
means of a blocking matrix. Thus, the problem has been separated into two
tasks, one is a ﬁxed beamforming design that determines the response for
the desired source and the preceeding design of a matrix ﬁlter that blocks
the desired source from entering. In its simplest case, which corresponds
to free ﬁeld, far ﬁeld and a perfectly calibrated array this will be a point
constraint [26], [27]. In the case of a near ﬁeld situation and a reverberant
room special measures must be taken. Since the original form only provides a
point constraint it will be sensitive to calibration errors and direction errors
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[23], [22]. Thus a number of methods has been proposed which are more
suitable in microphone array applications [27], [28], [21], [10], [29].
The GSC, see Figure 1, consists of two main parts, one upper ﬁxed beamformer, and a blocking matrix with a subsequent interference canceller. The
critical part is the input to the interference canceller, which should contain
only undesired signals in order to avoid cancellation of the desired signal.

Fig. 1. Generalised Sidelobe Canceller structure.

The input signal vector x(n) will be ﬁltered by the upper beamformer, a,
forming a beam towards the speaker, and creating an output yd (n),
yd (n) = aH x(n).

(4)

This beamforming ﬁlter consists of, is in its simplest form, 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 canceller should contain only undesired signals, (and some injected noise)
zk (n) = bTk x(n)

( + ηk (n)).

(5)

When designing the lower beamformers bk (which implements the signal
blocking matrix), the requirement is that the desired signal should be blocked
totally. This is not practically feasible. To do so one needs to know the transfer
function from the desired source to the input of the lower beamformers with
extremely good accuracy. By choosing to loosen up the requirements and
view the problem as a ﬁlter design problem where the desired signal should
be suppressed below a certain level determined by an artiﬁcial injected noise
level, ηk , one may overcome such problems, [10]. This injected noise is not
really present, it is only injected in the ﬁlter weight updating algorithm used
in the adaptive implementation of the interference canceller. The desired
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signal will not be picked up and cancelled by the interference canceller as
long as the injected noise dominates over the desired signal. This is valid also
in a background noise free case, [25].
Another approach would be to use a subspace technique such as suggested by Aﬀes et al. [3]. This method requires several adaptive steps and
also a VAD (Voice Activity Detector). The speech distortion will be related
to how well the transfer functions G1i (ω), from the desired source to each
microphone element, is 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
(G11 (ω), G12 (ω), . . . , G1N (ω)). This means that, as long as this orthogonality is kept, no target signal will leak through. This is provided that a good
estimate of the transfer function vector is used and that the source can be
represented by a point source and the conditions are time invariant.
Experience using the GSC have shown that it provides a very good suppression of back ground noise but it is very hard to control the signal distortion and also the calibration for a combined array has been diﬃcult, [10].
Another experience reached from the implementation showed the importance
of using a precise Voice Activity Detector. The interference canceller is very
eﬀective to exploit correlation also with the target and thus adjusting its
weights to suppress or heavily distort the desired signal. A combination of
VAD and leaky LMS was used in the implementation [10] to give a reasonable
result. But still it was hard to obtain satisfactory results in long term tests in
a car, i.e. over a few days of measurements using an initial calibration. There
was still a need to have a very simple in-situ calibration.
3.3

In situ Calibrated Microphone Array, ICMA

The basic idea when developing this scheme for microphone arrays was to
ﬁnd a less sensitive but still eﬀective microphone array, as compared to the
GSC. A way to achieve this is to record calibration sequences through the actual system in the real situation, with all its imperfections. These calibration
sequences contains information of 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 next
requirement is that the adaptive system, as such, should not suppress signals
closer to the calibration point, i.e it should have low sensitivity to perturbation errors and avoid superresolution. This can be included by moving the
source (spatial dithering) around the nominal point during calibration or exploiting temporal dithering in the A/D converters. The calibration sequences
are recorded from both the jammer position(s) and the target position when
no car noise is present. These signals are stored in memory for 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
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to average and weigh interesting frequency bands, microphones and spatial
points. The methodology does not rely on any geometric a priori information
or array element similarities with accurate positioning. We obtain a system
that is tailored for the actual situation. The array has been studied from a
theoretical perspective [17] and from implementation perspectives [30], [31]
and [32]. The ICMA uses a MMSE optimisation that is approximated by
either an NLMS implementation [30], [31] or an LS solution [33]. An LS or
RLS solution becomes practical when using a subband implementation. The
ICMA design can be viewed as an MMSE beamformer where we have access
to undesired noise and the desired speech signal, separately.
3.4

Time Domain Minimum Mean Square Error Solution

Assume that the input to the beamformer consists of a sum of known calibration sequence observations, si (n), i = 1 . . . I, sent out from the position
of interest, and noise-plus-interference signals, xi (n), i = 1 . . . I, consisting of
the actual environment signal observations, then the time domain the objective can be formulated as


(6)
wopt = arg min E (y(n) − si (n))2
w

where the output, y(n), from the beamformer is given by
y(n) =

I


wiH [xi (n) + si (n)] .

(7)

i=1

The desired signal is chosen as a single calibration array sensor observation,
si (n), or a separate reference microphone signal, chosen as the reference sensor. In theory the true source signal, s(n), would be desirable to use instead
of a sensor observation, but the true source signal is simply not accessible
in a noise car. The optimal weights which minimizes the mean square error
between the output and the reference signal are found by, [34]
−1

wopt = [Rss + Rnn ]

where Rss is deﬁned as

Rs1 s1 Rs1 s2
 Rs2 s1 Rs2 s2

Rss =  .
..
 ..
.
RsI s1 RsI s2
where

Rsi sj



rs .

(8)


. . . Rs1 sI
. . . Rs2 sI 

. 
..
. .. 
. . . RsI sI

rsi sj (0)
rsi sj (1)
 rs∗i sj (1)
rsi sj (0)

=
..
..

.
.
rs∗i sj (L − 1) rs∗i sj (L − 2)

(9)


. . . rsi sj (L − 1)
. . . rsi sj (L − 2) 


..
..

.
.
. . . rsi sj (0)

(10)
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and
k = 0, 1, · · · , L − 1

rsi sj (k) = E{si (n)sj (n + k)}

(11)

and E(·), is the expectation operator. The correlation matrix Rnn , is deﬁned in the same way, consisting of correlation estimates of all noise plus
interference signals. The ﬁlter weights w, are arranged according to
wT = [w1T w2T . . . wIT ]

(12)

where
wiT = [wi (0) wi (1) . . . wi (L − 1)]

i = 1, 2, · · · , I.

(13)

The cross correlation vector, rs , is deﬁned as
rs = [r1

r2

...

rI ]

ri (1)

...

(14)

with
ri = [ri (0)

ri (L − 1)]

i = 1, 2, · · · , I

(15)

with each element as
ri (k) = E[si (n)sr (n + k)]
i = 1, 2, · · · , I,
3.5

(16)

r ∈ [1, 2, · · · , I] ,

k = 0, 1, · · · , L − 1.

Frequency Domain Minimum Mean Square Error Solution

The formulation of the minimum mean square error beamformer can be expressed for separate bands of frequencies individually. The weights that minimises the mean square error for all frequency bands, is the optimal beamformer that minimises the total mean square error, provided that the diﬀerent
frequency bands are essentially independent and that the full-band signal can
be represented accurately. In the frequency domain the objective can be formulated similarly as for the time domain, for each frequency band with center
frequency, f , the objective will be
(f )

)
2
E |y (f ) (n) − s(f
r (n)|

wopt = arg min
w(f )

(17)

where the output, y (f ) (n), from the beamformer is given by
y (f ) (n) =

I


(f )

wi

(f )

(f )

xi (n) + si (n)

(18)

i=1
(f )

where I denotes the number of sensors in the array and the signals, xi (n),
(f )
si (n) and, y (f ) (n), are time domain signals but they are narrow band,
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containing essentially only components with frequency, f . The single sensor observation, sr (n)(f ) , is again one of the microphone observations for
frequency f , 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, is found by
(f )

)
(f )
wopt = R(f
ss + Rnn

−1

)
r(f
s .

(19)

where
H

)
(f )
(n)s(f ) (n) }
R(f
ss = E{s

where

H

(20)

denotes hermitian transpose and
(f )

s(f ) (n) = s1 (n)

(f )

s2 (n)

···

(f )

sI (n)

T

(21)

(f )

where each signal, si (n), i = 1, 2, · · · , I, are the I:th microphone observation containing essentially only frequency, f , when only the source signal
(f )
of interest is active. The correlation matrix Rnn is deﬁned in the same way
where each microphone observation consists of only noise- plus interference
(f )
signals. The cross correlation vector, rs , is deﬁned as
(f )

)
r(f
s = [r1

(f )

r2

...

(f )

rI ]

(22)

with each element as
(f )

ri

(f )

)
= E[si (n)s(f
r (n)]

i = 1, 2, · · · , I,

(23)

r ∈ [1, 2, · · · , I] .

The frequency domain weights for frequency f , w(f ) , are deﬁned as complex
valued vectors of dimension I.
3.6

Optimal Near-ﬁeld Signal-to-Noise plus Interference
Beamformer, (SNIB)

The output signal-to-noise plus interference power ratio (SNIR) is deﬁned as
Q=

average signal output power
average noise-plus-interference output power

(24)

and the beamformer which maximizes the ratio, Q, is the optimal Signal-toNoise plus Interference Beamformer, (SNIB). We need to express the mean
signal output power as a function of the ﬁlter weights in the beamformer,
and ﬁnd the optimal weights, which maximizes Q.
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Time Domain Formulation The power of the beamformer output when
only the signal of interest, s(n), is active, is given by the zero lag of the
autocorrelation function, rys ys (0), as
rys ys (0) = wH Rss w

(25)

The matrix, Rss , is deﬁned in Eq. (9). The weights, w, are arranged in the
same way as in Eq. (12) and (13).
In the same way one may write an expression for the noise-plus-interference
power, ryn yn (0), when all the surrounding noise sources are active, but the
source signal of interest is inactive, as
ryn yn (0) = wH Rnn w.

(26)

Now, the optimal weights are found by maximizing a ratio of two quadratic
forms, according to
wopt = arg max
w

wH Rss w
wH Rnn w

.

(27)

Frequency Domain Formulation The formulation of the optimal signalto-noise plus interference beamformer can be done for each frequency individually. The weights that maximizes the quadratic ratios for all frequencies,
is the optimal beamformer that maximizes the total output power ratio, provided that we have independence between the subband signals.
For frequency, f , the quadratic ratio between the output signal power,
and the output noise-plus-interference power is


H (f )
w(f ) Rss w(f )
(f )
(28)
wopt = arg max
H (f )
w(f )
w(f ) Rnn w(f )
(f )

(f )

where the matrices, Rss and Rnn , are deﬁned as in Eq. (20). The weights,
w(f ) , are deﬁned as complex valued vectors of dimension I.

4

Subband Implementation of the Microphone array

By using a LS solution instead of NLMS much improvement in noise suppression as well as echo suppression will be obtained, [33]. It is however not very
practical to use an LS criterion for a full-band problem since the size of the
problem will be to large. Subband frequency transformations is an eﬃcient
way to make it possible to use second order methods (such as RLS), while
keeping the computational complexity low, see ﬁgure 2. The algorithms in
the frequency domain have the least square objective function, as described
in Eq. (29).
In this study we use an uniform DFT analysis-synthesis ﬁlterbank, [35].
The ﬁlter-bank is used to decompose the full-rate sampled signals, xi (n),
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Fig. 2. Subband Beamforming structure.

into K subband signals [36]. The subbands are created in such a way that a
prototype ﬁlter with a low-pass characteristic, also forms the response from
the k-th subband to have the same response as the prototype ﬁlter, although
centered at the frequency 2πk
K . In this way the set of K subbands will cover
the whole 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 (STFT) when the prototype
ﬁlter is chosen as a simple, uniform moving average.
Each subband signal is ﬁltered by the corresponding subband ﬁlter, followed by decimation. The subbands operate at lower sample rate due to
the decimation, which makes way for a polyphase implementation, giving
this structure approximately the same computational complexity as for the
STFT, [35].
4.1

Description of LS Subband Beamforming

The MMSE beamforming scheme formulated in Eq. (17), needs to be reformulated into time domain. This can be done using an LS formulation where
index k indicates the subband number
N −1


(k)
2
wls,opt (N ) = arg min
|y (k) (n) − s(k)
(29)
r (n)|
w(k)

n=0

where N is the number of data, and where y (k) (n) is given by Eq. (18), where
the frequency is, f = 2πk/K, and K is the total number of subbands. The
(k)
reference source signal information sr (n) is not directly available, but a calibration sequence gathered in a quiet environment can be used instead. This
calibration signal will contain the temporal and spatial information on the
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source. Since the pre-recorded source signal information sr (n) is indepen(k)
dent of the actual data xi (n), at least for large N , the LS problem can be
separated into two parts,
N −1


H
H
(k)
2
(k)
x(k) (n)|2 (30)
wls,opt (N ) = arg min
|w(k) s(k) (n) − s(k)
r (n)| + |w
w(k)

n=0

where most of the ﬁrst part can be precalculated. Calculating the sum yields

H
(k)
(k)
(k)
−
wls,opt (N ) = arg min w(k) R̂(k)
ss (N ) + R̂xx (N ) w
w(k)

H
(k)H
(31)
w(k) r̂(k)
(N )w(k) + r̂s(k)
s (N ) − r̂s
r
where the source correlation estimates, can be precalculated in the calibration
phase as
N −1
H
(k)
R̂ss (N ) = N1 n=0 s(k) (n)s(k) (n)
(32)
N −1 (k)
(k)
(k) H
1
(n)
r̂s (N ) = N n=0 s (n)sr
where
(k)

s(k) (N ) = [s1 (n),

(k)

s2 (n),

···

(k)

sI (n)]T

are microphone data when the source signal is active alone. The least squares
minimization of Eq (31) is found by
(k)

(k)
wls,opt (N ) = R̂(k)
ss (N ) + R̂xx (N )

−1

r̂(k)
s (N )

(33)

where
R̂(k)
xx (N ) =

N −1
H
1  (k)
x (n)x(k) (n)
N n=0

(34)

is the observed data correlation matrix estimate. This means that we can use
an estimate of the calibration data as a part of the solution.

5

Multi resolution time-frequency Adaptive
Beamformer

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. In other words, the number of subbands are proportional
to the length of the equivalent time domain ﬁlters, and the more subbands
we choose, the more degrees of freedom we will have in the beamformer.
The number of subbands is also related to the delay caused by the frequency
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transformations since a larger number of subbands requires a longer prototype
ﬁlter, which in its turn will cause a larger delay.
The algorithm can easily be extended to a combination of time- and
frequency- domain representation. Each subband signal can be seen as a time
domain signal, sampled at a reduced sample rate, containing only frequencies
in that subband. By applying the time domain algorithm in each subband,
the degrees of freedom for the ﬁlters are increased while the number of subbands may be constant. The lengths of the subband ﬁlters may diﬀer between
the subbands, and a multi resolution subband identiﬁcation is obtained.
5.1

Memory Saving and Improvements

The proposed beamformer consists of two phases; the source signal information gathering phase and the operation phase. The information about the
source signal is simply gathered by placing correlation matrix estimates of
(k)
the source signal, without any disturbing sources present, R̂ss , into a memory. This is done simultaneously for all frequencies by the decomposition of
each microphone signal into number K subbands, and calculating the correlation estimates. When there are other known disturbing sources, for instance,
hands-free loudspeakers, which have a ﬁxed location in relation to the microphones and the enclosure, correlation estimates from these signals are added
(k)
to the memorized matrices. An estimate of the cross correlation vector, r̂s ,
for each frequency is also placed in memory. The number of parameters, P ,
we need to store in memory for the the full-band time domain solution when
the length of the full-band FIR ﬁlters is L, is given by
P time = [IL(IL + 2)]2
where I is the number of microphone channels. In the frequency domain
representation the number of parameters needed is
P f req = K[I

L L
(I + 2)]2
K K

where index K is the number of subbands. As an example, Fig. (3), shows
the ratio of the number of parameters needed between the time- and the
frequency- domain implementations for diﬀerent lengths of the full-band time
domain ﬁlters, when the number of subbands are K = 16, 32, 64, 128, 256, 512.
The number of channels is I = 6. Even for moderate ﬁlter lengths, the size of
the memory is reduced substantially for the frequency domain implementation. The number of multiplications is proportional to the number of stored
parameters and the relation for the computational cost between the time
domain and the frequency domain implementations are the same as in Fig.
(3).
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Fig. 3. The ratio P time /P f req for ﬁlter lengths L varying from 4 to 1024, and the
number of subbands, K, is varying from 16 to 512. The number of channels is I = 6.

6
6.1

Evaluation and Examples
Car Environment

The performance evaluation of the beamformer was made in a hands-free
situation where a six sensor microphone array was mounted on the visor at
the passenger side. The measurements were performed in a Volvo station
wagon. Data was gathered on a multichannel DAT-recorder with a sample
rate of 12 kHz, and with a 300-3400 Hz bandwidth. In order to facilitate
simultaneous driving and recording, an artiﬁcial talker was mounted in the
passenger seat to simulate a real person leading 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 serves
as the desired sound source calibration signal in all the following simulations.
Interference signals were recorded by emitting an independent sequence of
white noise, from the hands-free loudspeaker alone, within the bandwidth.
This recording serves as the point source interference calibration signal in
the following simulations and is referred to as the echo signal. In order to
gather background noise signals, the car was driving at a speed of 110 km/h
on a paved road. The car cabin noise environment consists of a number of
disturbing sound sources, most of them with a broad spectral content, for
example wind- and tire- friction. Recordings with real speech signals, from
both the artiﬁcial talker and the hands-free loudspeaker, were recorded both
individually and while driving. These recordings serve as the beamformer
evaluation signals and all performance measures, presented in sec. 6.5, are
based on these real speech recordings.

Optimal and Adaptive Microphone Arrays

6.2

15

Microphone conﬁgurations

The microphones used in the evaluation were high quality Sennheiser microphones, and six of them were mounted ﬂat on the visor. The distance between
the speaker’s position and the microphone array was 350 mm, and the position was perpendicular to the array axis at the center point. The mounting
of the six element linear array can be seen in Fig. 4. The spacing between
adjacent elements in the array was 50 mm.
M ic.# 6
↓
•

5
↓
•

4
↓
•
↑
Ref.

3
↓
•

2
↓
•

1
↓
•

Fig. 4. Microphone array geometry. Distance between adjacent microphones is
50 mm.

6.3

Performance Measures

The objective for the beamformer are in fact two, to minimize the distortion
caused by the beamforming ﬁlters (measured by the deviation between the
beamformer output and the source signal), and to maximize the noise- and
interference- suppression. In order to measure the performance we introduce
the normalized distortion quantity, D, as
 π
1
|Cd P̂ys (w) − P̂xs (w)|dw
(35)
D=
2π −π
where w = 2πf , and f is the normalized frequency. The constant, Cd , is
deﬁned as
π
P̂xs (w)dw
Cd = −π
(36)
π
P̂ (w)dw
−π ys
where P̂xs (w), is a spectral power estimate of a single sensor observation
and, P̂ys (w) is the spectral power estimate of the beamformer output, when
the source signal is active alone. The constant Cd normalizes the mean output spectral power to that of the single sensor spectral power. The single
sensor observation is chosen as the reference microphone observation, i.e. microphone no. 4 in the array. The measure of distortion in Eq. (35), is the
mean output spectral power deviation from the observed single sensor spectral power. Ideally, the distortion is zero.
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In order to measure the noise suppression we introduce the normalized
noise suppression quantity, SN , as
π
P̂yN (w)dw
(37)
SN = Cs −π
π
P̂ (w)dw
−π xN
and the normalized interference suppression quantity, SI , as
π
P̂yI (w)dw
SI = Cs −π
π
P̂ (w)dw
−π xI

(38)

where
Cs =

1
Cd

(39)

and where, P̂yN (w) and P̂xN (w) are spectral power estimates of the beamformer output and the reference sensor observation, respectively, when the
surrounding noise is active alone. In the same manner P̂yI (w) and P̂xI (w)
are spectral power estimates when the interference signal/signals are active
alone. Both the noise- and the interference- suppression measures are normalized to the ampliﬁcation/attenuation caused by the beamformer to the
reference sensor observation when the source signal is active alone, i.e. when
the beamformer attenuates the source signal by a speciﬁc amount, the noiseand interference- suppression quantities are reduced with the same amount.
6.4

Spectral Performance Measures

In order to evaluate the performance for each frequency individually, we extend the deﬁnitions of the normalized suppression measures by omitting the
integration in the quantities as
SN (w) =

Cs P̂yN (w)
P̂xN (w)

(40)

and
SI (w) =

Cs P̂yI (w)
P̂xI (w)

(41)

where the deﬁnition of Cs , is the same as in Eq. (39), and the power spectral
estimates are the same as in Eq. (37) and (38).
The implementation of the above measures are practically made with
spectral estimations by Welch’s averaged periodogram method with nonoverlapping Hanning windows of length 256. The integrals are approximated
by discrete summation of the periodograms. All measures are calculated from
the time domain signals, which means that distortion created by the frequency transformations are also taken into account.

Optimal and Adaptive Microphone Arrays

6.5

17

Evaluation on car data

In the evaluation, white noise calibration signals have been used which are
emitted individually from the artiﬁcial talker and the hands-free loudspeaker,
as the source- and the interference- calibration signals, respectively. Together
with car cabin noise signals, gathered at a speciﬁc time instant, t, we form
the calibration input sequence, from which all optimal beamformer weights
are found. The duration of these signals were 8 seconds.
In order to evaluate the optimal beamformers, we create input signals by
emitting independent speech signals from the artiﬁcial talker and the handsfree loudspeaker, and record the microphone observations with car cabin noise
taken at time instant t + 8 sec. The beamformer output is created by ﬁltering
the inputs with ﬁxed ﬁlter weights, found from the calibration sequences.
In the time domain implementations, the FIR ﬁlter length is chosen as L =
256. For the frequency domain implemenations we chose the total number
of subbands as K = 64, and by setting the prototype ﬁlter length in the
ﬁlterbank to 256 we will obtain the same ﬁlter order as for the corresponding
time domain ﬁlters. This comes from the fact that the number of time domain
lags used in the frequency transformation equals the prototype ﬁlter length.
6.6

Evaluation Results

Performance measures of the distortion and the noise- and interference- quantities, as described in section 6.3, are presented in Table 1. The numbers are
in dB and it can be seen that the optimal SNIB beamformers have better
suppression levels of both noise- and interference- when compared to the
LS beamformers. On the other hand the LS beamformers have much lower
mean distortion caused by the beamformer to the input source signals. It can
also be seen that the subband LS beamformer has performance closer to the
full-band LS solution as the number of subband weights are increased.
Corresponding evaluation ﬁgures are presented for the least squares evaluations. The evaluations are presented according to the following:
• Short time power estimates
Figure 5 begins with a time sequence of the single reference microphone
observation without any processing, followed by the beamformer output
signal for the same sequence, using the time domain least squares beamformer. Source speech, hands-free interference and car cabin noise are all
active simultaneously. The following settings and notations are used:
– Near-end speech, coming from the location of interest is denoted
“Speech Male/Female”.
– Far-end speech echo, i.e. interfering hands-free loudspeaker, is denoted “Echo Male/Female”.
– The sequence is of 16 seconds duration.
– The signal is within a bandwidth of 3.1 kHz.
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Table 1. Performance measures for beamformer output in relation to the reference
sensor input, when each signal component, speech-, noise- and echo- components
are active individually.
Performance [dB]
Time domain
Time domain SNIB
Time domain NLMS
Time domain LS
Frequency domain
SNIB
NLMS 1-tap
NLMS 2-tap
NLMS 3-tap
NLMS 4-tap
NLMS 5-tap
NLMS 6-tap
LS 1-tap
LS 2-tap
LS 3-tap
LS 4-tap
LS 5-tap
LS 6-tap

D

SN

SI

-19.4 18.1 30.7
-24.9 4.04 3.78
-30.6 15.2 17.2
-19.8
-21.1
-20.9
-20.8
-20.7
-20.7
-24.8
-28.6
-28.8
-30.0
-30.4
-30.5
-30.7

18.0
8.68
7.95
7.45
7.19
7.11
7.05
12.9
13.4
13.8
14.2
14.3
14.3

23.7
5.00
5.55
4.96
4.68
4.54
4.45
13.6
14.4
15.2
15.4
15.7
15.8

– The sampling rate is 12 kHz.
– The result is presented as short time (20 ms) power estimate in dB.
• Spectral performance measures of noise- and interference- suppression
Figures 6 and 7 show spectral estimate 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. This corresponds to the numerator and the denominator of
Eq. (40) and (41), respectively. The ﬁgures use the following convention:
– The frequency axes are in logarithmic scale.
– The spectral power is given in dB.
– The sampling rate is 12 kHz.
– The signals are within a bandwidth of 3.1 kHz.

7

Summary and Conclusions

A number of optimal beamformers based on diﬀerent error criteria has been
studied, both in the time- and in the frequency- domain. We have evaluated
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Fig. 5. Short time (20 ms) power estimates of unprocessed single microphone observation followed by the time domain least squares beamformer output signal.

the beamformers in a real environment, a car hands-free telephony situation.
Simulations on real speech signals sampled by a linear microphone array
show that noise reduction of 18 dB and echo suppression of 30 dB can be
achieved, simultaneously. This is achieved by the optimal signal-to-noise plus
interference beamformer in the time domain. With the least square time domain implementation noise suppression of 15 dB and hands-free suppression
of 17 dB can be achieved. The least squares implementation yields ten times
less distortion, as compared to the optimal signal-to-noise plus interference
beamformer.
The frequency domain implementations show similar relation between
the optimal beamfomers. A better suppression is achieved with the optimal
signal-to-noise plus interference beamformer, while the distortion is much
higher, than for the least squares implementations.
The subband least square beamformer evaluation show that the performance on the real speech recordings is very close to the optimal time domain least squares beamformer. The noise- and echo- suppression is 14 dB
and 16 dB, respectively, while the computational complexity is substantially
reduced, and may therefore be implemented in real time processors. The dis-
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Fig. 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.

tortion 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 by 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 encouraging results. Source tracking is implicitly possible since a calibration sequence
is unnecessary, and the objective function is made invariant to source movements.
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