
Optimal and Adaptive Subband
Beamforming

Principles and Applications

Nedelko Grbić
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Preface

This doctoral thesis summarizes my work in the field of array signal processing.
Frequency domain processing comprise a significant part of the material. The work
is mainly aimed at speech enhancement in communication systems such as confer-
ence telephony and handsfree mobile telephony. The work has been carried out at
Department of Telecommunications and Signal Processing at Blekinge Institute of
Technology. Some of the work has been conducted in collaboration with Ericsson
Mobile Communications and Australian Telecommunications Research Institute.
The thesis consists of seven stand alone parts:

Part I Optimal and Adaptive Beamforming for Speech Signals

Part II Structures and Performance Limits in Subband Beamforming

Part III Blind Signal Separation using Overcomplete Subband Representation

Part IV Neural Network based Adaptive Microphone Array System for Speech
Enhancement

Part V Design of Oversampled Uniform DFT Filter Banks with Delay Specifica-
tion using Quadratic Optimization

Part VI Design of Oversampled Uniform DFT Filter Banks with Reduced Inband
Aliasing and Delay Constraints

Part VII A New Pilot-Signal based Space-Time Adaptive Algorithm
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N. Grbić, S. Nordholm, I. Claesson, “Optimal and Adaptive Beamforming for
Speech Signals in a mixture of Spatially Coherent and Incoherent Noise Fields,”
submitted to IEEE transactions on Speech and Audio Processing, Apr. 2001.
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a∗ complex conjugation of a
A+ pseudo-inverse of A, i.e. A+ = (AHA)−1AH , if (AHA)−1 exists
� convolution operator
ŝ estimate of s
λ wavelength
τ time delay
θ direction of wave propagation
σs signal power
σv noise power
a(θ) array manifold vector for direction θ
c speed of wave propagation in m/s
d point source index, range d = 1, 2, · · · ,D
dij distance between sensor i and j
κ wave number, i.e. κ = 2π/λ
f normalized frequency of operation
ω normalized angular frequency of operation
fs sampling frequency
H Hermitian transpose operator
k subband index, range k = 0, 1, · · · ,K − 1
j

√−1
n discrete-time index
i microphone/sensor index, range i = 1, 2, · · · , I
I number of microphones/sensors in the array
qp eigenvector with index p
Q matrix of eigenvectors, i.e. Q = [q1,q2, · · ·]
γp eigenvalue with index p
Rss source covariance matrix
rsisj

source covariance vector between element i and element j
Rnn noise covariance matrix
rninj

noise covariance vector between element i and element j
Rxx data covariance matrix
rxixj

data covariance vector between element i and element j
I the identity matrix
sd [n] the dth source signal at time n
s [n] vector of source signals at time n
T transpose operator
vi [n] noise signal received at i-th microphone at time n
n [n] noise vector received at array at time n
wi [n] weight applied to the i-th microphone at time-lag n

w
(f)
i [n] weight applied to the i-th microphone at time-lag n for frequency f

w
(k)
i [n] weight applied to the i-th microphone at time-lag n in subband k

w [n] stacked array weights applied to the array data at time n
w(f) [n] stacked array weights applied to the array data at time n for frequency f
w(k) [n] stacked array weights applied to the array data at time n in subband k
xi [n] data received at i-th microphone at time n
x [n] stacked array data received at array at time n

x
(f)
i [n] data received at i-th microphone at time n for frequency f

x(k) [n] stacked array data received at array at time n in subband k
y [n] array output at time n
y(f) [n] array output at time n for frequency f
y(k) [n] array output at time n in subband k
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Introduction

PART I - Optimal and Adaptive Beamforming for

Speech Signals

The increased use of personal communication devices, personal computers and
wireless cellular telephones enables the development of new inter-personal commu-
nication systems. The merge between computers and telephony technologies brings
up the demand for convenient hands-free communications. In such systems the user
wish to lead a conversation in much the same way as in a normal person-to-person
conversation. The advantages of hands-free telephones are safety, convenience and
greater flexibility. 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.

For automobile applications, there has also been the desire to replace some
hand-controlled functions with voice controls. The signal degradations in this con-
text have many similarities to those encountered in distant-talker speech recog-
nition applications. A study of recognition in car environments was presented
in [1, 2]. However, this topic is beyond the primary goal here.

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 intro-
duced. These disturbances, resulting in substantial speech distortion, are mainly
caused by room reverberation and noise. Furthermore, acoustic feedback generated
at the near-end side is a problem for the far-end side talker, who will hear his or
her voice echoed with 100-200 ms delay, making speech conversation substantially
more difficult. Digital filtering may be used to obtain a similar sound quality as
for hand held telephony. 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 cancellation of the hands-free loudspeaker. The
filtering operation must perform the above mentioned tasks without causing severe
near-end speech distortion. A number of potential methods have earlier been pre-
sented to address this problem and a brief overview of some of them will be given
here.

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 and
results presented here are made in a normal-sized station wagon. The acoustic
channel is in general non-minimum phase and thus quite hard to deconvolve [3].
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Matched filtering approaches which do not require explicit channel deconvolution [3,
4] and several other methods are available for reverberation suppression under more
adverse conditions.

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 tech-
niques [9, 10, 11]. Room reverberation in this context is most effectively handled
with 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
become popular lately, see for instance [15, 16].

A properly designed broad-band microphone array is able to perform all the
given tasks, i.e. speech enhancement, echo cancellation and reverberation suppres-
sion, in a concise and effective manner. This is due to the fact that the spatial
domain may be utilized as well as the temporal domain. A combined spatial and
temporal processing will lead to an efficient solution. Hence, improved speech en-
hancement performance is achieved compared to single microphone solutions. The
microphone array technique also makes it possible to handle the acoustic feed-
back in an efficient way. The hands-free loudspeaker represents a single source,
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 practically have different locations and the echo suppression level and speech
distortion will depend on how “well apart” these two sources are placed [17].

Optimum and Adaptive Beamforming

The hands-free mobile telephony problem in an automobile is well suited for opti-
mum or adaptive beamforming. The user is in a fixed and known location relative to
the array and enclosure. The geometrical array configuration is in general 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 di-
rect adoption of adaptive antenna array methods, which have been used since the
1960’s [18]. However, this proved not to be a straightforward task and it required
the development of approaches specific to the environment, e.g. [10, 11, 19, 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
high accuracy. In general they require some kind of sensor calibration and stable
hardware (e.g. to avoid temperature drift). The algorithms may be extended using
different robustness constraints [21, 22, 23] and noise sub-space constraints [3]. The
problem may also be viewed as several multi-dimensional filtering problems. These
filters can be combined with an interference cancelling structure [10, 24, 25].
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Common Signal Modeling

In order to provide a consistent description it will be useful to introduce a simple
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

(ω) are assumed to be
mutually uncorrelated, i.e. the cross power spectral density Rsdse(ω) is zero if d �= e.
All sources impinge on an array of I microphone elements, corrupted with non-
directional independent diffuse additive noise v(t). The transfer function between
source d and array element i is denoted Gd,i(ω) and it may be either measured or
modeled. In this model, a spherical source in a free-field and homogeneous medium
is assumed. In a real world situation with measured data such an assumption may
be inaccurate. The signal received at the i-th microphone element, xi(t), is

xi(t) =
D∑

d=1

sd(t) � gd,i(t) + v(t) i = 1, 2, · · · , I (1)

where � denotes convolution. Each source signal is treated as a point source filtered
by an LTI system. An implication of these assumptions is that variations in the
acoustic channel are slow relative to the filter update rate. In the sequel all signals
are assumed to be properly bandlimited and sampled with a discrete-time index n.

Constrained Minimum Variance Beamforming and the Generalized Side-
lobe Canceller (GSC)

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

y[n] =
I∑

i=1

wH
i xi[n] (2)

where the weight vector, wi, and input data vector, xi[n], both are of length L.
The expression to be minimized is the “variance” of the assumed zero-mean

output, E(|y[n]|2), with respect to the filter weights given by

ryy[0] = E(y[n]yH [n]) =
∑I

i=1 w
H
i E(xi[n]x

H
i [n])wi. (3)

If it is assumed, 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 y[n] = cs1(t−D)|t=nT where c is a scale factor and D is a delay, 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
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Figure 1: Structure of the Generalized Sidelobe Canceller.

super-resolution will cancel the source [10, 23]. The super-resolution phenomena
can be solved by introducing a speech detector, which simply turns off the adapta-
tion in time periods where the source is active. This solution have several problems;
first, the adaptation time is reduced since only intervals between active source pe-
riods may be used for adaptation. Second, speech detection normally bases its
decision on the noisy signals and this will obviously reduce performance. It is also
possible to add an artificial noise term into the algorithm in order to reduce the
effect of super-resolution, as explained next.

The Generalized 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 is separated into two tasks; the design of
a fixed beamformer to determine the response for the desired source and a filter
matrix that blocks the desired source. In the simplest 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 original form of the GSC only provides for a point
constraint and is excessively sensitive to calibration and direction errors [22, 23].
A number of methods have been proposed which are more suitable for microphone
array applications [10, 21, 27, 28, 29]. Details of one appropriate GSC implemen-
tation will now be presented.

The GSC structure shown in figure 1 consists of two main parts; an upper
fixed beamformer and a blocking matrix with subsequent interference cancellers.
In order to avoid attenuation of the desired signal it is critical that the input to
these interference cancellers contain only undesired signals.

The input signal vector, x[n], is filtered by the upper beamformer, a, steering
a beam towards the talker of interest and creating an output yd[n],

yd[n] = aHx[n]. (4)

In its simplest form, this beamforming filter consists of a vector of ones. More
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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 cancellers contains only undesired signals, (and possibly
some injected noise)

zm[n] = bT
mx[n] ( + ηm[n]). (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 beamformers 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 cer-
tain level determined by an artificial injected noise level, ηm[n], one may overcome
these limitations [10]. This injected noise is not actually present, it is only included
in the filter weight updating algorithm used in the adaptive implementation of the
interference canceller. The desired signal will not be picked up and attenuated by
the interference canceller as long as the injected noise spectrum 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 sub-
space techniques such as that suggested in [3]. This method requires several adap-
tive 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 ele-
ment, G1i(ω), 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 (G11(ω), G12(ω), · · · , G1I(ω)). This im-
plies that, as long as this orthogonality constraint is valid, no target signal will leak
through. All of this assumes that a good estimate of the transfer function vector is
used, that the talker can be represented by a point source and that all conditions
are time invariant.

Experience using the GSC has shown that it provides a very good suppres-
sion of background noise, but controlling the signal distortion and calibrating for
a combined array are problematic [10]. Another observation reached from imple-
mentation experience is the importance of using a precise VAD. The interference
canceller is very effective at exploiting correlations with the target signal and ad-
justing 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. 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 means for a simple in situ calibration.

In Situ Calibrated Microphone Array (ICMA)

The basic idea when developing this scheme was to find a robust yet effective strat-
egy to an undistorted version of the desired signal with significant suppression of
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background noise and unwanted sources. A primary goal was to overcome the en-
vironmental sensitivity inherent in the constrained optimization 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 imperfections. These calibration sequences
contain information regarding the statistical properties of the speaker, from both
a spatial and a temporal point of view. All calibration signals are gathered from
the correct positions 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 sensitivity to perturbation errors and avoid super-resolution. This can
be achieved by moving the source (spatial dithering) around the nominal point
during calibration or exploiting temporal dithering in the A/D converters. Cali-
bration sequences are recorded from both the jammer position(s) and the target
position when no noise is present. These signals are stored in memory for later
use as training signals in an adaptive phase. This approach gives an inherent cal-
ibration where it is possible to average and weight interesting frequency bands,
microphones, and spatial points differently. The methodology does not rely on any
geometric a priori information or any requirements of array element similarities and
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 perspec-
tives [30, 31, 32]. The ICMA uses a Minimum-Mean-Square-Error (MMSE) opti-
mization that is approximated by either a Normalized-Least-Mean-Square (NLMS)
implementation [30, 31] or a Least-Squares (LS) solution [33]. An LS or Recursive-
Least-Squares (RLS) solution becomes practical only when implemented in a sub-
band structure. The ICMA design can be viewed as an MMSE beamformer where
there is separate access to the undesired noise and desired speech signal. A VAD
is needed to avoid super-resolution effects in the ICMA scheme.

The Calibrated Weighted Recursive Least Square Subband Algorithm

The LS solution has superior performance in comparison to an LMS solution [33,
37]. Part of the reason is the existence of high power background noise components,
and handsfree loudspeaker source components, which will cause large fluctuations
of the error signal in the LMS update algorithm. The problem is well-known in
the application of acoustic echo cancelling and it is sometimes referred to as the
“double-talk” problem. While the LMS algorithm is based on instantaneous esti-
mates of correlation measures and thereby also greatly affected by the “double-talk”
phenomena, the LS solution uses averaged correlation estimates where influence of
such fluctuations are reduced. While the LS solution in general have better per-
formance it also suffer from stability problems, i.e. small perturbations in the
input signals may cause severe change in the weight update. The reason for this
behavior is the fact that an inverse correlation matrix needs to be computed and
the existence of the inverse matrix is not necessarily guaranteed. The stability
issues have been addressed by many researchers, for instance the order recursive
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algorithms [34, 36] have been proposed. Frequency domain implementations, with
the use of energy detection, have also shown to increase the robustness of these
algorithms in the echo cancelling application [38].

Both the stability issues and the complexity issues can be handled effectively
with subband implementations. A new subband domain algorithm, the “Calibrated
Weighted Recursive Least Square” (CW-RLS) algorithm, which handles both these
issues is proposed in this thesis. The algorithm uses the In Situ calibration proce-
dure, where second order statistics of calibration data are stored. The algorithm
does not rely on a VAD and full rank properties are forces into the algorithm,
independent of actual data properties.

Filter-bank properties are discussed and an oversampled subband representa-
tion is suggested and analysed. The benefits with this kind of filter-bank is that
signal artifacts, such as amplitude and phase distortions caused by decimation op-
erations, are efficiently reduced by the filter-bank structure. An efficient polyphase
implementation of the oversampled filter-bank is suggested and comparisons with
conventional filter-bank structures are given.

The suggested algorithm and structure are compared with conventional optimal
solutions in a real car hands-free environment, both in time- and frequency- domain
implementations.

Part II - Structures and Performance Limits in

Subband Beamforming

The hands-free situation for telephony in cars and offices, internet telephony and
video conferencing gives different enhancement requirements in order to achieve
a desired speech quality. Different applications also require a different cost level
on the instrumentation side. Hands-free solutions for mobile and office situations
as well as internet telephony are typically low-cost products. This implies that
the extra cost allowed for speech enhancement and acoustic echo cancellation is
limited. Subband beamforming may be used to reduce the complexity inherent in
conventional beamformers and thus better suite these low cost products.

In order to construct an efficient subband beamforming scheme it is needed to
address issues around performance limitations, inherent in subband beamforming
structures. Different frequency bands give different requirements on filter complex-
ity due to the coupling between the temporal and the spatial sampling process.
Part II gives a comprehensive subband performance analysis of a proposed delay-
less octave band structure, given in figure 2.

In order to avoid extra delays caused by the structure, the actual beamforming is
performed in a reconstructed fullband beamformer while the algorithm adaptation
is performed in an octave band filter-bank. The “desired” signal is gathered in an
In Situ calibration phase, initially before operation, and each subband algorithm
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Figure 2: Delayless subband beamformer.

is adapting locally with the corresponding subband version of the desired signal.
The subband weights are stacked and transformed block-wise from the subband
domain to the fullband filtering beamformer.

It is shown that by matching the spatial sampling to each frequency region, the
number of needed FIR filter parameters is nearly constant across subbands. This
implies that the an octave band structure exploits the temporal domain efficiently
from a beamforming perspective.

Part III - Blind Signal Separation using Overcom-

plete Subband Representation

Blind signal separation consists of recovering unobserved independent sources from
observed mixtures at the receiver end of unknown propagation channels, as illus-
trated in figure 3. The separation structure can be seen as several beamformers
working in parallel, each directing a beam towards a particular source with con-
strained cancellation towards all the other sources.

Many algorithms have been proposed to successfully solve the simplest case,
that is, instantaneous mixing problems, where such effects as inhomogeneities, re-
fraction and diffraction of medium are ideally assumed to be negligible so that
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Figure 3: Structure of Blind Separation for two sources case. Each box represents
a linear filter.

the sources are linearly superimposed by the channels. Overviews of the prob-
lem, principle and algorithms are given in [39]-[42]. In real world applications, the
physical properties of the propagation channel are often mathematically modeled
as a convolution operation with the source signals and thus a linear time-invariant
filter model may sometimes be more accurate, for example an IIR modeling of a
room transfer function [43] and its inverse filtering approach [44]. The convolutive
mixture problems have been studied for many years. Lee et al. show that all of
the previously proposed approaches including the Bussgang algorithm, Maximum
Likelihood Estimation and Infomax can be put into a unifying framework based on
an information theoretic approach [45]. The typical treatment is to create a matrix
of filters to approximately invert the mixing channels [46, 47]. The architecture for
a separation system can be both a mixture of feedforward and feedback structures
or a pure feedforward structure. Using a feedback structure, the complexity can
be reduced substantially as compared to a pure feedforward one. The limitation is,
however, that the separation will be stable only for minimum phase mixing chan-
nels, and mixing in real room environments usually involves non-minimum phase
mixing [48]. Since convolution in the time domain corresponds to instantaneous
mixing in the frequency domain, the algorithm can be implemented in both the
time domain, using polynomial FIR matrix algebra [47], and the frequency domain,
using a Fourier Transform (FT) based method [46].

One attractive point of the frequency domain based approach is that the al-
gorithms for separating instantaneous mixtures can be readily applied. Many at-
tempts have been carried out by using block-wise FFTs. However, there are two
drawbacks embedded in this type of method. First, it has a severe aliasing effect
among different frequency bands. When signal energy in one band is much higher
than that in other bands, the mixing information at that band will leak into other
bands and become a dominant part. This leakage will unavoidably give inaccurate
estimates of the mixing in other bands. A speech signal is such an example. The
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second drawback is that the block-wise FFT based method often has an artifact
problem in reconstructing source signals, when the phase information of the signals
are altered.

Unlike the Fourier transform, there exists no convolution theorem for the sub-
band transform, i.e. the convolution in time-domain is equivalent to the “point-wise
multiplication” in the transform domain. However, orthogonal subband transform-
ers decouple the convolution, [49]. To explain this, let x[n] denote the convolution
of two sequences s[n] and a[n], i.e., x[n] = s[n] � a[n] =

∑∞
l=−∞ s[n]a[n − l]. In

the case of orthonormal filter-banks, the convolution is reduced to computing the
convolution sk[n] � ak[n] and adding, where sk[n] and ak[n] denote the k-th sub-
band decomposition of s[n] and a[n], respectively. When the number of subbands
is equal or larger than the length of a[n], each subband ak[n] will be a scalar and
the convolution becomes the point-wise multiplication.

In part III a polyphase subband structure for signal separation is proposed. A
set of separating FIR filters are constructed in a feedforward structure. By apply-
ing subband decomposition of the output signals, unmixing weights in individual
subbands are adapted by using the Extended Infomax rule [42]. Simultaneously,
by transforming the weights to the FIR filters working in the time domain, the
signals are filtered to reconstruct the source signals. In order to reduce aliasing ef-
fects, an over-complete decomposition in the subbands is employed. Speech signals
mixed by synthetic filters and speech mixtures sampled in a real room situation are
evaluated. In order to evaluate performance limitations of the proposed method,
impulse responses of the room and the Wiener solution for the inverting FIR sys-
tem are calculated by replacing the speech source with a known white Gaussian
noise source.

Part IV - Neural Network Based Adaptive Micro-

phone Array System for Speech Enhancement

The calibrated microphone array, referred to as the ICMA scheme as described ear-
lier, involves an In Situ calibration procedure where the calibration signals are used
in the adaptation of the beamforming weights. The on-site calibration takes place
in the actual environment by emitting a representative sequence from the source
position and by synchronously recording all microphone observations with high
Signal-to-Noise Ratio (SNR). The calibration signal should have approximately
the same spectral content as the real source.

In this way array signals with fair SNRs for each sequence and channel are stored
in a digital memory. During operation, the actual microphone observations are
added to the pre-recorded calibration sequences creating the input to an adapting
beamformer according to figure 4. The filter weights are continuously copied to an
upper beamformer creating the enhanced speech output.
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Figure 4: The ICMA scheme; the lower part consists of the adaptive beamformer
and the calibration memories, the upper part consists of the filtering beamformer,
producing the enhanced speech output.

Part IV evaluates the ICMA scheme given in figure 4 in the time domain, based
on two algorithms; the Normalized Least Mean Square (NLMS) algorithm and
a non-linear Multiple Layer Perceptron Neural Network (MLP-NN) based on the
backpropagation algorithm.

Part V - Design of Oversampled Uniform DFT Fil-

ter Banks with Delay Specification using Quadratic

Optimization

Subband adaptive filtering has evolved as an alternative for conventional time
domain adaptive filtering, [50]. The main reason is the reduction in computa-
tional complexity and the increase in convergence speed for the adaptive algorithm,
achieved by dividing the algorithm into subbands, [34]. The computational sav-
ings comes from the fact that time domain convolution becomes decoupled in the
subbands, at a lower sample rate, [49].
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Subband analysis and synthesis is often performed using multirate filter-banks,
[51]. Non-ideal filters in the filter-bank give rise to aliasing of the subband signals,
caused by decimation operations. These aliasing effects can be cancelled in the
synthesis bank when certain conditions are met by the synthesis filters and the
subband processing. However, even if aliasing distortion in the filter-bank output
is cancelled in this way, the inband aliasing is still present in the subband adaptive
filter input signals and, consequently, the adaptive filters are perturbed and the
overall performance of the system is reduced, [52].

Several solutions to the subband filtering problem have been suggested in the
literature. Non-critical decimation has been suggested in [50] where filter-bank
delay aspects and amplitude distortions have not especially been taken into con-
sideration. The use of cross filters, [52], has been suggested to explicitly filter out
the aliasing components. A delayless structure has been proposed in [53], where the
actual filtering is performed in the time domain, with consequences of higher com-
putational complexity. The computational complexity also increases significantly
with cross band filters.

In part V a uniform DFT-modulated FIR filter-bank is considered for the sub-
band transformations. Modulated filter-banks provide a computationally efficient
implementation, due to the polyphase implementation [35], and great design sim-
plicity. The main contribution is the suggested design method, where the filter-
bank response error and the inband and output aliasing errors are minimized si-
multaneously, while the total filter-bank group-delay may be pre-specified.

The influence on performance in the hands-free beamforming scenario is anal-
ysed. Critically decimated filter-banks are compared to over-sampled filter-banks
in the same environment. Filter banks with reduced delay are also evaluated. The
results show that an over-sampled filter-bank is much less sensitive to nonlinear
phase effects, compared to critically decimated filter-banks.

Part VI - Design of Oversampled Uniform DFT

Filter Banks with Reduced Inband Aliasing and

Delay Constraints

An alternative design method for filter-banks is presented in part VI. The method-
ology relies on a conventional design procedure for digital FIR filters with group
delay constraints [54] and it is generalized here to the case of filter-bank design,
with different decimation factors. The design procedure is based on a simple itera-
tive gradient search principle. Performance of subband implementations in the case
of a real room impulse response estimation is evaluated. A white noise sequence
is emitted through a loudspeaker in a conference room and by using a microphone
observation as a desired signal, we identify the acoustic path, see figure 5. The least
squares estimation method is used, individually in each subband, and the fullband
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Figure 5: Subband room impulse response identification.

FIR filter identification accuracy is compared with the same subband identification
accuracy.

The performance with the non-critical decimated filter-banks are close to the
fullband solution and significantly better than for the critically decimated cases.
The advantage with oversampling is even more significant when filter-banks with
reduced delay are used.

Part VII - A New Pilot-Signal based Space-Time

Adaptive Algorithm

In modern wireless mobile radio networks it is desirable to increase capacity by ex-
ploiting the spatial domain in an efficient manner. Co-channel interference (CCI)
and multipath fading channels are known to severely limit the capacity of wireless
mobile radio networks. It is anticipated that antenna arrays together with adaptive
spatial-temporal processing techniques will be used in future high capacity cellular
communication systems, in order to reduce the negative effects of these limitations,
[55]. Previous studies have shown that substantial performance gain and capacity
increase can be achieved by employing antenna array and spatial-temporal signal
processing, [56, 57]. Due to multipath propagation effects of fading and movement
of the mobile units, the array response must change with time. Continuous esti-
mation and tracking of the response during the communication session is therefore
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necessary. In many systems a known pilot data stream commences each frame of
data and may be used in an algorithm to estimate the array response. For instance
the TDMA radio systems IS-54/136 use 14 known pilot symbols in each user slot
of 162 symbols. In [57] and [58] the least mean square (LMS) and the least squares
(LS) algorithms are used to estimate the minimum mean square error (MMSE) ar-
ray response, based on the known pilot symbols in each frame. Estimations based
solely on this short pilot sequence may be subject to large estimation errors. A
common way to increase the estimation accuracy is to rely on the fact that the
existence of interference causes fluctuations in the amplitude of the array output,
which otherwise has a constant modulus, [59]. Constant modulus algorithms are
useful for eliminating correlated arrivals and they are effective only for constant-
modulated envelope signals, such as MSK and PSK.

In part VII a new online space-time adaptive processing algorithm for an an-
tenna array is proposed. It is based on a recursive least square criteria similar to
the CW-RLS algorithm presented in part I, where the received signal during the
entire time slot is exploited. The calibration part of the algorithm is continuously
updated from the pilot data stream, and it thereby allows for continuous move-
ment of the calibration point. The array is aimed at reducing both the co-channel
interference and intersymbol interference, and at the same time providing spatial
diversity against multipath fading. Simulation results in a multiuser environment,
with fast moving mobiles causing multipath fading, show that the proposed method
offers substantial improvement when compared to the conventional least squares
method.
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Abstract

This part discusses signal processing methods for speech extraction in
use with voice communication applications such as personal digital assistants
(PDA:s), mobile telephone terminals and personal computers. The speaker
will be distant from the device and thus the speech signal entering the device
will be subject to reverberation as well as disturbed by background noise.
Further more, the comprehension is reduced due to the acoustic coupling
between the loudspeaker and the microphone/microphones. This acoustic
coupling will result in an echo effect at the far end of the communication
link. The proposed structure consists of a multi sensor array which allows for
techniques of directional processing. The channels in the array are sampled
by analog-to-digital converters and followed by digital finite impulse response
filters. The construction of these filters in order to achieve speech extraction
by means of directional processing in the near-field are considered in this
study. The background noise and the acoustic coupling are aimed to be
simultaneously reduced while the speech originating from the location of
interest is left essentially undistorted by the filtering operation.

Optimal broadband array optimization techniques are examined in the
array near-field and a new modified adaptive frequency domain RLS ap-
proach is proposed in order to track variations in the surrounding noise
environment. An efficient polyphase filter-bank is used for frequency trans-
formation and reconstruction. Aliasing and magnitude distortion effects in
the filter-bank transformations are theoretically evaluated and an efficient
over-sampled filter-bank is proposed in order to circumvent such problems.

Different optimal fixed beamforming methods are considered; an optimal
array gain optimization procedure, a theoretical diffuse noise field model for
a point source and a least squares solution. The proposed adaptive frequency
domain optimization algorithm is compared to the optimal beamformers and
simulations on real speech signal recordings in a car hands-free mode show
that the adaptive algorithm performance is close to the optimal optimization
methods, while the computational complexity is substantially reduced.
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1 Introduction

The increased use of personal communication devices, personal computers and
wireless cellular telephones enables the development of new inter-personal commu-
nication systems. The merge between computers and telephony technologies brings
up the demand for convenient hands-free communications. In such systems the user
wish to lead a conversation in much the same way as in a normal person-to-person
conversation. The reduced bandwidth of the communication channel and signal
degradations, caused by electronic equipment, obviously reduce speech perception.
When further reduction in perception caused by disturbing noise and acoustic cou-
pling is present, the intelligibility of the conversation can be lost. Other efforts to
improve the quality using a single microphone or array techniques are presented
in [1]-[12]. Speech degradations is especially crucial for speech recognition applica-
tions [11], which might be used to further approach the resemblance of a normal
conversation when using a personal communication device.

Beamforming techniques exploit fundamental properties about the spatial and/or
temporal distribution of both the speech and noise sources, in order to enhance per-
ception. Approaches to perform beamforming can coarsely be classified into fixed
and adaptive techniques.

Fixed beamformers are fundamentally based on modeled assumptions on the
speech signal and noise field. Based on this model, optimal beamformers can be
constructed. Optimality is guaranteed only when no model mismatch is present.

Adaptive beamformers are used in order to track variations as well as to com-
pensate for model mismatch. Generally, they are based on continuous estimates of
the spatial and statistical information contained in the received speech and noise
signals. In general, they are more complex when it comes to both computational
and implementational aspects.

In this thesis, optimal methods to find fixed beamformers are defined and also
an efficient frequency domain modified RLS adaptive beamforming structure is
proposed. The considered optimal fixed beamforming methods are:

• an optimal array gain optimization procedure

• a point source in a diffuse noise field model

• a least squares solution

The proposed adaptive frequency domain structure consists of a multichannel
analysis filter-bank and a set of adaptive beamformers, each adapting on the mul-
tichannel subband signals. The output of the beamformers are reconstructed by a
synthesis filter-bank in order to create a time domain output signal. The adaptive
beamformer algorithms continuously estimates the spatial information for each fre-
quency band and adapts according to a least squares criterion. Information about
the speech location is put into the algorithm by a recording performed in a low
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noise situation, simply by putting correlation estimates of the source signal into a
memory. The recording only needs to be done initially or whenever the location
of interest is changed. The adaptive algorithm is then run continuously and the
reconstructed output signal is the extracted speech signal. Note that by using the
suggested algorithm there is no need for using a VAD, Voice Activity Detector, or
DTD, Double Talk Detector.

The subband adaptive algorithm is evaluated on real data recordings conducted
in a car hands-free telephony environment. The performance is compared to the
optimal fixed beamformers in the same situation, both when it comes to source
speech distortion and to signal suppression of background noise, as well as far-end
echoes, i.e. disturbing signals from the hands-free loudspeaker.

2 Speech Extraction by Array Processing

When a narrow-band sound source signal is a point source or it can be viewed as
a number of point sources clustered closely in space, a set of microphones can be
arranged in space in such a way that the sum of the microphone signals will have
a peak response at that point. Figure 1 schematically illustrates the peak response
and a cancellation response, from two different directions. A change of placement
of the microphones causes different responses for the same source location. This
comes from the fact that the wavefront delays to the microphones will be changed,
due to a change in distance to the microphones. By introducing variable signal
delays it is possible to control the peak response location of the array and this
procedure is commonly referred to as narrow-band beamforming.

If the point source signal is a wideband signal, as in the case of speech signals,
the beamformer needs to have the ability to delay a range of frequencies differ-
ently. A common way to achieve this feature is to use digital linear filters at each
microphone signal. The construction of these filter in order to make signals from
a certain location pass the system and to make signals from other locations be
attenuated or cancelled, is referred to as broadband beamforming.

Figure 2 shows the structure of a linear finite impulse response (FIR) beam-
former with I channels. The output of the beamformer is given by,

y [n] =
I∑
i=1

L−1∑
j=0

wi [j] xi [n− j] (1)

where L − 1 is the order of the FIR filters and wi [j] , j = 0, 1, · · · , L − 1, are the
FIR filter taps for channel number i. The signals, xi [n], are digitally sampled
microphone observations and the beamformer output signal is denoted y [n].

These FIR filters needs to have a quite high order to capture the essential
information. Especially if they need to perform a room reverberation suppression
as well. By using a subband beamforming scheme the computational burden will
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Figure 1: Example of spatial cancellation of a narrow-band signal.

become substantially lower. The subband beamforming scheme used in this study
is presented in figure 3. In this case each microphone signal is filtered through
a subband filter. A digital filter with the same impulse response is used for all
channels thus all spatial characteristics are kept. This means that the large filtering
problem is divided into a number of smaller problems.

2.1 Time Domain Formulation

We consider a signal model where one speaker is situated in a fixed position and the
noise environment consist of several sources, both fixed point sources and disturbing
sources, which can be modeled as a mixture of both coherent and incoherent noise
fields, [13]. The output of sensor number i consists of a speech signal component,
s [n], and a sum of fixed point noise sources, νd [n] , d = 1, · · · , D, together with the
mixture of coherent and incoherent noise sources, v [n], as:

xi [n] = si [n] +
D∑
d=1

νid [n] + vi [n] (2)

where si [n], νid [n] , d = 1, · · · , D and vi [n] are the i:th microphone observations of
the signals, respectively. We wish to construct the filters, wi [j], in such a way that
the output of the beamformer, y [n], resembles the signal component, s [n], while
the disturbing components are attenuated or cancelled. By inserting our signal
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w1[j]

w2[j]

w3[j]

wI[j]

Microphones

Output

x1[n]

x2[n]

x3[n]

xI[n]

y[n]

Figure 2: An I-channel finite impulse response beamformer.

model into Eq. (1), we can specify a time domain optimization objective according
to:




max [y [n] ∼= s [n]]

min

∣∣∣∣∣
∣∣∣∣∣
I∑
i=1

L−1∑
j=0

wi [j]

[
D∑
d=1

νid [n− j] + vi [n− j]

]∣∣∣∣∣
∣∣∣∣∣ (3)

where, [y [n] ∼= s [n]], refers to some measure of resemblance. There are different
ways to achieve this objective, depending on the metric used for the objective
optimization. Section 3 deals with the specification of the objective function and
its corresponding solution.

2.2 Frequency Domain Formulation

The signal model can equivalently be described in the frequency domain1 and the
filtering operations will in this case become multiplications with number I complex
frequency domain representation weights, w

(f)
i . For a specific frequency, f , the

output is given by

y(f) [n] =
I∑
i=1

w
(f)
i x

(f)
i [n] (4)

where the signals, x
(f)
i [n] and y(f) [n], are time domain signals as specified before

but they are narrow band, containing essentially components with frequency f .

1The representation is made on a finite grid that can be dense. This operation can be an FFT
or a filter-bank.
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Figure 3: Proposed subband beamforming structure. The number of subbands is K
and the number of microphones is I.

The observed microphone signals are given in the same way as

x
(f)
i [n] = s

(f)
i [n] +

D∑
d=1

ν
(f)
id [n] + v

(f)
i [n] (5)

and the optimization objective will be simplified, due to the linear and multiplica-
tive property of the frequency domain representation, as

∀f




max
[
y(f) [n] ∼= s(f) [n]

]
min

∣∣∣∣∣
∣∣∣∣∣
I∑
i=1

w
(f)
i

[
D∑
d=1

ν
(f)
id [n] + v

(f)
i [n]

]∣∣∣∣∣
∣∣∣∣∣ (6)

where the same terminology as in Eq. (3), has been used.
In practice, the frequency transformations must be constructed in such a way

that periodicity effects are prevented. In the case of block FFT implementations,
this is for example achieved by the Overlap-Add, or the Overlap-Save methods, [16].
In the studied filter-bank implementations this problem is inherently prevented
since the filter-bank structure is derived from time domain filtering operations, as
shown in section 5.

3 Optimal Beamformers

The objectives specified in Eqs. (3) and (6) can be implemented in different ways
depending on the metric used for the objective functions. By viewing the observed
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microphone signals as a signal part and as a noise/interference part, one can define
optimum beamformers based on different power criteria. In this study we are
dealing with the optimum Signal-to-Noise plus Interference Beamformer, (SNIB),
[13], and the optimal Minimum Mean Square Error Beamformer, (MMSEB). The
former is also referred to as the maximum array gain beamformer, [14]. In general,
the optimization procedure to find the SNIB relies on numerical methods to solve
a generalized eigenvector problem. Under diffuse noise situation assumptions, the
optimization procedure will become simplified and a closed form solution based
on matrix inversion exists. This provides that we have knowledge of the source
signal location. However, our model does not only consist of diffuse noise fields
and these assumptions might therefor not be justified. For the minimum mean
square beamformer a closed form solution also exists, provided a reference signal
is continuously accessible. In general this is a strong condition and it is a serious
obstacle in the case of adaptive beamforming. However, it is suggested that this
problem can be handled by a calibration procedure as explained in section 4.

Next, the formulation of the optimal beamformers are explained for both the
time- and the frequency- domain. For the diffuse noise field simplification of the
SNIB, the time domain formulation is not directly implementable since the involved
array response vector is a function of frequency.

3.1 Optimal Near-field Signal-to-Noise plus Interference Beam-
former, (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
(7)

and the beamformer which maximizes the ratio, Q, is the optimal Signal-to-Noise
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. The involved signals are all assumed to be short time
stationary.

3.2 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, rysys [0], as

rysys [0] = E{ys [n] y∗s [n]} =
I∑
i=1

I∑
j=1

L−1∑
k=0

L−1∑
l=0

wi [k]w∗
j [l]E{si [n− k] s∗j [n− l]} =

I∑
i=1

I∑
j=1

L−1∑
k=0

L−1∑
l=0

wi [k]w∗
j [l] rsisj

[k − l] (8)
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where ∗ denotes conjugation and rsisj
[k − l] denotes the cross correlation function

between microphone observations i and j when only the signal of interest, s [n],
is active. This expression can be written more compactly using matrix notation
according to

rysys [0] = wHRssw (9)

where H denotes hermitian transpose and Rss is defined as

Rss =




Rs1s1 Rs1s2 . . . Rs1sI

Rs2s1 Rs2s2 . . . Rs2sI

...
...

. . .
...

RsIs1 RsIs2 . . . RsIsI


 (10)

where

Rsisj
=




rsisj
[0] rsisj

[1] rsisj
[2] . . . rsisj

[L− 1]
r∗sisj

[1] rsisj
[0] rsisj

[1] . . . rsisj
[L− 2]

...
...

. . .
...

...
r∗sisj

[L− 1] r∗sisj
[L− 2] . . . . . . rsisj

[0]


 (11)

and

rsisj
[k] = E{si [n] s∗j [n + k]} k = 0, 1, · · · , L− 1 (12)

and E {·}, is the expectation operator. The filters w, are arranged according to

w = [wT
1 wT

2 . . . wT
I ]T (13)

where
wT
i = [wi[0] wi[1] . . . wi[L− 1]] i = 1, 2, · · · , I. (14)

In the same way one may write an expression for the noise-plus-interference
power, rynyn [0], when all the surrounding noise sources are active, but the source
signal of interest is inactive, as

rynyn [0] = wHRnnw (15)

where Rnn is defined as

Rnn =




Rn1n1 Rn1n2 . . . Rn1nI

Rn2n1 Rn2n2 . . . Rn2nI

...
...

. . .
...

RnIn1 RnIn2 . . . RnInI


 (16)

and
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Rninj
=




rninj
[0] rninj

[1] rninj
[2] . . . rninj

[L− 1]
r∗ninj

[1] rninj
[0] rninj

[1] . . . rninj
[L− 2]

...
...

. . .
...

...
r∗ninj

[L− 1] r∗ninj
[L− 2] . . . . . . rninj

[0]


 (17)

where the correlation function rninj
[k], is the cross correlation between microphone

observation i and j, when all disturbing noise- and interference- sources are active
alone, see Eq. (2), according to

rninj
[k] = E{

[
D∑
d=1

νid[n] + vi[n]

] [
D∑

m=1

νjm[n + k] + vj[n + k]

]∗
} (18)

k = 0, 1, · · · , L− 1.

Now, the optimal weights are found by maximizing a ratio of two quadratic
forms, according to

wopt = arg max
w

{
wHRssw

wHRnnw

}
. (19)

3.3 Frequency Domain Formulation

The formulation of the optimal signal-to-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. This is provided that the different frequency bands are independent
and the full-band signal can be created perfectly.

For frequency, f , the quadratic ratio between the output signal power, and the
output noise-plus-interference power is

w
(f)
opt = arg max

w(f)


w(f)HR(f)

ss w(f)

w(f)HR
(f)
nnw(f)


 (20)

where H denotes hermitian transpose and

R(f)
ss = E{s(f)[n]s(f)[n]

H} (21)

where
s(f)[n] =

[
s
(f)
1 [n] s

(f)
2 [n] . . . s

(f)
I [n]

]T
(22)

and where each signal, s
(f)
i [n], i = 1, · · · , I, is one of the I microphone observations

bearing signals with frequency f , when only the source signal of interest is active.
In the same way one may define the noise-plus-interference correlation matrix, R(f)

nn ,
as

R(f)
nn = E{n(f)[n]n(f)[n]

H} (23)
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where
n(f)[n] =

[
n

(f)
1 [n] n

(f)
2 [n] . . . n

(f)
I [n]

]T
(24)

and where the noise-and-interference signals, n
(f)
i [n], i = 1, · · · , I, are microphone

observations when all components, except the source signal, is active according to

n
(f)
i [n] =

D∑
d=1

ν
(f)
id [n] + v

(f)
i [n]. (25)

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

w(f) =
[
w

(f)
1 w

(f)
2 . . . w

(f)
I

]T
. (26)

3.4 Maximization of a Ratio of two Quadratic Forms

Maximizing a ratio between two quadratic forms of positive definite matrices as

wopt = arg max
w

{
wHRssw

wHRnnw

}
(27)

is referred to as the generalized eigenvector problem, [15]. It can be rewritten by
introducing a linear variable transformation

v = Rnn
1/2w (28)

and combining it with Eq. (27). This gives the Rayleigh quotient [15],

vopt = arg max
v

{
vHRnn

−H/2RssRnn
−1/2v

vHv

}
(29)

where the solution, vopt, is the eigenvector which belongs to the maximum eigen-
value, λ, of the combined matrices in the numerator. This is equivalent to meet
the following relation

Rnn
−H/2RssRnn

−1/2vopt = λvopt (30)

and the final optimal weights are given by the inverse of the linear variable trans-
formation

wopt = Rnn
−1/2vopt. (31)

The square root of the matrix is easily found from the diagonal form of the matrix,
[15]. In general the optimal vector can only be found by numerical methods and
the time domain formulation is therefor in general more numerically sensitive since
the dimension of the weight space is L times greater than the dimension of the
frequency domain weight space.
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3.5 Near-field Point Source in a Diffuse Noise situation

If the size of the sound source of interest is small when compared to the array
baseline width, the source might be modeled as a near-field point source. If the
medium is homogeneous and the source is situated in a free field, then the corre-
lation matrix, R(f)

ss , can be written as a dyad, i.e. the matrix is a rank one matrix
and it can be represented as a product of two vectors for each frequency f , [13], as

R(f)
ss = a(f)

s a(f)
s

H
. (32)

The vector, a(f)
s , denotes the near-field response vector for frequency f , given by

a(f)
s = re−jκr[ejκr1 ejκr2 . . . ejκrI ]T (33)

where r is the distance between the source location and the origin, ri, i = 1, 2, · · · , I,
are the distances from the source location to each sensor, i. Parameter κ = 2π/λ
is the wave number where λ is the wavelength for the specific frequency. The ar-
ray response is normalized to the origin and the origin is chosen at a reference
microphone location. The optimal weights in this case will be according to, [13],

w
(f)
opt = R(f)

nn

−1
a(f)
s

∗
(34)

where ∗ denotes conjugation.
By further assuming that the noise situation consists of a large number of

uncorrelated sources placed inside a hypothetic spherical shell at a large radius,
the element at position (i, j) of the correlation matrix can be shown to be as, [14],

R(f)
ninj

= σ2 sin(κdij)

κdij
(35)

where dij is the distance between the ith and jth microphones. This noise field is
called a spherically isotropic noise field and might be an adequate model for some
of the noise components in an office- or a car- hands-free environment. If there
are major disturbing point sources present, one might expect this model to have
insufficient performance, since each source will contribute with a rank one matrix
to the noise correlation matrix and this effect is not included in the model.

3.6 Optimal Near-field Minimum Mean Square Error Beam-
former, (MMSEB)

The optimal Minimum Mean Square Error Beamformer is defined as the beam-
former weights which minimizes the mean square difference between the beam-
former output when all sources are present, and a single sensor observation, when
only the signal of interest is present.
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3.7 Time Domain Minimum Mean Square Error Solution

In the time domain the objective can be formulated as

wopt = arg min
w

E
{
|y[n] − sr[n]|2

}
r ∈ [1, 2, · · · , I] (36)

where the output, y[n], from the beamformer is given in Eq. (1) and the single sen-
sor observation, sr[n], is one of the microphone observations or a separate reference
microphone, 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 source signal
is practically not accessible. The optimal weights which minimize the expected
square difference between the output and the reference signal is found by, [16]

wopt = [Rss + Rnn]−1 rs. (37)

due to the linear property of the expectation operator. The cross correlation vector,
rs, is defined as

rs = [r1 r2 . . . rI ] (38)

with
ri = [ri[0] ri[1] . . . ri[L− 1]] i = 1, 2, · · · , I (39)

with each element as

ri[k] = E {si[n]s∗r[n + k]} i = 1, 2, · · · , I, r ∈ [1, 2, · · · , I] , k = 0, 1, · · · , L−1.
(40)

The matrices, Rss and Rnn, are defined in Eqs. (10) and (16). The cross correla-
tion vector, rs, is equivalent to one column of the source signal correlation matrix,
Rss, if the reference sensor is chosen as one microphone observation. Which col-
umn is used, depends on which one of the microphones is chosen as the reference
microphone and which lag one wish to have as center lag.

The weights, w, are arranged in the same way as in Eqs. (13) and (14).

3.8 Frequency Domain Minimum Mean Square Error So-
lution

In the frequency domain the objective can be formulated similarly as for the time
domain. For each frequency, f , the objective will become

w
(f)
opt = arg min

w(f)
E
{
|y(f)[n] − s(f)

r [n]|2
}

r ∈ [1, 2, · · · , I] (41)

where the output, y(f)[n], from the beamformer is given in Eq. (4) and the single
sensor observation, s(f)

r [n], is one of the microphone observations for frequency f ,
chosen as the reference sensor. The optimal weights which minimizes the expected
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square difference between the output and the reference signal for each frequency,
is found by

w
(f)
opt =

[
R(f)
ss + R(f)

nn

]−1
r(f)
s . (42)

where the cross correlation vector, r(f)
s , is defined as

r(f)
s = [r

(f)
1 r

(f)
2 . . . r

(f)
I ] (43)

with each element as

r
(f)
i = E{s(f)

i [n]s(f)
r

∗
[n]} i = 1, 2, · · · , I, r ∈ [1, 2, · · · , I] . (44)

The matrices, R(f)
ss and R(f)

nn , are defined in Eqs. (21) and (23). The cross correla-
tion vector, r(f)

s , is equivalent to one column of the source signal correlation matrix,
R(f)
ss , as defined in Eq. (21). The weights, w(f), are arranged as in Eq. (26).
It should be noted that the dimension of the correlation matrices, and therefor

also the complexity of the problem, is reduced due to the multiplicative property
of the frequency domain representation, when compared to the time domain for-
mulation.

4 Proposed Subband Beamformer

In the case of stationary signal conditions and when microphone placements and the
speaker’s position are known and accurate, optimal design procedures as given in
section 3, can be used effectively. Other efficient design methods are given in, [17],
[18] and [19]. When the surrounding noise and/or additional disturbing sources
are changing with time, an adaptive structure is preferred in order to make use of
changing spatial and temporal signal properties. In the following papers [20], [21],
[22] and [23] fast and efficient adaptive beamformers based on first order gradient
search algorithms, such as the LMS algorithm, are presented. The benefits with
these algorithms are the simplicity and robust behavior in a changing environment.
The performance can however be improved by using second order gradient search
algorithms, i.e. algorithms based on Newton’s method, [16]. The computational
complexity will in general increase substantially and their practical use are therefor
limited.

Subband frequency transformations may be one efficient way to make it possible
to use second order gradient methods, while keeping the computational complexity
low, see figure 3. In the subband structure, the beamformer consists of complex
valued weights operating at a lower sampling rate for each channel, rather than FIR
filters as in the time domain, and the computational complexity is thus reduced.
The proposed algorithm have the least squares objective function and operate in
the frequency domain, as described in Eq. (45). One might use the optimal SNIB
beamformer in an adaptive way, but the algorithm must then find a generalized
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eigenvector in an iterative manner. There are methods to update a matrix in
a factorized form when adding a general single rank matrix2, [15]. This can be
a quite delicate task because of pivoting requirements, and the preservation of
positive definiteness is not guaranteed, [15]. A robust solution to the adaptive
optimal SNIB remains an open question.

4.1 Description of the LS Subband Beamformer

The MMSE beamforming scheme formulated in Eq. (41), needs to be reformulated
into time data form. This can be done using an LS formulation for a data set of
N samples, where index k indicates the subband number

w
(k)
ls,opt(N) = arg min

w(k)

{
N−1∑
n=0

[
|y(k)[n] − s(k)

r [n]|2
]}

r ∈ [1, 2, · · · , I] (45)

where y(k)[n] is given by Eq. (4), where the frequency f = 2πk/K and K is
the total number of subbands. The reference source signal information s(k)

r [n] is
not directly available, but a calibration sequence gathered in a quiet environment
can be used instead. This calibration signal will represent the temporal and spatial
information about the source. Since the calibration source signal information s(k)

r [n]

is independent of the actual data x
(k)
i [n], at least if N is large, the LS problem can

be separated into two parts,

w
(k)
ls,opt(N) = arg min

w(k)

{
N−1∑
n=0

[
|w(k)Hs(k)[n] − s(k)

r [n]|2 + |w(k)Hx(k)[n]|2
]}

(46)

r ∈ [1, 2, · · · , I]
where most of the first part can be precalculated. Calculating the sum yields

w
(k)
ls,opt(N) = arg min

w(k)

{
w(k)H [R̂(k)

ss (N) + R̂(k)
xx (N)]w(k)−

w(k)H r̂(k)
s (N) − r̂(k)H

s (N)w(k) + r̂(k)
sr

}
(47)

r ∈ [1, 2, · · · , I]
where the source correlation estimates, can be precalculated in the calibration
phase as

R̂(k)
ss (N) =

1

N

N−1∑
n=0

s(k)[n]s(k)H [n] (48)

r̂(k)
s (N) =

1

N

N−1∑
n=0

s(k)[n]s(k)
r

∗
[n] (49)

2In the RLS algorithm this is achieved by applying the Matrix-Inversion-Lemma, [16].
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where
s(k)[n] = [s

(k)
1 [n], s

(k)
2 [n], . . . s

(k)
I [n]]T

are microphone observations when the calibration source signal is active alone. The
least squares minimization of Eq (47) is found by

w
(k)
ls,opt(N) =

[
R̂(k)
ss (N) + R̂(k)

xx (N)
]−1

r̂(k)
s (N) (50)

where

R̂(k)
xx (N) =

1

N

N−1∑
n=0

x(k)[n]x(k)H [n] (51)

is the observed data correlation matrix estimate. This means that we can use an
estimate of the calibration data as a part of the algorithm. Next, the weighted
recursive least squares algorithm is derived, where the weighting factor is applied
only to the observed input signals.

4.2 Derivation of the Calibrated Weighted Recursive Least
Squares Algorithm, (CW-RLS)

The objective for the calibrated weighted least squares algorithm is to introduce
a weighting factor on the observed signal correlation matrix estimates, but at the
same time use the precalculated source correlation estimates as specified in Eqs.
(48) and (49). It is also desirable to achieve this update in a recursive way and an
efficient method to solve this is proposed.

By introducing an exponential weighting factor, λ, in the second part of the
objective function given in Eq. (46) according to

w
(k)
ls,opt(N) = arg min

w(k)

{
N−1∑
n=0

[
|w(k)Hs(k)[n] − s(k)

r [n]|2 + λN−1−n|w(k)Hx(k)[n]|2
]}

(52)
r ∈ [1, 2, · · · , I]

we can obtain an algorithm that has the property of following the statistical vari-
ations of the observable data when the beamformer operates in a non stationary
environment. Calculating the sum we obtain the same relation as in Eq. (47), but
where the correlation matrix estimates of the observed data will be according to

R̂(k)
xx (N) =

1

N

N−1∑
n=0

λN−1−nx(k)[n]x(k)H [n] (53)

where the least squares solution is given by Eq. (50). Since the correlation estimates
from the calibration sequence, Eqs. (48) and (49), are gathered in advance, we must
formulate a recursive update formula for each sample of the new data observation
vector, x(k)[n]. We first introduce the total correlation matrix

R̂(k)[n] = R̂(k)
ss (N) + R̂(k)

xx [n] (54)
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where our final aim is to recursively update the inverse of this matrix by using the
Matrix-Inversion-Lemma, [16]. We wish to update the matrix, at sample instant
n, according to

R̂(k)[n] = R̂(k)
ss (N) + λR̂(k)

xx [n− 1] + x(k)[n]x(k)H [n] =

λ
[
R̂(k)
ss (N) + R̂(k)

xx [n− 1]
]
+ x(k)[n]x(k)H [n] + (1 − λ)R̂(k)

ss (N) =

λR̂(k)[n− 1] + x(k)[n]x(k)H [n] + (1 − λ)R̂(k)
ss (N).

(55)

The effect of the above update is that we weight the total correlation matrix and add

both the rank one ”correction term”, x(k)[n]x(k)H [n], and the small portion (1−λ),
of the calibration correlation matrix which have been reduced by the weighting
factor. This update can be implemented directly by using the Matrix-Inversion-
Lemma, in a two step procedure, but it will however require a calculation of the
inverse of the calibration correlation matrix, R̂(k)

ss (N). One way to circumvent the
matrix inversion and thus substantially reduce the complexity, is to update the
total correlation matrix by adding scaled eigenvectors of the calibration correlation
matrix, which will result in several rank one updates as

R̂(k)[n] = λR̂(k)[n− 1] + x(k)[n]x(k)H [n] + (1 − λ)
I∑

p=1

γ(k)
p q(k)

p q(k)
p

H
(56)

where γ(k)
p is the p-th eigenvalue and q(k)

p is the p-th eigenvector of the I-by-I cali-

bration correlation matrix, R̂(k)
ss (N). The weighted optimal recursive least squares

solution at sample instant, n, is now given by

w
(k)
ls [n] = [R̂(k)[n]]

−1
r̂(k)
s (N) (57)

where the calibration correlation vector, r̂(k)
s (N), is gathered in advance and it is

assumed to be uncorrelated with the observed data.
One simple way to further reduce the complexity while only affecting the scale

of the problem is by sequentially adding one scaled eigenvector at each sample
instant. This is easily achieved by replacing the index of the sum in Eq. (56) by
the single index p = (nmod I) + 1.

When the statistical properties of the environmental noise is changing abruptly,
for instance when a new source of disturbance suddenly appears, a smoothing of the
weights may be appropriate. A first order AR-model for the smoothing is proposed
and the weight update then becomes

w
(k)
ls [n] = αw

(k)
ls [n− 1] + (1 − α)[R̂(k)[n]]

−1
r̂(k)
s (N) (58)

where α is the AR-parameter which corresponds to the real valued pole of the AR-
model. By applying the Matrix-Inversion-Lemma in order to update the inverse of
the total correlation matrix, an efficient implementation of the proposed algorithm
is obtained. The algorithm is summarized in detail in section 4.4.
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4.3 Memory Saving and Improvements

The proposed beamformer consists of two phases; the calibration source signal
information gathering phase and the operation phase. Information about the source
signal is simply gathered by placing correlation matrix estimates of the calibration
source signal, without any disturbing sources present, R̂(k)

ss , into a memory. This is
done simultaneously for all frequencies, and synchronized with all channels, 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
to the memorized matrices. An estimate of the spatial cross correlation vector,
r̂(k)
s , for each frequency is also placed in memory. The number of parameters, P ,

we need to store in the full-band time domain when a diagonalized representation
of the correlation matrix is used, and 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 represen-
tation the number of parameters needed is

P freq = K[I
L

K
(I

L

K
+ 2)]2

where index K is the number of subbands. As an example, figure 4 show 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,
and for some number of subbands. 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 figure 4.

4.4 Summary of the Calibrated Weighted RLS Algorithm

We assume that the estimated correlation matrix, R̂(k)
ss , and the estimated source

signal cross correlation vector, r̂(k)
s , is made available from an initial acquisition,

for each subband. Additional disturbing and known sources with fixed location,
both point sources and others, are assumed to be available during the acquisition
phase. The source cross correlation estimates must be acquired when only the
source signal of interest is active.
The algorithm can be stated as follows.
For each subband signal, k = 0, 1, · · · , K − 1, where for each subband the corre-
sponding normalized frequency is f = 2πk/K and each sample instant n, the ob-
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Figure 4: The ratio P time/P freq for filter lengths L varying from 4 to 1024, and
the number of subbands, K, is varying from 16 to 512.

served microphone signals in subband number k are denoted x
(k)
i [n], i = 1, 2, · · · , I.

The number of available samples in the acquisition phase is N .

Acquisition phase:
∀k, compute:
When the source of interest is active alone:
The reference microphone is indexed r:

x(k)[n] = [x
(k)
1 [n], x

(k)
2 [n], . . . x

(k)
I [n]]T

r̂(k)
s (N) =

1

N

N∑
n=1

x(k)[n]x(k)
r

∗
[n]

R̂(k)
ss (N) =

1

N

N∑
n=1

x(k)[n]x(k)H [n]

All known disturbing sound sources are active:

x(k)[n] = [x
(k)
1 [n], x

(k)
2 [n], . . . x

(k)
I [n]]T

R̂
(k)
dd (N) =

1

N

N∑
n=1

x(k)[n]x(k)H [n]

The correlation matrices are memorized in diagonalized form:(
R̂

(k)
dd (N) + R̂(k)

ss (N)
)

= Q(k)HΓ(k)Q(k)
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The eigenvectors are denoted:

Q(k) = [q
(k)
1 , q

(k)
2 , . . . q

(k)
I ]

The eigenvalues are denoted:

Γ(k) = diag([γ
(k)
1 , γ

(k)
2 , . . . γ

(k)
I ])

The eigenvectors and the eigenvalues, q
(k)
i , γ

(k)
i , i = 1, 2, · · · , I, and the cross corre-

lation vector, r̂(k)
s (N), for each frequency k = 0, 1, · · · , K−1, are stored in memory

for subsequent use.

Operation phase:
The variables used are:
- the subband weight variable at time instant n, for subband number k,

(initialize as a zero vector):

w(k)
n =

[
w

(k)
1 [n] w

(k)
2 [n] . . . w

(k)
I [n]

]T
- the inverse of the total correlation matrix variable at time instant n, for

subband number k:

P(k)
n , Initialize as: P

(k)
0 = Q(k)HΓ(k)−1

Q(k), Dummy variable: P(k)

- the forgetting factor for the WRLS and a smoothing factor for the weight
update (they are chosen as constants for all frequencies):

λ(k) = λ, α(k) = α

Algorithm:
When any of the sources are active simultaneously compute:
for n = 1, 2, · · ·

x(k)
n = [x

(k)
1 [n], x

(k)
2 [n], . . . x

(k)
I [n]]T

P(k) = λ−1P
(k)
n−1 −

λ−2P
(k)
n−1x

(k)
n x(k)

n

H
P

(k)
n−1

1 + λ−1x
(k)
n

H
P

(k)
n−1x

(k)
n

P(k)
n = P(k) − γp(1 − λ)P(k)q(k)

p q(k)
p

H
P(k)

1 + γp(1 − λ)q
(k)
p

H
P(k)q

(k)
p

where index p = (nmod I) + 1,

w(k)
n = αw

(k)
n−1 + (1 − α)P(k)

n r̂(k)
s
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The output from each subband is then:

y(k)[n] = w(k)
n

H
x(k)
n

n is increased by one, return

The operation phase consists of continuous decomposition of the microphone sig-
nals into discretized frequencies, by the subband decomposition structure. The
subband weights are updated by making use of both the memorized correlation
estimates and the actual microphone observations. The output from each subband
signal is reconstructed with the reconstruction filter-bank and the time domain
output consists of the estimate of the sound source of interest. The algorithm is
adapting continuously once the correlation estimates are placed into memory.

The algorithm contains a step where a rank one update of the correlation matrix
is performed using scaled eigenvectors, one eigenvector for each new input data
vector. This step adds correlation estimates from the source signal and in this way,
the information gathered in the acquisition phase, will remain as a constant part
of the correlation matrix while the contributions from the environmental noise will
be subject to the forgetting factor in the estimates. This procedure forces full rank
properties into the matrix inverse, independent of actual data properties.

4.5 Multi resolution time-frequency Adaptive Beamformer

The performance of the algorithm stated in previous section depends on the number
of subbands being 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 are
also related to the delay caused by the frequency transformations. The relation
between the number of subbands and the delay is given in section 5.4.

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 sig-
nal, sampled at a reduced sample rate, bearing only frequencies contained 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 con-
stant. The lengths of the subband filters may differ between the subbands, and the
consequence is that a multi resolution subband identification is obtained.

The extension of the algorithm is achieved simply be using more lags from the
observed microphone signals x

(k)
i [n], i = 1, 2, · · · , I, when defining the input vector,

x(k)
n = [x

(k)
1 [n], x

(k)
2 [n], . . . x

(k)
I [n]]T

where each element consists of number L(k) lags as

x
(k)
i [n] = [x

(k)
i [n] x

(k)
i [n− 1] . . . x

(k)
i [n− L(k) + 1]], i = 1, 2, · · · , I
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and the weight vectors for each subband is extended similarly as

w(k)
n = [w

(k)
1 [n], w

(k)
2 [n], . . . w

(k)
I [n]]T

where each element consists of number L(k) parameters

w
(k)
i [n] = [w

(k)
i [0] w

(k)
i [1] . . . w

(k)
i [L(k) − 1]], i = 1, 2, · · · , I.

The definitions of the correlation-, the eigenvalue- and the eigenvector- matrices
follows directly, and the size of the matrices will increase by the factor, L(k) · L(k),
for subband number k. The amount of memory needed to store the eigenvectors
and the eigenvalues increases when the number of used subband lags increase.

5 Subband Frequency Domain Transformation

5.1 Subband Decomposition

In order to reduce complexity and thus simplify the problem, the input signals are
transformed into the frequency domain by decomposing them on a set of subband
basis filters. A uniform DFT analysis filter-bank is used to decompose the full-rate
sampled signals, xi[n], into K subband signals [24]. 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) if 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 sampling rate due to the deci-
mation, which makes way for a polyphase implementation, giving this structure
approximately the same computational complexity as for the STFT.

5.2 Polyphase Subband Decomposition

A set of K filters forms a uniform DFT analysis filter-bank when they are related
to the prototype filter, h0[n], as

Hk(z) = H0(zW
k
K) =

∞∑
n=−∞

h0[n](zW k
K)−n k = 0, · · · , K − 1 (59)

where WK = e−j2π/K . The polyphase decomposition can be used to implement
such a filter-bank in an efficient manner [25]. We write the prototype filter in the
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z-domain as a sum of its polyphase components as

H0(z) =
∞∑

n=−∞
h0[n]z−n =

K−1∑
l=0

z−lH l
0(z

K) (60)

where H l
0(z) is the l-th polyphase component, given by

H l
0(z) =

∞∑
n=−∞

hl0[n]z−n =
∞∑

n=−∞
h0[Kn + l]z−n l = 0, · · · , K − 1. (61)

The k-th subband analysis filter can also be expressed as a sum of the polyphase
components, H l

0(z), according to

Hk(z) =
K−1∑
l=0

z−lW−kl
K H l

0(z
K). (62)

The set of all analysis filters are described in the same way which gives an efficient
structure since the IFFT operator can be used, see figure 5. By employing the
noble identity [25] the down-sampling can be performed before the filtering, thereby
giving low rate filtering.

Figure 5: Polyphase realization of a uniform DFT analysis filter-bank.

As an illustration, figure 6 shows the filter-bank response for a subband at the
half sampling rate frequency region. The total number of subbands is 10 and the
prototype filter is created by window techniques using a Hamming window.

5.3 Over-sampled Polyphase Decomposition

In order to reduce the aliasing between the subbands, the subband decomposition
is made over-sampled by using a down-sampling factor smaller than the number
of subbands. This means that the subband signals added together will carry more
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Figure 6: Frequency response for critically down-sampled filter-bank. Number of
subbands is 10 and the prototype filter is a Hamming-windowed ideal sinc function
of length 128. Marked area shows the region which will cause aliasing.

samples than the original full-band signal. The result will be that aliasing is reduced
due to the separation between the subbands in frequency, see figure 7 where an over-
sampling factor of two is used. A theoretical evaluation of the aliasing effects and
the magnitude distortion caused by the filter-bank is given in section 5.5.

When the factor of over-sampling is a power of two, the polyphase decompo-
sition can be made efficient by the use of the IFFT operator. Filter number k in
the filter-bank is related to the prototype filter as in Eq. (59). When using an
over-sampling factor of two, the polyphase decomposition of the prototype filter
will differ from Eq. (60), according to

H0(z) =
∞∑

n=−∞
h0[n]z−n =

K
2
−1∑

l=0

z−lH l
0(z

K
2 ) (63)

where the polyphase components are defined as

H l
0(z) =

∞∑
n=−∞

hl0[n]z−n =
∞∑

n=−∞
h0

[
K

2
n + l

]
z−n l = 0, · · · , K/2 − 1. (64)

The k-th subband analysis filter can be expressed as a sum of the polyphase com-
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Figure 7: Illustration of frequency response for the over-sampled filter-bank. Num-
ber of subbands is 10 and the prototype filter is a Hamming-windowed ideal sinc
function of length 128. Marked area shows the region which will cause aliasing.

ponents, H l
0(z), as

Hk(z) =

K
2
−1∑

l=0

z−lW−kl
K H l

0((W
k
Kz)

K
2 ) =

K
2
−1∑

l=0

z−lW−kl
K

∞∑
n=−∞

h0

[
K

2
n + l

]
(W k

Kz)
−Kn

2

(65)
where

W
−knK/2
K = (ejπk)n =

{
1 k even
(−1)n k odd.

Using the definition of the polyphase components

H l
0(z) =

∞∑
n=−∞

h0

[
K

2
n + l

]
z−n l = 0, · · · , K/2 − 1 (66)

and defining

H l′
0 (z) = ej2πl/K

∞∑
n=−∞

h0

[
K

2
n + l

]
(−1)nz−n l = 0, · · · , K/2 − 1 (67)
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we can build a realization of Eq. (65) as illustrated in figure 8, where the size
K
2
× K

2
IFFT operator is used. When other factors of over-sampling are used the

polyphase implementation can be derived in a similar fashion as above.

Figure 8: Polyphase realization of a factor two over-sampled uniform DFT analysis
filter-bank.

5.4 Reconstruction of Polyphase Subband Decomposition

Each subband output signal from the beamformer corresponds to the subband
domain representation of the output signal. A reconstruction filter-bank is needed
in order to synthesize the subband signals back to the time domain representation.
An efficient polyphase synthesis filter-bank can be constructed in the same way
as for the analysis filter-bank, see figure 9. Assuming the prototype filter being
linear phase and ideal, that is, constant up to the cut off frequency and zero for all
other frequencies, we can discard the aliasing effects and easily deduce the synthesis
filter-bank. In next section magnitude distortion and aliasing effects caused by the
filter-bank are studied in detail.

Each subband signal, Xk(z), can be expressed as

Xk(z) = X(z)
K−1∑
l=0

z−lW−kl
K H l

0(z) k = 0, · · · , K − 1. (68)
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Figure 9: Polyphase realization of a uniform DFT synthesis filter-bank.

After the synthesis filter-bank the reconstructed signal is given by

X̂(z) = X(z)
K−1∑
l=0

z−lz−(K−l−1)H l
0(z)F

l
0(z) = z−(K−1)X(z)

K−1∑
l=0

H l
0(z)F

l
0(z) (69)

where the filters, Fk(z), are related to the prototype filter polyphase components,
F l

0(z), as

Fk(z) =
K−1∑
l=0

z−lW−kl
K F l

0(z
K) k = 0, · · · , K − 1. (70)

If the prototype filter is ideal with a cut off frequency wp = π
K

, all the polyphase
components will be ideal all-pass filters since they are decimated by a factor K.
The consequence is that the last sum in Eq. (69) can be simplified as

K−1∑
l=0

H l
0(z)F

l
0(z) = z−L (71)

where, z−L, is a delay which equals the group delay of the prototype filter, since the
filter is assumed to be linear phase. Under this ideal assumptions on the prototype
filter the reconstructed signal equals the input signal up to a delay of, K − 1 + L,
samples.

For the factor two over-sampled subband realization, the synthesis filter-bank is
deduced in the same way, see figure 10. The polyphase components in the synthesis
filter-bank are related to the prototype filter similarly as the polyphase components
in the analysis filter-bank, Eq. (66) and Eq. (67). The even indexed polyphase
components are defined as

F l
0(z) =

∞∑
n=−∞

f0

[
K

2
n− l − 1

]
z−n l = 0, · · · , K/2 − 1 (72)

and the odd indexed polyphase components are defined as

F l′
0 (z) = e−j2πl/K

∞∑
n=−∞

f0

[
K

2
n− l − 1

]
(−1)nz−n l = 0, · · · , K/2 − 1. (73)
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Figure 10: Polyphase realization of a factor two over-sampled uniform DFT syn-
thesis filter-bank.

Under ideal assumptions on the prototype filter the output will equal

X̂(z) = z−(K/2−1)X(z)z−L (74)

which is a K/2 samples delay reduction when compared to the critically down-
sampled filter-bank. In this case of factor two over-sampled representation, the
polyphase components will be half-band filters where even- and odd- indexed com-
ponents will be centered at frequencies zero and π, respectively. Because of this
fact, the sum of all polyphase component transfer functions will maintain the all-
pass property.

5.5 Analytical evaluation on aliasing and magnitude dis-
tortion effects caused by the subband transformation

In order to analyze the magnitude and aliasing effects caused by the filter-bank an
equivalent direct form realization of the filter-bank is beneficial when it comes to
uniformity of the derivations for different down sampling factors. The polyphase
down-sampled filter-bank is an efficient realization because the polyphase filtering
is performed at the reduced sampling rate and the use of the Fast Fourier Transform
provides an efficient computation for all subband transformations. Besides these
two computational aspects the direct down-sampled filter-bank has exactly the
same properties as the polyphase down-sampled filter-bank [25]. In the following
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we consider the number of subbands being K, and the down sampling factor D
being any power of two fraction of K. The direct down-sampled filter-bank is
shown in figure 11. The prototype filter is chosen as a linear phase filter. Other
choices of the prototype filter are considered in part V and part VI of the thesis.

Figure 11: Direct form filter-bank realization.

The subband filters, Hk(z) and Fk(z) are all related to a single prototype filter
by modulation. In this filter-bank realization, the subband filters are the same for
the analysis and synthesis part according to

Hk(z) = Fk(z) = H0(zW
k
K) =

∞∑
n=−∞

h0[n](zW k
K)−n (75)

where WK = e−j2π/K . Using the subband signal definitions according to figure 11
we can describe the signal path through the filter-bank realization. Each branch
signal, Vk(z), is simply a filtered version of the input signal as

Vk(z) = Hk(z)X(z) = H0(zW
k
K)X(z) k = 0, · · · , K − 1. (76)

The decimators cause a summation of repeated and expanded spectrum of the
input signal according to

Xk(z) =
1

D

D−1∑
l=0

Vk(z
1
DW l

D) =
1

D

D−1∑
l=0

H0(z
1
DW k

KW
l
D)X(z

1
DW l

D) k = 0, · · · , K−1

(77)
where WD = e−j2π/D. The interpolators have a compressing effect according to

Uk(z) = Xk(z
D) =

1

D

D−1∑
l=0

H0(zW
k
KW

l
D)X(zW l

D) k = 0, · · · , K − 1. (78)

By yet another filtering operation by the reconstruction filters and using Eq.
(75) we can state a relation between the input signal X(z) and the output signal
X̂(z) according to
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X̂(z) =
K−1∑
k=0

Fk(z)Uk(z) =
1

D

D−1∑
l=0

X(zW l
D)

K−1∑
k=0

H0(zW
k
KW

l
D)H0(zW

k
K) (79)

provided we are given a prototype filter, H0(z). We can rewrite this in the more
convenient form

X̂(z) =
D−1∑
l=0

Al(z)X(zW l
D) (80)

where

Al(z) =
1

D

K−1∑
k=0

H0(zW
k
KW

l
D)H0(zW

k
K) l = 0, · · · , D − 1. (81)

The transfer functions, Al(z), l = 1, · · · , D − 1, can be viewed as gains for
the aliasing terms caused by the decimations and interpolations, in the sense of
repeated spectra. The function, A0(z), is the magnitude gain for the original input
signal spectrum. In the context of subband beamforming we wish the subband
signals to be as good representation to the input signals frequency content as
possible. Thus, we wish to reduce the aliasing effects caused by the filter-bank.
By appropriately choosing the analysis- and the synthesis- subband filters one can
cancel the aliasing effects totally at the output signal, X̂(z), when no subband
filtering takes place. Nevertheless, aliasing will still occur at the subband signals.
While the aliasing terms are cancelled, at the output, the transform domain does
still not give an accurate representation of the frequency domain information of
the input signal. As is shown next, the decimation factor has a great impact on
both the aliasing and the magnitude distortion caused by the filter-bank.

The magnitude and phase response of the overall transfer function, T (z), for
the filter-bank is given by the sum of the original and all repeated spectrum gains,
Al(z)

T (z) =
D−1∑
l=0

Al(z) (82)

and the total distortion function, D(z), caused by the aliasing gains is given by the
sum of all repeated spectrum gains as

D(z) =
D−1∑
l=1

Al(z). (83)

Observing figure 7, it can be seen that the width of the subband filter response
can be expanded and still having only the side lobes causing aliasing, when over-
sampling by a factor of two. This fact enables us to perform an optimization
procedure in order to find the cut off frequency, wc, of the prototype filter such
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that the total response of the filter-bank will have a maximally flat response. In
the case of critically down-sampled filter-bank, any altering of the cut off frequency
will cause an increase, in either the aliasing terms or the variation of the magni-
tude response. This can also be seen in figure 6. The optimization of wc is done
by line search of the transfer functions uniformly sampled on the unit circle using
the following criterion

wc = arg min
w∈[π/K,2π/K]

∣∣∣∣∣z−L −
D−1∑
l=0

Al(z)

∣∣∣∣∣
2

z=ejw

(84)

where L is the length of the prototype filter.
Since we have restricted the prototype filter to be linear phase there is no need

to consider phase information in the optimization procedure. The response of the
filter-bank will maintain the linear phase property since all filters are related to the
prototype filter by modulation. Figure 12 show the magnitude and phase response
of both the critically and the non-critically down-sampled filter-bank when the
number of subbands are 20 and the decimation factor is 20 and 10, respectively.
Figure 13 show the aliasing magnitude caused by the same configuration. For the
non-critically down-sampled filter-bank the cut off frequency of the prototype filter
has been found by the line search optimization according to Eq. (84).
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Figure 12: Magnitude transfer function for analysis-synthesis system for both the
critically and non-critically decimated filter-bank. Number of subbands is 20 and a
decimation factor of 20 and 10 is used, respectively.

It can be seen from the figure that the aliasing and the magnitude variation are
reduced substantially by the over-sampling. Table 1 show the average magnitude
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Figure 13: Aliasing magnitude for analysis-synthesis system for both the critically
and non-critically decimated filter-bank. Number of subbands is 20 and decimation
factor of 20 and 10 is used, respectively.

Magnitude variation | Aliasing gain [dB] Critical sampling Over-sampling

No. of subbands = 32 -26|-26 -48|-53
No. of subbands = 64 -26|-26 -46|-53
No. of subbands = 128 -26|-26 -45|-53
No. of subbands = 256 -26|-26 -45|-53

Table 1: Average magnitude variation and aliasing gain for different number of
subbands.

variation and the aliasing magnitude for some different number of subbands. The
over-sampling factor for the non-critically down-sampled realization is two. The
gains are almost constant for different number of subbands and the over-sampled
realization has approximately 25 dB reduction both when it comes to magnitude
variation and aliasing gain. The increase in computational cost for the oversampled
realization is explored in next section.

5.6 Computational complexity for the oversampling real-
ization

The direct implementation, shown in figure 11, can be implemented in such a
way that an over-sampling causes an increase of the computational cost exactly
by the factor of over-sampling, when compared to a critically down-sampled filter-
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bank. However, when implemented in the efficient polyphase structure the increase
in computational cost will be less than this, for moderate number of subbands.
Asymptotically when the number of subbands increase, the computational cost
will be increased by the factor of over-sampling.

The computational cost, C(K), for the critically down-sampled filter-bank in a
polyphase realization for a given length of the prototype filter, L, is given by

C(K) = LK log(K) (85)

where K is the number of subbands. For the factor two over-sampled polyphase
realization the cost is given by

C(K) = 2LK log(K/2). (86)

Figure 14 shows the relation between the cost for a critically down-sampled
realization and a factor two over-sampled realization. It can be seen that for the
number of subbands in the range of 32 to 256 the increase of computational cost
is between 60 and 70 %. In many applications the number of subbands suffices
to be in this range and in the simulations shown in next sections the number of
subbands is chosen to be 64. This corresponds to a total system delay of 24 ms
in the considered implementations. While the increase in computational cost is
moderate, the reduction of aliasing gain and magnitude variation is reduced by
more than 1700 %.

Figure 14: Ratio of the computational cost between the critically- and non-critically-
down-sampled filter-bank, for different number of subbands, K.
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6 Algorithm Implementations

The optimal beamformers described in previous sections are implementable under
ergodic signal property assumptions where the expectation operator may be in-
terchanged with time averaging estimations. Further, the source signal and the
noise/interference- signal components, have to be accessible separately so that we
may estimate the source- and the noise/interference correlation estimates individ-
ually. In the following it is assumed that these constraints are fulfilled.

6.1 Time Domain Implementations

In the signal model, no restrictions on the signals properties, besides ergodicity,
are imposed. In general we have to rely on numerical methods to find the optimal
beamformers, and consequently there is a relation between the accuracy of the ob-
tained filter weights and the ratio between largest and smallest eigenvalue of the
correlation matrices. The signal spectral content is related to the optimization ac-
curacy since the eigenvalues of the correlation matrix for a discrete time stochastic
process is bounded by the minimum and maximum values of the power spectral
density of that process, [16]. Thus, we need to restrict our optimizations in such a
way that the methods have the same numerical preliminaries and may be compared
to each other.

6.1.1 Optimal Near-field Signal-to-Noise plus Interference Beamformer

In order to find the optimal signal-to-noise plus interference beamformer we need
to solve a generalized eigenvalue problem as described in section 3.4. Provided that
the matrix Rnn is non-singular, the sensitivity of the optimization process depends
on the correlation matrices according to

εSNIB ∝ O(‖Rss‖2‖Rnn
−1‖2) (87)

where εSNIB is the residual error magnitude of the optimization process, O(·) is the
Ordo-operator and ‖ · ‖2 is the Euclidean matrix norm, [15]. The consequence of
the above relation is that the eigenvalue spread of the noise correlation matrix is of
major importance for the numerical sensitivity of the optimization process. In our
implementations we limit the spread in eigenvalues of the noise correlation matrix
by adding a constant to the diagonal terms. We chose the constant, σ2, such that
the eigenvalue spread is limited to 40 dB

Rmod
nn = Rnn + σ2I (88)

and solve the generalized eigenvalue problem for the modified noise correlation
matrix

wopt = arg max
w

{
wHRssw

wHRmod
nn w

}
(89)
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where the filter variable, w, is defined as in section 3.2. The process of estimating
the correlation matrices and solving the generalized eigenvalue problem is in general
a very time consuming task in the time domain formulation. This is due to the
fact that the size of the matrices may be very large. The size will be LI × LI,
where L is the length of the FIR filters and I is the number of sensors used in the
beamformer.

6.1.2 Optimal Near-field Least Square Error Beamformer

For the least squares error beamformer we need to find the solution to a set of
linear equations. If the matrix, [Rss + Rnn], have full rank, the solution is given
by Eq. (37). If the matrix is rank deficient, there are infinitely many least squares
solutions. In general, the full rank property is not necessarily fulfilled and we wish
to find the minimum norm least squares solution (MNLS), which is given by

wopt = [Rss + Rnn]+ rs. (90)

where + denotes the pseudo inverse. The residual error magnitude, εMNLS, is
related to the singular value spread as

εMNLS ∝ O(
σmax
σmin

) (91)

where σmax and σmin are the largest- and the smallest- non-zero singular values of
the matrix, [Rss + Rnn]. We can restrict our residual error magnitude by calculat-
ing the singular value decomposition (SVD) as

[Rss + Rnn]+ = VΣ+UH (92)

where

Σ+ = diag

(
1

σp
,

1

σp−1

. . . ,
1

σ1

, 0, . . . , 0

)
∈ LI×LI (93)

when the singular values are ordered as σ1 > σ2 > . . . > σp and where we have
replaced the last (LI − p) singular values with zeros. The parameters L and I are
the FIR filter length and the number of sensors, respectively. The index p is chosen
such that the singular value spread is bounded by

10 log(
σ1

σp
) ≤ 40 (94)

and the resulting solution according to Eq. (90) is less sensitive to high spectral
dynamics of the input signals.
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6.2 Frequency Domain Implementations

The frequency domain implementations are performed by transforming each micro-
phone observation into K number of subbands by using the over-sampled analysis
polyphase filter-bank as described in section 5.3. All microphone decompositions
for subband number k forms the input signal to beamformer number k as

x(k) = [x
(k)
1 [n], x

(k)
2 [n], . . . x

(k)
I [n]]T . (95)

The output from subband number k is given by

y(k)[n] =
I∑
i=1

w
(k)
i x

(k)
i [n] (96)

where w
(k)
i are the k-th subband weights. The full-band output signal, y[n], is

reconstructed from all subband output signals, y(k)[n], k = 0, 1, · · · , K − 1, by
the over-sampled synthesis polyphase reconstruction filter-bank as described in
section 5.4 with a prototype filter obtained by window techniques using a Hamming
window. See figure 3 for an illustration of the frequency domain implementation.

In order to provide the same conditions for the frequency domain implementa-
tions as for the time domain implementations, the mean spectral power is calculated
in each subband and all subband beamformer weights in subbands which have spec-
tral power more than 40 dB below the maximum subband spectral power level are
forced to zero. In general, this occurs for frequency subbands which are outside
the range of the signal bandwidth. The difference in signal power level between
different microphone observations, for a specific subband, is mainly affected by mi-
crophone placement and spacing. The condition number of the frequency domain
correlation matrix estimates is therefor small, and this in turn leads to simplified
optimization procedures.

6.2.1 Optimal Near-field Signal-to-Noise plus Interference Beamformer

The optimal frequency domain SNIB is implemented as described in section 3.3,
where the expectations have been replaced by time averaging. This means that the
source signal correlation- and the noise/interference- signal correlation matrices
are estimated for each subband separately. Then, the optimal SNIB is found for
each subband individually from all other subbands according to Eq (20). Subbands
containing mean signal power levels 40 dB below the maximum signal power level
are omitted and the corresponding subband weights are set to zero.

6.2.2 Near-field Point Source in a Diffuse Noise Situation

In the case of a diffuse background noise situation and by assuming that the source
of interest can be accurately modeled as a point source in free-field with a known
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source signal location, the optimal beamformer weights can be found individually
for each subband. The total beamforming response will have a peak response for the
source location. Further, assuming that the surrounding noise field is spherically
isotropic, it is possible to calculate the modeled noise correlation matrix according
to Eq (35). The optimal weights for each subband is then found from Eq. (34),
based on the modeled correlation matrix.

6.2.3 Optimal Near-field Least Square Error Beamformer

The optimal LS error beamformer is implemented as described in section 3.8, where
the correlation matrix estimates are found by time averaging the source and the
noise-plus-interference signals separately. Optimal weights are found for each sub-
band individually according to Eq. (42).

6.3 Calibrated Weighted Recursive Least Square Algorithm

The calibrated weighted RLS algorithm is implemented as described in section 4.4
with the modification that subbands where the spectral input signal power are more
than 40 dB below the maximum signal power are left unadapted and the weights
are forced to zero. This is simply done by calculating a moving average of the
signal power level for each subband and by simple thresholding energy detection
the unadapted subbands are chosen. The forgetting factor, λ, and the weight
smoothing factor, α, are chosen as

λ = 0.99, α = 0.01

for all subbands.
The implementations also include subband beamformers with more than one

FIR filter tap in each subband, as described in section 4.5. Here we consider the
case when all subbands have the same number of FIR filter taps, and a performance
evauation with number of taps chosen between 1 and 6 is conducted.

7 Evaluation Conditions and Performance Mea-

sures

7.1 Car Environment

The performance evaluation of the beamformer was made in a hands-free situation
where a six sensor linear microphone array were mounted on the visor at the pas-
sanger 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
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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 serves as the desired sound source calibration sig-
nal in all 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 following simulations. In order to gather background noise signals, the car
was running at a speed of 110 km/h on a normal paved road. The car cabin noise
environment consists of a number of unwanted sound sources, mostly with a broad
spectral content, e.g. 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 serves as the beamformer eval-
uation signals and all performance measures, presented in section 8, were based
on these real speech recordings. The interfering hands-free loudspeaker signal is
referred to as the unwanted echo signal.

7.2 Microphone configurations

The sensors used in this evaluation were high-quality Sennheiser microphones
mounted flat on the visor. The distance between the speaker’s position and the
microphone array was 35 cm, perpendicular to the array axis. The mounting of the
six element linear array is illustrated in figure 15. The spacing between adjacent
elements in the array is 50 mm.

Mic.# 6 5 4 3 2 1
↓ ↓ ↓ ↓ ↓ ↓
• • • • • •

↑
Ref.Mic.

Figure 15: Microphone array geometry. Distance between adjacent microphones is
50 mm.

7.3 Performance Measures

The objectives specified in Eqs. (3) and (6) are in fact two separate measures, the
distortion caused by the beamforming filters measured by the deviation between
the beamformer output and the source signal, and the noise- and interference- sup-
pression. In order to measure the performance, the normalized distortion quantity,
D, is introduced as

D =
1

2π

∫ π

−π
|CdP̂ys(w) − P̂xs(w)|dw (97)
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where w = 2πf , and f is normalized frequency. The constant, Cd, is defined as

Cd =

∫ π
−π P̂xs(w)dw∫ π
−π P̂ys(w)dw

(98)

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 number four in the array. The
measure of distortion in Eq. (97), is the mean output spectral power deviation
from the observed single sensor spectral power. Ideally, the distortion is zero.

In order to measure the noise suppression the normalized noise suppression
quantity, SN , is introduced as

SN = Cs

∫ π
−π P̂yN

(w)dw∫ π
−π P̂xN

(w)dw
(99)

and the normalized interference suppression quantity, SI , as

SI = Cs

∫ π
−π P̂yI

(w)dw∫ π
−π P̂xI

(w)dw
(100)

where

Cs =
1

Cd

(101)

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 way P̂yI

(w) and P̂xI
(w) are spectral power esti-

mates 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 sig-
nal is active alone, i.e. if the beamformer attenuates the source signal by a specific
amount, the noise- and interference- suppression quantities are reduced with the
same amount.

7.4 Spectral Performance Measures

In order to evaluate the performance for each frequency individually, the definitions
of the normalized suppression measures are extended by omitting the integration
in the quantities as

SN(w) =
CsP̂yN

(w)

P̂xN
(w)

(102)
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and

SI(w) =
CsP̂yI

(w)

P̂xI
(w)

(103)

where the definition of Cs, is the same as in Eq. (101), and the power spectral
estimates are the same as in Eqs. (99) and (100).

The implementation of the above measures is practically made with spectral es-
timations found by Welch’s averaged periodogram method with 50 %-overlapping
Hanning windows of length 256. The integrals are approximated by discrete sum-
mation of the periodograms. All measures are calculated from time domain signals,
which means that distortion caused by the frequency transformations are also taken
into account.

8 Simulations

In the simulations white noise signal recordings were used as explained in section 7,
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, the calibration input sequence were
formed, from which all optimal beamformer weights are found. The duration of
these signals were 8 seconds.

In order to evaluate the optimal beamformers, input signals were created by
emitting independent speech signals from the artificial talker and the hands-free
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 the total number of subbands is chosen
as K = 64, and by setting the prototype filter length in the filter-bank to 256 the
same filter order as for the corresponding time domain filters is obtained. This
comes from the fact that the number of time-domain lags used in the frequency
transformation equals the prototype filter length.

The adaptive beamformers are evaluated by storing the source- and the hands-
free- calibration sequences, in terms of the diagonalized correlation matrices (as
given in section 4.4), and by continuously adapting the weights and creating the
output for the real speech signal recordings.

8.1 Simulation Results

Performance measures of the distortion and the noise- and interference- quantities,
as described in section 7.3, are presented in Table 2. The numbers are in dB scale
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
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Performance [dB] Speech dist., D Noise supp., SN Interference supp., SI

Time domain
Time domain SNIB -19.4 18.1 30.7
Time domain LS -30.6 15.2 17.2

Frequency domain
SNIB -19.8 18.0 23.7
Diffuse Noise Model -26.5 4.0 1.9
LS 1-tap -28.6 12.9 13.6
CW-RLS 1-tap -28.0 12.9 13.1
CW-RLS 2-tap -28.8 13.4 14.4
CW-RLS 3-tap -30.0 13.8 15.2
CW-RLS 4-tap -30.4 14.2 15.4
CW-RLS 5-tap -30.5 14.3 15.7
CW-RLS 6-tap -30.7 14.3 15.8

Table 2: Performance measures for beamformer output in relation to the reference
sensor input, when each signal component, speech-, noise- and echo- components
are active individually. Evaluation figures are given in Appendices A-C.

the other hand, the LS beamformers have much less distortion caused by the beam-
former to the input source signal. It can also be seen that the proposed calibrated
subband beamformer has performance closer to the full-band LS solution as the
number of subband weights are increased.

The erroneous assumption of diffuse background noise and the fact that the mi-
crophone array is non-calibrated may explain the low levels of noise- and interference-
suppression for the diffuse noise model beamformer.

Corresponding evaluation figures are presented in Appendices A-C. Each im-
plementation is presented according to the following:

• Short time power estimates
The figures begin with a time sequence of the single reference microphone
observation without any processing, followed by the beamformer output for
the same sequence. 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 sequences are totally of 16 seconds duration

– The signals are within a bandwidth of 3.1 kHz
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– The sampling rate is 12 kHz

– The results are presented as short time (20 ms) power estimates in dB

• Spectral performance measures of noise- and interference- suppres-
sion
The figures show spectral estimate of the reference microphone observation
and the normalized spectral estimate of the beamformer output, when the
noise- and the interference- signals are active individually. This corresponds
to the numerator and the denominator of Eqs. (102) and (103), respectively.
The figures use the following convention:

– The frequency axes are in logarithmic scale

– The spectral power is given in dB scale

– The sampling rate is 12 kHz

– The signals are within a bandwidth of 3.1 kHz

9 Summary and Conclusions

A number of optimal beamformers based on different power criteria has been stud-
ied, both in the time- and in the frequency- domain. An adaptive calibrated
weighted least squares beamformer in the frequency domain, based on an efficient
calibration procedure, has been proposed. For the frequency domain transforma-
tions an efficient oversampled polyphase filter-bank realization is suggested. Fur-
ther, it has been shown that oversampling in the filter-bank reduces the aliasing
distortion caused by the frequency transformations.

An evaluation of the beamformers in a real environment, a car hands-free tele-
phony situation, has been conducted. Simulations on real speech signals sampled
by a linear microphone array show that noise reduction of 18 dB and echo sup-
pression 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
squares 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 opti-
mal 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 proposed adaptive calibrated weighted least squares beamformer evaluation
shows 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
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14 dB and 16 dB, respectively, while the computational complexity is substantially
reduced, and may therefor be implemented in real-time processors. The distortion
caused by the proposed method is the same as with the optimal time domain least
squares beamformer. The ability to adapt in a non-stationary environment without
the use of any voice activity detection and the low complexity, both when it comes
to amount of memory needed and the computational load, makes the proposed
method attractive in a real implementation.

The optimal signal-to-noise plus interference beamformer is related to sub-space
fitting methods, since the projection space in these methods, is defined as the sub-
space spanned by the generalized eigenvectors of the source- and the interference-
covariance matrices. In fact, they are equivalent for the particular case of an
one-dimensional sub-space projection, i.e. the single generalized eigenvector cor-
responding to the largest eigenvalue. By making use of several eigenvectors, the
sub-space may be enlarged, and a more appropriate signal representation can be
obtained. This may lead to a possible reduction in source distortion at the beam-
former output. Also, a combination of the proposed adaptive algorithm and the
sub-space method can be incorporated, where the sub-space projection acts as a
dimensionality reduction in a pre-processing step. Incorporating sub-space track-
ing in the adaptive beamformer, where the tracking is applied to the noise plus
interference signal space, is part of current research.

Further research include 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 difference be-
tween the probability density function of the source- and the noise- signals. Imple-
mentations at an early stage show encouraging results. Source tracking is implicitly
possible since a calibration sequence is unnecessary and the objective function may
thus be made invariant to source movements. The choice of non-linearity is also
an interesting topic for future research.

References

[1] Y. Kaneda, J. Ohga, “Adaptive Microphone-Array System for Noise Reduc-
tion,” IEEE Transactions on Acoustics, Speech, and Signal Processing, vol.
ASSP-34, no. 6, pp. 1391-1400, Dec. 1986.

[2] S. F. Boll, “Suppression of acoustic noise in speech using spectral subtraction,”
IEEE Trans. on Acoustics, Speech and Signal Processing, vol. 27, Apr. 1979.

[3] J. R. Deller jr., J. G. Proakis, J. H. L. Hansen, Discrete-Time Processing of
Speech Signals, Macmillan, 1993.



Optimal and Adaptive Beamforming for Speech Signals 81

[4] J. L. Flanagan, D. A. Berkley, G. W. Elko, J. E. West, M. M. Sondhi, “Au-
todirective Microphone Systems,” ACOUSTICA, vol. 73, pp. 1629-1636, Mar.
1993.

[5] G. W. Elko, T. C. Chou, R. J. Lustberg, M. M. Goodwin, “A Constant-
Directivity Beamforming Microphone Array,” Proceedings of the 128th Meeting
of the Acoustical Society of America, Austin TX, in JASA, vol. 96, no. 5, pt.
2, p. 3244, Nov. 1994.

[6] Y. Grenier, “A Microphone Array for Car Environments,” Proceedings of IEEE
International Conference on Acoustics, Speech, and Signal Processing, ICASSP-
92, vol. 1, pp. 305-308, 1992,

[7] J. Yang, “Frequency Domain Noise Suppression Approaches in Mobile Tele-
phone Systems,” Proceedings of ICASSP-93, vol. II, pp. 363–366, Apr. 1993.

[8] Q. Lin, C. W. Che, J. L. Flanagan, “Robust hands-free Speech Recognition,”
Proceedings of the 128th Meeting of the Acoustical Society of America, Austin
TX, in JASA, vol. 96, no. 5, pt.2, p. 3244, Nov. 1994.

[9] S. Nordholm, I. Claesson, B. Bengtsson, P. Eriksson, “A Multi-DSP Implemen-
tation of a Broad-Band Adaptive Beamformer for Use in a hands-free Mobile
Radio Telephone,” IEEE Transactions on Vehicular Technology, vol. 40, Feb.
1991.

[10] S. Nordholm, I. Claesson, B. Bengtsson, “Adaptive Array Noise Suppression
of hands-free Speaker Input in Cars,” IEEE Trans. on Vehicular Technology,
vol. 42, no. 4, pp. 514-518, Nov. 1993.

[11] B. Granström, M. Blomberg, A. Roxström, S. Nordholm, S. Nordebo, I. Claes-
son, K. Eke, B. Waernulf, “An Experimental Voice Based Traffic Information
Provider for Vehicle Drivers,” Proceedings of ESCA-93 Conference, Lautrach,
Sep. 1993.

[12] M. Dahl, I. Claesson, “Acoustic Noise and Echo Cancelling with Microphone
Array,” IEEE Trans. on Vehicular Technology, vol. 48, No. 5, pp. 1518-1526,
Sep. 1999.

[13] J. E. Hudson, “Adaptive Array Principles,” Peter Peregrinus Ltd., 1991, ISBN
0-86341-247-5.

[14] R. A. Monzingo, T. W. Miller, “Introduction to adaptive arrays,” John Wiley
and Sons, New York, 1980.

[15] G. H. Golub, F. Van Loan, “Matrix Computations,” John Hopkins University
Press, London, 1989, ISBN 0-8018-3739-1



82 Part I

[16] S. Haykin, “Adaptive Filter Theory,” Prentice Hall International, Inc., 1996,
ISBN 0-13-397985-7.

[17] M. M. Goulding, J. S. Bird, “Speech Enhancement for Mobile Telephony,” in
IEEE Trans. on Vehicular Technology, vol 39, no. 4, pp. 316-326, Nov. 1990.

[18] S. Nordholm, V. Rehbock, K. L. Teo, S. Nordebo, “Chebyshev Optimization
for the Design of Broadband beamformers in the Nearfield,” IEEE Trans. on
Circuits and Systems II: Analog and Digital Signal Processing, vol. 45, pp.
141-143, 1998.

[19] S. Nordholm, Y. H. Leung, “Performance limits of the generalized sidelobe
cancelling structure in an isotropic noise field,” Journal of Acoustical Society
of America, vol. 107, no. 2, pp. 1057-1060, Feb. 2000.

[20] I. Claesson, S. Nordholm, “A Spatial Filtering Approach to Robust Adaptive
Beamforming,” IEEE Transactions on Antennas and Propagation, vol. 40, no.
9, Sep. 1992.

[21] S. Nordebo, I. Claesson, S. Nordholm, “Adaptive Beamforming: Spatial Filter
Designed Blocking Matrix,” IEEE Journal of Oceanic Engineering, vol. 19, no.
4, Oct. 1994
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A Optimal Time Domain Beamformer Evalua-

tion
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Figure 16: Time signal of unprocessed single microphone observation followed by
the beamformer output signal in short time (20 ms) power estimates. Optimal time
domain SNIB beamformer.
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Figure 17: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when noise source is active
alone. Optimal time domain SNIB beamformer.
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Figure 18: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when echo signal is active
alone. Optimal time domain SNIB beamformer.
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Figure 19: Time signal of unprocessed single microphone observation followed by
the beamformer output signal in short time (20 ms) power estimates. Optimal time
domain LS beamformer.
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Figure 20: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when noise source is active
alone. Optimal time domain LS beamformer.
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Figure 21: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when echo signal is active
alone. Optimal time domain LS beamformer.
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B Optimal Frequency Domain Beamformer Eval-

uation
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Figure 22: Time signal of unprocessed single microphone observation followed by
the beamformer output signal in short time (20 ms) power estimates. Optimal
frequency domain SNIB beamformer.
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Figure 23: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when noise source is active
alone. Optimal frequency domain SNIB beamformer.
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Figure 24: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when echo signal is active
alone. Optimal frequency domain SNIB beamformer.
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Figure 25: Time signal of unprocessed single microphone observation followed by
the beamformer output signal in short time (20 ms) power estimates. Optimal
frequency domain point source in diffuse noise field beamformer.
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Figure 26: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when noise source is active
alone. Optimal frequency domain point source in diffuse noise field beamformer.
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Figure 27: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when echo signal is active
alone. Optimal frequency domain point source in diffuse noise field beamformer.
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Figure 28: Time signal of unprocessed single microphone observation followed by
the beamformer output signal in short time (20 ms) power estimates. Optimal
frequency domain LS beamformer using one tap in each subband.
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Figure 29: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when noise source is active
alone. Optimal frequency domain LS beamformer using one tap in each subband.
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Figure 30: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when echo signal is active
alone. Optimal frequency domain LS beamformer using one tap in each subband.
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C Proposed Adaptive Frequency Domain Beam-

former Evaluation
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Figure 31: Time signal of unprocessed single microphone observation followed by
the beamformer output signal in short time (20 ms) power estimates. Optimal
frequency domain Calibrated WRLS beamformer using one tap in each subband.
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Figure 32: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when noise source is active
alone. Optimal frequency domain Calibrated WRLS beamformer using one tap in
each subband.



Optimal and Adaptive Beamforming for Speech Signals 95

10
2

10
3

−80

−70

−60

−50

−40

−30

−20

−10

0

Frequency [Hz]

Po
we

r S
pe

ct
ru

m
 [d

B]

Handsfree echo Suppression

Single Sensor observation
Beamformer output        

Figure 33: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when echo signal is active
alone. Optimal frequency domain Calibrated WRLS beamformer using one tap in
each subband.
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Figure 34: Time signal of unprocessed single microphone observation followed by
the beamformer output signal in short time (20 ms) power estimates. Optimal
frequency domain Calibrated WRLS beamformer using two taps in each subband.
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Figure 35: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when noise source is active
alone. Optimal frequency domain Calibrated WRLS beamformer using two taps in
each subband.
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Figure 36: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when echo signal is active
alone. Optimal frequency domain Calibrated WRLS beamformer using two taps in
each subband.
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Figure 37: Time signal of unprocessed single microphone observation followed by
the beamformer output signal in short time (20 ms) power estimates. Optimal
frequency domain Calibrated WRLS beamformer using three taps in each subband.
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Figure 38: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when noise source is active
alone. Optimal frequency domain Calibrated WRLS beamformer using three taps
in each subband.
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Figure 39: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when echo signal is active
alone. Optimal frequency domain Calibrated WRLS beamformer using three taps
in each subband.
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Figure 40: Time signal of unprocessed single microphone observation followed by
the beamformer output signal in short time (20 ms) power estimates. Optimal
frequency domain Calibrated WRLS beamformer using four taps in each subband.
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Figure 41: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when noise source is active
alone. Optimal frequency domain Calibrated WRLS beamformer using four taps in
each subband.
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Figure 42: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when echo signal is active
alone. Optimal frequency domain Calibrated WRLS beamformer using four taps in
each subband.
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Figure 43: Time signal of unprocessed single microphone observation followed by
the beamformer output signal in short time (20 ms) power estimates. Optimal
frequency domain Calibrated WRLS beamformer using five taps in each subband.
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Figure 44: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when noise source is active
alone. Optimal frequency domain Calibrated WRLS beamformer using five taps in
each subband.
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Figure 45: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when echo signal is active
alone. Optimal frequency domain Calibrated WRLS beamformer using five taps in
each subband.
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Figure 46: Time signal of unprocessed single microphone observation followed by
the beamformer output signal in short time (20 ms) power estimates. Optimal
frequency domain Calibrated WRLS beamformer using six taps in each subband.
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Figure 47: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when noise source is active
alone. Optimal frequency domain Calibrated WRLS beamformer using six taps in
each subband.
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Figure 48: Spectral estimates using Welch’s periodogram of unprocessed single mi-
crophone observation and the beamformer output signal, when echo signal is active
alone. Optimal frequency domain Calibrated WRLS beamformer using six taps in
each subband.
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Abstract

This paper presents novel subband beamforming schemes mainly aimed
at speech enhancement and acoustic echo suppression applications such as
hands-free telephony for both mobile and office environments, internet tele-
phony and video conferencing.

Analytical descriptions of both causal finite-length and noncausal infinite-
length subband microphone array structures are given. More specifically, this
paper compares finite Wiener filter performance with the noncausal Wiener
solution, giving a comprehensive theoretical suppression limit.

It is shown that even short filters will yield a good approximation of the
infinite solution, provided that the element spacing and temporal sampling
is matched to the frequency band of interest. Typically, 10-20 FIR taps are
sufficient in each subband.

1 Introduction

The hands-free situation for telephony in cars and offices, internet telephony and
video conferencing gives different enhancement requirements in order to achieve
a desired speech quality. Different applications also require a different cost level
on the instrumentation side. Hands-free solutions for mobile and office situations
as well as internet telephony are typically low-cost products. This implies that
the extra cost allowed for speech enhancement and acoustic echo cancellation is
limited. Subband beamforming may be used to reduce the complexity inherent in
conventional beamformers and thus better suite these low cost products.

The advantages of hands-free communication are safety, convenience and greater
flexibility. A hands-free communication set-up includes at least one loudspeaker
and one microphone in the same environment. This means that the microphone(s)
are subject to several near-end disturbances. These near-end disturbances may
result in substantial speech degradation and they are mainly caused by room re-
verberation and background noise. Acoustic feedback (generated at the near end)
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is a problem for the far-end speaker, who will hear his or her voice echoed on a
100-200 ms delay, making speech intelligibility further more difficult.

Digital filtering may be used to obtain a similar sound quality as for hand held
telephony. The filtering operation has in general strong restrictions on the induced
delay.

This paper proposes a spatial diversity scheme using a subband beamforming
structure which can handle these hands-free problems effectively.

Some of the existing methods of increasing the signal-to-noise ratio in hands-
free mobile telephones are spectral subtraction [1, 2, 3], temporal filtering, noise
cancellation, and a variety of different array techniques [4, 5, 6]. Room reverbera-
tion is most effectively handled by array techniques or proper microphone design
and placement. Acoustic feedback for hands-free mobile telephony is usually ad-
dressed by conventional echo cancellation techniques [7, 8, 9], although subband
methods are emerging techniques [10]. There are also possibilities to exploit the
effect of masking [11, 12] in order to improve the speech quality.

In this paper novel subband beamforming structures are proposed, which are
inspired from octave band structures, closely related to wavelets. Further, inspira-
tion was spawned by delayless echo cancelling [13, 14] and an on-site self-calibrating
learning strategy for beamformers, which is combined with an Adaptive Microphone
Array Employing Calibration signals (AMAEC) [15, 16, 17].

In order to avoid extra delays, the actual beamforming is performed in a re-
constructed fullband beamformer, similar to subband echo cancelling, proposed by
Morgan et. al. [13]. The beamformer performs echo cancelling and noise suppres-
sion simultaneously. Inverse filtering of the room acoustics is also possible to some
extent, if the on-site calibration is slightly modified.

Delayless subband echo canceler implementations can be designed with some
major advantages as compared to conventional subband schemes:

• No extra delay in the signal path.

• A lower decimation factor than critically needed will render negligible alias-
ing.

• The requirements on the filter bank are less restrictive, due to the reduced
decimation factor.

The main idea behind the proposed approach is to make the processing numer-
ically more effective, i.e. faster convergence rate with less number of operations.
Another feature is the higher suppression achieved. There is also the flexibility to
choose different sampling rates in different frequency bands. The scheme has the
same features as the earlier proposed, AMAEC, [15, 16, 17]. In AMAEC calibra-
tion signals recorded on-site are employed in order to achieve a ”desired” signal.
The microphone elements and their placement can be chosen arbitrarily, in contrast
to conventional spatial beamformers [5, 18], adaptive beamformers [4, 6] or pilot
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signal beamformers [19], where a priori information about signal statistics or array
geometry is needed.

The digital design of a beamformer consists of two coupled sampling processes,
the spatial and the temporal sampling, [20]. The array input signals are bandlim-
ited, sampled and each of the discrete-time signals are digitally filtered using a
bank of filters. The same filter bank is used for each channel and thus all spatial
properties are kept in the subbands. The output signals from the filter bank in each
frequency band are temporally over-sampled, hence a temporal decimation can be
performed. This is the usual case for a single input signal and it is straightforward
and well understood. The spatial sampling could add complications but also new
possibilities. There is a potential for using different sets of microphone elements in
different subbands, corresponding to some sort of spatial decimation depending on
the temporal frequency range.

This paper gives performance limits for subband beamformers. In all subband
adaptive processing there is a cumbersome part concerning the reconstruction of
the fullband signal after the subband adaptive processing. The elegant solution
proposed by Morgan and Thi [13] is further generalized here to the Multiple Input
Single Output (MISO) case, which corresponds to the beamforming situation.

The outline of the paper is as follows: In section 2, the subband beamforming
scheme is presented. Signal model and both finite, and optimum infinite, Wiener
solutions are described in section 3. In section 4, the performance versus the filter
length is given and it is compared to the optimal noncausal infinite Wiener solutions
for different sampling rates and sensor spacing. Finally, section 5 summarizes and
makes conclusions and proposes further ideas.

2 Subband Beamformer

Several subband adaptive beamforming schemes has been proposed [21, 22, 23].
There are many advantages with a subband beamformer, as compared to a con-
ventional fullband beamformer:

• a shorter filter length in total

• better interference suppression

• a simple optional weighting in each frequency band

• faster convergence

• less computational load

The normal procedure when designing a subband beamformer is to use a scheme
like the one shown in figure 1. This type of beamformer has, however, several
drawbacks. One important drawback is the unwanted delay caused by the filter
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bank. Another drawback is the problem with signal reconstruction since the signal
after the interpolation becomes cyclostationary due to the aliasing between the
different subbands, see [24, 25]. The recovered signal is not a stationary stochastic
process even if the input is stationary.

Figure 1: Conventional subband beamforming scheme.

A better way is to perform the adaptation in subbands while the actual beam-
forming is performed in a fullband beamformer, [13]. No extra delay is introduced
by the structure and stationarity is obtained if the weights in the beamformer are
kept unaltered.

Another issue to address is whether the subband splitting should be performed
with an FFT operation, yielding equal-bandwidth subbands or in an iterative half
band filtering and decimation-by-2 fashion, yielding octave subbands. The latter
can also be more attractive from an auditory point of view. The reconstruction of
the fullband beamformer also becomes somewhat more complex with the octave
band approach, but this is not a major obstacle.

The novel training scheme presented here, with the self calibration performed
individually in subbands, circumvents most of the drawbacks, see figure 2. There
will be no extra delay in the filtering beamformer, since instead of recovering the
output signal from the beamformers in each subband, the filter weights in each
subband are transformed to a conventionally operating beamformer. The adap-
tation can be performed in subbands with good convergence features and on real
data, taking into consideration the actual acoustic environment. By applying an
extra training microphone close to the talkers mouth during calibration, also room
reverberation can be suppressed to some extent.
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2.1 Delayless Subband Beamformer

The signal path delay, caused by the analysis and reconstruction filter banks, can be
avoided by using a delayless subband beamforming scheme such as the one shown
in figure 2. In this scheme the weights are updated in each frequency band and
the resulting weights are subsequently transformed back to a fullband beamformer.
The weights in each subband are updated individually in that band, see figure 3.

Figure 2: Suggested subband beamformer.

The ”desired” signal, d[n], is found from a calibration phase where the talker’s
speech is gathered from a desired position [17]. The ”desired” signal is then divided
into the different subbands creating the desired signals d̃k[l], for each subband k.
The input signals presented to the adaptive subband beamformer consist of the
received signal at each microphone element together with prerecorded calibration
signals according to figure 3. All signals have been filtered by corresponding sub-
band filter and decimated individually in each frequency band.

Each adaptive subband beamformer consists of several FIR filters with corre-
sponding inputs and a ”desired” signal representing the calibration source. An
adaptive algorithm is used to minimize the difference between the output, ỹk[l],
and the desired, d̃k[l]. This optimization, or weight calculation, is performed in
each frequency band and all subband weights are then converted to the upper full-
band beamformer. The upper beamformer continuously filters the array element
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Figure 3: Subband k beamformer.

inputs using these transformed weights.

3 Analysis of the Suggested Beamforming Scheme

Important issues to discuss and analyse are the number of FIR taps needed to
achieve essentially the same performance as an optimum beamformer, and how
the input signal should be divided into subbands in order to obtain an effective
structure with short FIR filters. The use of less filter coefficients as compared
to the fullband realization will give savings in the required number of arithmetic
operations, which is crucial for real-time applications. There is also a significant
performance gain in varying the spatial sampling, i.e. the distance between the
elements, across different frequency bands.

3.1 Signal Model and Wiener Solutions

The studied situation corresponds to the operating/adaptive phase of the array,
for each individual subband. The resulting weights from each frequency band are
transformed to the fullband beamformer. Analysis and experiments are performed
separately for each subband.

All signal sources are assumed to be point sources. The impulse response, mod-
eling the propagation path from each source d to each array element i, is denoted
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gd,i(t). The corresponding transfer function between source number d and array
element number i is denoted Gd,i(ω) and it may be either measured or modeled. In
the calculation model, a spherical source in a free-field and homogeneous medium
has been assumed. The model includes arbitrary placement of microphone ele-
ments and sources with arbitrary spectral content. The D different signal sources
sd(t), d = 1, 2, · · · , D with spectral densities, Ssd

(ω), and autocorrelation functions,
rsd

(τ), are assumed to be mutually uncorrelated, i.e. the cross power spectral den-
sity, Ssdse(ω), is zero if d �= e. All sources impinge on an array with I microphone
elements, each corrupted with mutually uncorrelated noise, vi(t).

In the analytical evaluation, the desired signal d(t), is presumed to be known
(in practice it is obtained from the high SNR calibration procedure) and gathered
synchronously with the array calibration signals [16, 17]. The input signals, xi(t),
are given by

xi(t) =
D∑

d=1

sd(t) � gd,i(t) + vi(t), i = 1, 2, · · · , I (1)

where � denotes convolution. Without loss of generality it is assumed that the
desired signal is point source number one, i.e. d(t) = s1(t) � f(t), where f(t) cor-
responds to an arbitrary filter. The filter f(t), may be used for optional weighting
of the target signal, both in the spatial and the temporal domain.

In the sequel we assume that all input signals are sampled and correctly ban-
dlimited. The sampled input signals are gathered into a vector

x[n] = (x1[n] x2[n] . . . xI [n])
T , n = 1, 2, · · · (2)

where all the inputs are filtered through the same filter bank dividing the input
signals into K bands. Thus

xk[n] = hk[n] � x[n], (3)

where xk[n] is the array signal in band k. These signals are decimated by a
factor P . As will be shown later, it is beneficial to use different decimation factors
in different frequency bands. The objective is to obtain effective processing, i.e.
using few parameters, while maintaining a performance close to that achieved by
optimum Wiener filtering. The decimation only affects the temporal sampling. The
spatial sampling, however, is determined by the geometrical interrelations between
the signals on each array element. The decimated signal is given by

x̃k[l] = xk[lP ]. (4)

The desired signal in each subband is processed in the same way, i.e. using the
same filter bank and decimation,

d̃k[l] = dk[lP ]. (5)

These signals form the basis for the design of the optimum beamformer.
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3.2 Wiener Solution, Optimum Filter Lengths

The subband array employs optimal/adaptive beamforming in each subband, see
figure 2, and the weights from all subbands are transformed to a fullband beam-
former. It is therefore essential to study the solution in each frequency band.

The power spectral density matrix for the discrete-time signals in band k, after
decimation by factor P , is given by

Sx̃kx̃k
(ω) =

1

P

P∑
p=1

Sxkxk

(
ω + 2π · p

P

)
=

1

P

P∑
p=1

(
D∑

d=1

Ssd
(
ω + 2π · p

P
)
∣∣∣∣Hk(

ω + 2π · p
P

)
∣∣∣∣
2

Gsd
(
ω + 2π · p

P
)GH

sd
(
ω + 2π · p

P
)

+
∣∣∣∣Hk(

ω + 2π · p
P

)
∣∣∣∣
2

Rvv(
ω + 2π · p

P
)

)
,

(6)
and the cross spectral density vector is given by

Sd̃kx̃k
(ω) =

1

P

P∑
p=1

Sdkxk

(
ω + 2π · p

P

)
=

1

P

P∑
p=1

(
Ss1(

ω + 2π · p
P

)
∣∣∣∣Hk(

ω + 2π · p
P

)
∣∣∣∣
2

GH
s1
(
ω + 2π · p

P
)

)
,

(7)

where Gsd
(ω) denotes a column vector with I digitized signal transfer functions

from source d to all I elements, and Hk(ω) is the transfer function of the k-th
subband filter. The noncausal Wiener solution in each subband1 minimizes the
local error spectral density in that subband with respect to the row filter vector,
Wk(ω), and can be found by expressing the orthogonality between the error, εk[l],
and the inputs, x̃k[l],

Sεkx̃k
(ω) = Sd̃kx̃k

(ω) −Wk(ω)Sx̃kx̃k
(ω) = 0, (8)

yielding
Wk,opt(ω) = Sd̃kx̃k

(ω)S−1
x̃kx̃k

(ω). (9)

The corresponding minimum error power spectral density is given by

Sεkεk,opt(ω) = Sd̃kd̃k
(ω) − Sd̃kx̃k

(ω)S−1
x̃kx̃k

(ω)Sx̃kd̃k
(ω). (10)

The Wiener solution in each band expresses the optimum performance for an adap-
tive beamformer with infinite length noncausal filters in that frequency band.

1This solution does not guarantee that the fullband error is minimized since there is a leakage
between the frequency bands.
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The power spectral density matrix, Sx̃kx̃k
(ω), consists of a target signal and

jamming signals corrupted with noise. We can separate Sx̃kx̃k
(ω) into two parts,

one containing desired signals and one with undesired signals

Sx̃kx̃k
(ω) =

1

P

P∑
p=1

(
Ss1(

ω + 2π · p
P

)
∣∣∣∣Hk(

ω + 2π · p
P

)
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2

Gs1(
ω + 2π · p

P
)GH

s1
(
ω + 2π · p

P
)

+
∣∣∣∣Hk(

ω + 2π · p
P

)
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2

Svv(
ω + 2π · p

P
)

)
.

(11)

The matrix

Sṽkṽk
(ω) =

1

P

P∑
p=1

∣∣∣∣Hk(
ω + 2π · p

P
)
∣∣∣∣
2

Svv(
ω + 2π · p

P
)

consists of all the undesired signals, including measurement noise. The target signal
part of the matrix consists of P rank one matrices, implying that the maximal
rank of this matrix is bounded by P . It is possible to apply a general form of the
matrix inversion lemma to express S−1

x̃kx̃k
(ω) in closed form. However, assuming the

overlap between different frequency bands to be zero, i.e. ideal filters Hk(ω) in the
filter bank, the corresponding optimal performance will serve as an upper bound,
independent on subband filter bank properties. The assumption leads to a target
signal part consisting of a single rank one matrix, and thus the simplest form of
the matrix inversion lemma is applicable. Using expression (11) in Eq. (9) and
finding an expression for Sd̃kx̃k

we arrive at a compact formula for the solution

Wk,opt(ω) =
Ss̃1(ω)F (ω)GH

s1
(ω)S−1

ṽkṽk
(ω)

Ss̃1(ω)G
H
s1
(ω)S−1

ṽkṽk
(ω)Gs1(ω) + 1

. (12)

The corresponding expression for the error power spectral density is given by

Sεkεk,opt(ω) =
Ss̃1(ω)|F (ω)|2

Ss̃1(ω)G
H
s1
(ω)S−1

ṽkṽk
(ω)Gs1(ω) + 1

. (13)

It can be seen from Eq. (13) that the array output signal, ỹk[l], is closely matched
to the desired signal, d̃k[l], in frequency bands where the Signal-to-Interference and
Noise Rejection (SINR) is high, i.e. in bands where the error power spectrum is
small.

Once the optimum filters, Wk,opt(ω), in each band are found, the best perfor-
mance for a linear system in that frequency band is obtained. This optimal solution
can then be a benchmark for the FIR solutions. Note, in a theoretical case, i.e. a
situation with perfect non-overlapping filters, the performance in each subband is
the same as for a fullband beamformer, viewed over the same frequency region.
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3.3 Wiener Solution, FIR filters

The FIR solution approximates the optimum Wiener filter with better accuracy as
the filter length increases. It is however not a simple relationship, since there are
two more variable parameters, the frequency band and the decimation factor.

It is straightforward to formulate the optimal FIR solution in each frequency
band. The autocorrelation matrix and the crosscorrelation vector is formed from
x̃k[l] and d̃k[l]. The task for the FIR filters is to minimize the output error, εk[l],
in subband k.

The optimal FIR filter is found by minimizing

E(|εk[l]|2) = rd̃kd̃k
[0] −Rd̃kx̃k

wk −wH
k Rx̃kd̃k

+wH
k Rx̃kx̃k

wk (14)

where wk is a stacked FIR tap vector. The filter weights from each FIR filter are
stacked on top of each other, creating a vector of length LI. The optimum weights
are given by

wk,opt = R−1
x̃kx̃k

Rx̃kd̃k
(15)

and the minimum output power in frequency band k is given by

E(|εk[l]|2) = rd̃kd̃k
[0] −Rd̃kx̃k

R−1
x̃kx̃k

Rx̃kd̃k
(16)

The optimization is performed separately in each frequency band. The weights
in each frequency band are then converted to fullband filters by means of an FFT-
stacking-IFFT operation. Theoretical calculations indicate that in order to obtain
a certain SINR, less total weights are needed when minimizing Eq. (16) for each
subband, in comparison to the fullband case. This is however outside the scope of
this paper.

4 Analysis and Calculations

In this section we present fundamental calculations based on a linear array. Exten-
sion to the general case, with arbitrary microphone placement, is straight forward.
The results serves as an aid to decide appropriate filter lengths and decimation fac-
tors for each subband. The evaluation is separated into different frequency bands,
low frequencies 250-1000 Hz, mid frequencies 1000-2000 Hz and high frequencies
2000-4000 Hz. The low frequency band has further been divided into two frequency
bands, 250-500 Hz and 500-1000 Hz. The idea has been to keep the relative band-
width constant. Some results with varying element spacing, and different angles of
interference, have also been included. The study covers only the lower part of the
subband beamformer presented in figure 2. This implies that a complete study,
i.e. to study the performance of the fullband beamformer obtained from the sub-
band processing, still needs to be performed. The task in this paper is to develop
theoretical limits and to facilitate design ideas for a complete system. In all calcu-
lations it is assumed that one interfering point source is present, corresponding to
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a hands-free loudspeaker. Further, the signal of interest and the interfering source
are assumed to have equal power. The microphone array is a linear array with
five equally spaced elements. The SNR is set to 30 dB and the angle between the
jammer source, and the axis perpendicular to the array axis, is denoted by θ.

4.1 Finite Filter Lengths, High-Frequency Band, 2000-4000
Hz

The array element spacing is chosen such that it matches half the wavelength
for the upper frequency in the telephone bandwidth, namely 5 cm. The sampling
frequency, fs, is chosen as 8 kHz and 16 kHz. Figure 4 show the SINR achieved with
different length of the finite filters for the two sampling frequencies, together with
the optimum noncausal Wiener filter limit. It can be seen that the required filter
order is very modest, approximately 10 filter taps is needed to achieve the Wiener
filter limit when sampling at twice the highest frequency, i.e. at the sampling rate
8 kHz. The angle of the jammer source, θ, is 30 degrees. It should also be noted
that the maximum SINR is close to as much as 37 dB.

4.2 Finite Filter Lengths, Mid-Frequency Band, 1000-2000 Hz

In the mid-frequency region we choose the sample frequencies as 4, 8 and 16 kHz.
The sensor distance is chosen as 5 cm and the angle of the jammer source, θ,
is 30 degrees. As can be seen in figure 5, this range exhibits a slightly higher
dependence on the sampling rate. The sampling rate 4 kHz gives the best result
and the required number of filter taps is the same as for the high-frequency range,
approximately 10 taps. The maximum SINR is approximately 35 dB and it is
reduced when compared to the high-frequency region.

4.3 Finite Filter Lengths, Low-Frequency Band, 500-1000 Hz

The spatial resolution is directly proportional to the spatial sampling, i.e. the sen-
sor distribution in space. However, the resolution is coupled with the temporal
sampling and the reduced performance caused by an array with small spacing can
be compensated by an increase in the temporal sampling rate, to some extent. In
the low-frequency region, 500-1000 Hz shown in figure 6, it can be seen that the
FIR solution corresponding to the sampling rate 2 kHz does not attain the opti-
mum infinite Wiener solution, for any length of the FIR filters. The solution with
sampling rate 4 kHz is very close to the infinite Wiener solution with approximately
13 FIR filter taps. The most important result is that the maximum limit, given by
the optimum infinite Wiener solution, is approximately 30 dB, which is a reduction
of 5 dB compared to the mid-frequency region. An increase in the maximum at-
tainable limit can be obtained only by a different sensor spacing, as will be shown
in later sections.
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Figure 4: Output SINR vs. FIR length in the high frequency band 2000-4000 Hz.
The upper line is the optimum noncausal Wiener Filter limit. Linear array with
I=5, sensor distance is 0.05 m, SNR=30 dB, SIR=0 dB, θ=30 degrees, fs =
16, 8 kHz.

4.3.1 Low-Frequency band, 250-500 Hz

The low-frequency region, 250-500 Hz, exhibits an even further reduction in perfor-
mance, due to the mismatch in spatial sampling, as can be seen in figure 7. With 1
and 2 kHz sampling rate the optimum infinite Wiener solution is not attained for
any length of the FIR filters. The difference between the performance with 1 kHz
sampling rate, at the peak, and the optimal Wiener solutions is as much as 10 dB.
With 2 kHz sampling rate and with 10 FIR filter taps, the performance is less
than 1 dB below the optimal Wiener solution. However, the maximum SNR limit
is reduced by 13 dB when compared to the high-frequency region. This reduced
resolution may be serious from a speech intelligibility point of view, due to masking
effects caused by low frequency disturbances.
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Figure 5: Output SINR vs. FIR length in the mid-frequency band 1000-2000 Hz.
The upper line is the optimum noncausal Wiener Filter limit. Linear array with
I=5, sensor distance is 0.05 m, SNR=30 dB, SIR=0 dB, θ=30 degrees, fs =
16, 8, 4 kHz.

4.4 Proper Element Spacing for Low-Frequency Bands

By matching the spatial sampling to the highest frequency in the low-frequency
bands, one may achieve the same performance as for the high-frequency band.
In figure 8, where the sensor distance is chosen as 0.20 m, it can be seen that the
optimal infinite Wiener solution has been increased almost by 7 dB when compared
to figure 6, for the frequency band 500-1000 Hz. The number of FIR filter taps
needed in order to achieve the upper limit is very moderate and similar to the upper
frequency band. By using 10 FIR filter taps, we get near-optimal performance.

By choosing the sensor distance to 0.40 m in the lowest frequency band, 250-
500 Hz, we get similar characteristics, although the number of required FIR filter
taps is slightly higher, see figure 9.
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Figure 6: Output SINR vs. FIR length in the low frequency band 500-1000 Hz.
The upper line is the optimum noncausal Wiener Filter limit. Linear array with
I=5, sensor distance is 0.05 m, SNR=30 dB, SIR=0 dB, θ=30 degrees, fs =
16, 8, 4, 2 kHz.

4.4.1 Angular Dependence

In this section the angular dependency of the jammer is studied for two different
frequency bands with different sensor spacing. The frequency regions studied are
500-1000 Hz, given in figure 10 and the frequency range 250-500 Hz, given in figure
11. Sensor spacing is chosen as 0.05, 0.15 and 0.30 m and the FIR filter length is
13 for all cases. The sampling rate is 2 kHz.

In the upper frequency range, 500-1000 Hz, it can be seen that 13 FIR filter taps
are enough and the upper limit is very well approximated in all cases. With small
sensor distance it can be seen that large separation in space between the jammer
and the source is needed in order to obtain high SNIR performance. However, it can
be seen that the infinite Wiener solution with 0.30 m sensor spacing outperforms
the solution with 0.05 m sensor spacing, for angular separation above 10 degrees.
This suggests that different sensor spacing needs to be considered in high quality



Structures and Performance Limits in Subband Beamforming 119

Figure 7: Output SINR vs. FIR length in the low-frequency band 250-500 Hz.
The upper line is the optimum noncausal Wiener Filter limit. Linear array with
I=5, sensor distance is 0.05 m, SNR=30 dB, SIR=0 dB, θ=30 degrees, fs =
16, 8, 4, 2, 1 kHz.

applications. The finite Wiener solution performance with 0.30 m sensor spacing
drops above 60 degrees of angular separation, due to the occurrence of spatial
aliasing.

In the frequency range, 250-500 Hz, similar performance to the upper frequency
range is obtained, the difference is that the spatial resolution is decreased, i.e. the
angular separation between the source and the jammer needs to be larger in order
to have the same SINR improvement. The array with sensor spacing chosen as
0.30 m is better than the array with sensor spacing 0.05 m, for all angles above
10 degrees.
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Figure 8: Output SINR vs. FIR length in the frequency band 500-1000 Hz. The up-
per line is the optimum noncausal Wiener Filter limit. Linear array with I=5, sen-
sor distance is 0.20 m, SNR=30 dB, SIR=0 dB, θ=30 degrees, fs = 16, 8, 4, 2 kHz.

5 Conclusions and Future Work

The results show that through subband processing it is possible to keep the total
number of adaptive parameters at a low level and still achieve near-optimal perfor-
mance. Conventional FFT-splitting into uniform bandwidth subbands is known to
be beneficial when it comes to implementation issues, but it will however require
non-uniformly distributed filter orders in the different subbands. With octave band
procedures, and by matching the temporal and spatial sampling to each subband,
it is shown that the number of parameters is nearly constant across the subbands,
and thus the spatial and temporal properties are exploited in an efficient manner.
We believe that this structure should be considered in broadband high quality con-
ference telephony where complexity issues are important as well. Typically 10-20
tap long FIR filters are needed per microphone in each subband.

By matching the spatial sampling and relative bandwidth, the theoretical beam-
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Figure 9: Output SINR vs. FIR length in the low-frequency band 250-500 Hz.
The upper line is the optimum noncausal Wiener Filter limit. Linear array with
I=5, sensor distance is 0.40 m, SNR=30 dB, SIR=0 dB, θ=30 degrees, fs =
16, 8, 4, 2, 1 kHz.

forming problem is only rescaled. This result suggests that a combination of spatial
resolution and temporal resolution gives the best performance. From a practical
viewpoint it could be argued that, since more microphones are deployed, why not
use them all in each subband instead of employing rescaling. We argue that it is not
the number of microphones that limits the performance in high quality applications,
rather it is the computing capacity of the signal processors causing the limitation.
Therefore only the minimum amount of channels required in each subband should
be used, in order to facilitate real-time implementations.

The presented subband beamforming scheme has a good built-in parallel pro-
cessing capability and also a moderate number of calculations per input sample
compared to a fullband scheme (this is however an implementation issue). The de-
layless properties of the subband beamformer is also a significant advantage. The
cumbersome part regarding calibration of the microphone array is also handled in
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Figure 10: Output SINR vs. angle of arrival of the jammer. The solid line is
the optimum Wiener Filter. Linear array with I=5, sensor distance is chosen as
0.05, 0.15 and 0.30 m, SNR=30 dB, SIR=0 dB, FIRL=13, fs = 2 kHz sampling
frequency. Frequency range 500-1000 Hz.

an efficient manner by using a calibration on site scheme.
The next step is to study a complete system, i.e. to study the fullband solution

achieved from the subband processing, in a real environment. This step will be the
next phase of this project.
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Abstract

This paper discusses a multirate filterbank based Extended Infomax al-
gorithm for real world signal separation, i.e. convolved mixtures separation.
Since convolution in the time domain corresponds to instantaneous mixing
in the frequency domain, polyphase subband projection naturally becomes
an efficient alternative to the Fourier transform based frequency domain ap-
proach. The online implementation proposed is featured by a simultaneous
inverse channel identification in the frequency domain and signal filtering in
the time domain. It is shown that an over-representation structure reduces
aliasing between different bands and results in more accurate inverse chan-
nel estimates. Therefore, it provides better performance than the Fourier
transform based structure in the measures of both separation and distortion.
The performance limitation of the method is also evaluated in terms of the
Wiener solution.

Index Terms – speech enhancement, blind system identification, signal separa-
tion, polyphase subband filterbank, microphone array.

1 Introduction

Blind signal separation consists of recovering unobserved independent sources from
observed mixtures at the receiver end of unknown propagation channels. Many
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algorithms have been proposed to successfully solve the simplest case, that is, in-
stantaneous mixing problems, where such effects as inhomogeneities, refraction and
diffraction of medium are ideally assumed to be negligible so that the sources are
linearly superimposed by the channels. Overviews of the problem, principle and
algorithms are given in [1]-[4]. In real world applications, the physical properties
of the propagation channel are often mathematically modeled as a convolution op-
eration with the source signals and thus a linear time-invariant filter model may
sometimes be more accurate, for example an IIR modeling of a room transfer func-
tion [5] and its inverse filtering approach [6]. The convolutive mixture problems
have been studied for many years. Lee et al. show that all of the previously pro-
posed approaches including the Bussgang algorithm, Maximum Likelihood Estima-
tion and Infomax can be put into a unifying framework based on an information
theoretic approach [7]. The typical treatment is to create a matrix of filters to
approximately invert the mixing channels [8, 9]. The architecture for a separation
system can be both a mixture of feedforward and feedback structures or a pure
feedforward structure. Using a feedback structure, the complexity can be reduced
substantially as compared to a pure feedforward one. The limitation is, however,
that the separation will be stable only for minimum phase mixing channels, and
mixing in real room environments usually involves non-minimum phase mixing [10].
Since convolution in the time domain corresponds to instantaneous mixing in the
frequency domain, the algorithm can be implemented in both the time domain, us-
ing polynomial FIR matrix algebra [9], and the frequency domain, using a Fourier
Transform (FT) based method [8].

One attractive point of the frequency domain based approach is that the al-
gorithms for separating instantaneous mixtures can be readily applied. Many at-
tempts have been carried out by using block-wise FFTs. However, there are two
drawbacks embedded in this type of method. First, it has a severe aliasing effect
among different frequency bands. When signal energy in one band is much higher
than that in other bands, the mixing information at that band will leak into other
bands and become a dominant part. This leakage will unavoidably give inaccurate
estimates of the mixing in other bands. A speech signal is such an example. The
second drawback is that the block-wise FFT based method often has an artifact
problem in reconstructing source signals, when the phase information of the signals
are altered.

Unlike the Fourier transform, there exists no such convolution theorem for the
subband transform, i.e. the convolution in time-domain is equivalent to the “point-
wise multiplication” in the transform domain. However, orthogonal subband trans-
formers decouple the convolution, [22]. To explain this, let x[n] denote the convo-
lution of two sequences s[n] and a[n], i.e., x[n] = s[n] � a[n] =

∑∞
l=−∞ s[n]a[n − l].

In the case of orthonormal filter banks, the convolution is reduced to computing
the convolution sk[n]�ak[n] and adding, where sk[n] and ak[n] denote the k-th sub-
band decomposition of s[n] and a[n], respectively. When the number of subbands
is equal or larger than the length of a[n], each subband signal ak[n] will be a scalar
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and the convolution becomes the point-wise multiplication.
In this paper we propose an online1 polyphase subband approach. A set of sep-

arating FIR filters are constructed in a feedforward structure. By taking subband
decomposition of the output signals, unmixing weights in individual subbands are
adapted by using the Extended Infomax rule [4]. Simultaneously, by transforming
the weights to the FIR filters working in the time domain, the signals are filtered
to reconstruct the source signals. In order to reduce the aliasing an over-complete
decomposition in the subband is employed. The performance of the approach is
compared with an FFT based method [8] using the separation and distortion crite-
ria suggested in [24]. Speech signals mixed by synthetic filters and signals sampled
in a real room situation were used in the comparison. In order to evaluate per-
formance limitations of the proposed method, impulse responses of the room and
the Wiener solution for the inverting FIR system were calculated by replacing the
speech source with a known white Gaussian noise source.

2 Problem formulation

In the blind signal separation problem,D unknown source signals, s[n] = [s1[n], · · · ,
sD[n]], are transmitted through a medium so that an array of I sensors picks up a
set of signals x[n] = [x1[n], · · · , xI [n]], each of which has been mixed, delayed and
convolved according to

xi[n] =
D∑

d=1

∞∑
l=0

aid[l]sd[n−Did − l] (i = 1, · · · , I) (1)

where aid[l] denotes the channel impulse response from d-th source to i-th sensor
and time index n is discretized time. Note that for identifiability of the separation
system, the number of sources should either equal or be less than the number of
sensors. Nevertheless, the number of sources are assumed to equal the number of
sensors in this paper. The mixing can be delayed differently between sources and
sensors giving the subscript of the delays, Did, which denotes the delay between
the d-th source to the i-th sensor. The output of the total system is

uj[n] =
I∑

i=1

L−1∑
l=0

wji[l]xi[n− l] (j = 1, · · · , J) (2)

where wji[l] are FIR filters connecting output uj[n] to sensor signal xi[n]. The
index L denotes the number of parameters in the FIR filters. The length of these
filters should be chosen so that the inverting filters can approximate the true inverse
accurately. In the case of non-minimum phase mixing, that is when the determinant

1The online feature comes from the fact that the algorithm is updated sequentially as new
input data becomes available and it is in contrast to batch processing where all samples within a
whole block of data is used in the updating algorithm.
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of the mixing filter matrix has zeros outside the unit circle, the true inverting
filters will not be bounded [4]. However, there exists a bounded non-causal inverse
filter matrix for the non-minimum phase mixing. In the z-transform domain the
separation system of filters can be found by

W(z)A(z) =




W11(z) W12(z) · · · W1I(z)

W21(z)
. . .

...
. . .

...
WI1(z) · · · WII(z)


 ·




A11(z) A12(z) · · · A1I(z)

A21(z)
. . .

...
. . .

...
AI1(z) · · · AII(z)


 ≈ z−DI (3)

where I is the identity matrix and the delay, D, is chosen so that the length from
the non-causal part of the inverse is long enough for the approximation of Eq. (3)
to be accurate.

s [n]

A(z) W(z)

=s

=ss [n]
2

1
x [n]

x [n]
2

1
u [n]

u [n]
2

1
[n]

[n]
2

1

Figure 1: Structure of Blind Separation for two sources case. Each box represents
a linear filter.

For a case of two sources mixed by the channels creating two observations the
problem at hand is to identify four FIR filters so that the output fulfills some
characteristic measure of separation, see figure 1.

3 Algorithm

Several algorithms have been proposed for resolving instantaneous mixing of in-
dependent sources. They mainly rely on the principle of processing the input
signals into either uncorrelated or independent output signals. Principal Compo-
nent Analysis (PCA) is a well known linear and orthogonal projection basis that
creates uncorrelated outputs. Recently, Independent Component Analysis (ICA)
has been developed as an extension to PCA in the area of blind signal separation.
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The projection of ICA is based on a linear basis which is determined by requiring
that the coefficients of the projection must be mutually independent. Therefore,
the basis vectors of ICA are generally non-orthogonal, and higher order statistics
are needed in determining the ICA projection basis. A popular algorithm is the
Information Maximization learning rule (commonly referred to as Infomax) stated
in [11] which is derived by maximizing the joint entropy of an observation that
has been linearly transformed and processed through a nonlinearity. It is shown in
[12] that ICA and the Infomax principle are equivalent, when the Kullback-Leibler
information is used to measure the statistical independence. It is shown in [13]
that Infomax is also equivalent to the Maximum Likelihood estimation of the free
parameters.

3.1 Maximum Likelihood estimation of the inverting sys-
tem

In the case of instantaneous mixing of unfiltered source signals, the separation sys-
tem becomes a scalar2 inverting matrix and a general learning rule can be derived
from the maximum likelihood formulation in order to find the separation matrix,
W. The probability density function of the observation vector, x[n], can be ex-
pressed as a function of the modeled probability density functions of the sources
as [16]

p(x[n]) = |det(W)| p(u[n]) (4)

where p(u[n]) =
∏I

i=1 pi(ui[n]) is the hypothesized distribution of the independent
sources and |det(·)| is the absolute value of the matrix determinant. The log-
likelihood function is then

L(u[n],W) = log |det(W)|+
I∑

i=1

log pi(ui[n]). (5)

The gradient of the log-likelihood function becomes

∂L(u[n],W)

∂W
=

[
(WT )−1 − ϕ(u[n])x[n]T

]
(6)

which is the original infomax gradient [11], where

ϕ(u) = −
∂p(u)

∂u

p(u)
=


−

∂p(u1)
∂u1

p(u1)
, · · · ,−

∂p(uI)
∂uI

p(uI)




T

. (7)

By postmultiplying the gradient with WTW a simplified algorithm can be
obtained, as proposed by [14] and [17]. The gradient will then be

∂L(u[n],W)

∂W
WTW =

[
I− ϕ(u[n])u[n]T

]
W (8)

2A scalar matrix denotes a matrix where each element is a ”memoryless” filter, i.e. the filter
is constant with respect to the frequency variable.
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which is the natural gradient infomax learning rule. The natural gradient info-
max does not involve a matrix inversion and gives in addition faster convergence
behavior [14]. The idea of natural gradient, defined on the basis of Riemannian
structure of the probability model by S. Amari, has been independently introduced
as “relative gradient” by J.-F. Cardoso [15], and as “covariant approach” by D.
MacKay [18].

The convergence of the above learning rule will be assured if the nonlinearity
ϕ (u [n]) is the derivative of the log-densities of the sources. The mechanism may be
clarified from another perspective, namely a generative model [19]. The model sees
any non-Gaussian distributed source signal as an output of a normally-distributed
source signal passing through a nonlinearity. Therefore, to separate those sources
from their mixed observation, we need different learning nonlinearity to adapt to
such nonlinear changes. For example, a commonly used nonlinearity, i.e. the logis-
tic function tanh (βu), actually pre-assumes an underlying source distribution as

[cosh (βs)]−
1
β , while this nonlinearity can only separate super-Gaussian distributed

sources, i.e. distributions where the normalized kurtosis3 is positive. In the limit
of large β, the nonlinearity becomes a step function and the source distribution
becomes a Laplacian distribution exp (− |s|). Speech signals, for instance, may
obey this type of super-Gaussian distribution. In the limit β → 0, the nonlin-
earity vanishes and the source approaches a Gaussian distribution with zero mean
and variance β. In this case, ICA is just a PCA and the separation is simply a
decorrelation.

Normally, the true source distributions are unknown and a general nonlinearity
is needed. Many attempts have been devoted in the parametric modelling approach.
The idea is to approximate the underlying source distribution with mixtures of
Gaussians, or to construct the nonlinearity by a weighted sum of several logistic
functions. The drawback lies in the computation complexity. In this paper we
adopt the simple way proposed by T. Lee; that is, using two source distribution
models and a switching criteria based on the data to switch between them.

The two distribution models are chosen as,

{
p1(u) = N(0, 1)sech2(u)
p2(u) = 1

2
(N(1, 1) +N(−1, 1)) (9)

where p1(u) and p2(u) have positive and negative signs of the normalized kur-
tosis measure, respectively. By using the switching strategy between the above
super-Gaussian and sub-Gaussian approximation models and the natural gradient
infomax, Eq. (8), the resulting algorithm will keep the simplicity while being more
general. By varying the mean and variance of the normal distributions, N(µ, σ) in

3The normalized kurtosis is defined as κ = c4
c2
2
, where ck is the kth-order cumulant, i.e. ck =

(−j)k ∂dkΦx(τ)
∂dτk |τ=0, where Φx(τ) = log

[
E

{
ejτx

}]
is the cumulant generating function for the

random variable X. A super/sub-Gaussian distribution is defined as a distribution having a
positive/negative normalized kurtosis, respectively.
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Eq. (9), other more appropiate distributions can be obtained, but the simplicity
in the following algorithm will not be retained.

Inserting ϕ(u[n]), defined in Eq. (7) for this choice of source model distribu-
tions, into Eq. (8) the resulting update algorithm for time instant n will become
as [4]

W(n+1) =W[n] + γ
[
I− α(u[n])uT [n]− u[n]uT [n]

]
W[n] (10)

where γ is the learning parameter, I is the identity matrix, and

α(u[n]) = [α(u1[n]), α(u2[n]), · · · , α(uI [n])]
T

α(ui[n]) = sign
[
E{sech2(ui[n])}E{u2

i [n]} − E{tanh(ui[n])ui[n]})tanh(ui[n]
]

where E{·} is the expectation operator and sign [·] acts as the switching crite-
rion between the sub- and super- Gaussian source distributions. The expectation
operation is practically implemented as moving average of the data.

3.2 Frequency Domain Separation

In the case that the mixing system consists of linear time-invariant filters the
separation system can be found, similarily as for the instantaneous case, in the
frequency domain. For implementations in the frequency domain there is a need
for windowing the data. In the subband approach the prototype filter acts as the
window and large filter length will, by the central limit theorem, cause the data to
be closely approximated by a Gaussian distribution. The kurtosis measure of the
sources’ distributions in the frequency domain will then vary with the prototype
filter length and as a result give an inaccurate switching criterion. In the frequency
domain implementation the switching criterion, deciding which one of the two
distribution models in Eq. (9) is more appropriate to model the sources, therefore
still operates in the time domain.

Figure 2 gives a structural illustration of the signal separation in the frequency
domain. The extended infomax rule is used here and we formulate it in the fre-
quency domain, for convenience,

W(z)(n+1) =W(z)(n) + γ∆W(z)(n)

where γ is the learning parameter and

∆W(z)(n)|
z=e

j2π
K

(0,1,···,K−1)
=

([
1̄ 0̄
0̄ 1̄

]
−

[
FT (ŷ1)
FT (ŷ2)

]
· [FT (u1) FT (u2)]

∗

−
[
FT (u1)
FT (u2)

]
[FT (u1) FT (u2)]

∗
)
·

[
w11(z) w12(z)
w21(z) w22(z)

]∣∣∣∣∣
z=e

j2π
K

(0,1,···,K−1)

(11)
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Figure 2: Structure of frequency domain signal separation.

where the FT-operation means Frequency Transformation, either the FFT-operator
or the subband decomposition and ∗ denotes conjugation. The neural processors4

operate in the time domain and they are represented in the figure by the FIR-filters
and the boxes with non-linearities. The switching criterion is incorporated into the
neural processors, as a sign shift, according to

ŷi = sign
[
E{sech2(ui)}E{u2

i } − E{tanh(ui)ui}
]
tanh(ui) (12)

where operator E{·} is the expectation operator. Constants 1̄ and 0̄ in Eq. (11)
are vectors of ones and zeros, respectively, of the same length as the number of
subbands or, equivalently, the number of FFT bins. The transformations from
the frequency domain weights to the time domain filters are done with the IFFT
operation element-wise on W(z). In order to move the zeroth lag to the center
of the filters and therefore allow for non-causal Laurent series expansions of the
inverting channels, a linear phase function is added to the entries of W(z). This
process is equivalent to the FFTSHIFT operator as described in [9].

4A neural processor is by convention referred to as an input-output mapping scheme containing
adjustable weights.
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4 Subband decomposition

In order to find the separation FIR filters, the output signals are transformed into
the frequency domain by decomposing them on a set of subband basis filters. A
uniform DFT analysis filterbank is used to decompose the full-rate sampled signals,
ui[n], into K subband signals [20]. 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 approxi-
mately the same computational complexity as for the STFT.

Increasing the number of subbands in the filterbank causes each subband signal
to represent a more narrow frequency region of the fullband signal, and conse-
quently, each subband signal will have a power spectrum closer to constant. For
white signals, i.e. signals with equal power level in all frequencies, convolution in
the time domain is decoupled into point wise scalar multiplication in an orthogo-
nal subband domain when each subband signal has constant power spectrum. The
number of subbands in the filterbank must therefore be large enough for the convo-
lutive mixture to be accurately modeled as instantaneous mixing in the subbands.

4.1 Polyphase subband decomposition

A set of K filters forms a uniform DFT analysis filter bank when they are related
to the prototype filter, h0[n], as

Hk(z) = H0(zW
k) =

∞∑
n=−∞

h0[n](zW
k)−n (13)

where W = e−j2π/K and k ∈ [0, K − 1]. The polyphase decomposition can be used
to implement such a filter bank in an efficient manner [23]. We write the prototype
filter in the z-domain as a sum of its polyphase components as

H0(z) =
∞∑

n=−∞
h0[n]z

−n =
K−1∑
l=0

z−lH l
0(z

K) (14)

where H l
0(z) is the l-th polyphase component, given by

H l
0(z) =

∞∑
n=−∞

hl
0[n]z

−n =
∞∑

n=−∞
h0[Kn+ l]z−n (l = 0, · · · , K − 1). (15)
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The k-th subband analysis filter can also be expressed as a sum of the polyphase
components, H l

0(z), according to

Hk(z) =
K−1∑
l=0

z−lW−klH l
0(z

K). (16)

The set of all analysis filters are described in the same way which gives an efficient
structure since the IFFT operator can be used, see figure 3. By employing the noble
identity [23] the downsampling can be performed before the filtering, thereby giving
low rate filtering.

Figure 3: Polyphase realization of a uniform DFT analysis filter bank.

As an illustration, figure 4 shows the filterbank response for a subband at the
half-Nyquist frequency region. The total number of subbands is 10 and the proto-
type filter is created by window techniques using a Hamming window.

4.2 Over-complete polyphase decomposition

In order to reduce the aliasing between the subbands, the subband decomposition
is made over-complete by using a down-sampling factor which is smaller than the
number of subbands. This means that the subband signals added together will carry
more samples than the original fullband signal. The result will be that aliasing is
reduced due to the separation between the subbands in frequency, see figure 5
where an over-representation factor of two is used. The dominating aliasing terms
arise from the prototype filter main lobe and there is always a trade off between
the main lobe width and the side lobe level. By employing the over-representation,
influence of main lobe aliasing may be eliminated and thus a substantial reduction
of the total aliasing can be achieved.

When the factor of over-representation is a power of two, the polyphase decom-
position can be made efficient by the use of the IFFT operator. Filter k in the
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Figure 4: Frequency response for critically downsampled filterbank. Number of
subbands is 10 and the prototype filter is a Hamming-windowed ideal sinc function
of length 128. Marked area shows the region which will cause aliasing.

subband is related to the prototype filter as in Eq. (13). When using an over-
representation factor of two, the polyphase decomposition of the prototype filter
will differ from Eq. (14), according to

H0(z) =
∞∑

n=−∞
h0[n]z

−n =

K
2
−1∑

l=0

z−lH l
0(z

K
2 ) (17)

where the polyphase components are defined as

H l
0(z) =

∞∑
n=−∞

hl
0[n]z

−n =
∞∑

n=−∞
h0

[
K

2
n+ l

]
z−n

(l = 0, · · · , K/2− 1). (18)

The k-th subband analysis filter can be expressed as a sum of the polyphase com-
ponents, H l

0(z), as

Hk(z) =

K
2
−1∑

l=0

z−lW−klH l
0((W

kz)
K
2 ) =

K
2
−1∑

l=0

z−lW−kl
∞∑

n=−∞
h0

[
K

2
n+ l

]
(W kz)

−Kn
2 (19)
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Figure 5: Illustration of frequency response for the over-represented filterbank.
Number of subbands is 10 and the prototype filter is a Hamming-windowed ideal
sinc function of length 128. Marked area shows the region which will cause aliasing.

where

W−knK/2 = (ejπk)n =

{
1 k even
(−1)n k odd.

Using the definition of the polyphase components

H l
0(z) =

∞∑
n=−∞

h0

[
K

2
n+ l

]
z−n (l = 0, · · · , K/2− 1) (20)

and defining

H l′
0 (z) = ej2πl/K

∞∑
n=−∞

h0

[
K

2
n+ l

]
(−1)nz−n

(l = 0, · · · , K/2− 1) (21)

gives a realization as illustrated in figure 6. When other factors of over-representation
are used the polyphase implementation can be derived in a similar fashion as above.
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Figure 6: Polyphase realization of a factor two over-represented uniform DFT
analysis filter bank.

5 The Wiener solution for the inverting channels

Employing the structure of FIR filters as separation system and assuming that the
mixing filters, aij, and the cross correlations of the sources, γsisj

, are known, the
Wiener solution of the separation filters can be calculated. For the 2-by-2 mixing
system the principle is shown in figure 7, where the aim is to minimize the sum of
the squared output error. Separation filters can be found by solving

[
Rx1x1 Rx1x2

Rx2x1 Rx2x2

] [
w11 w12

w21 w22

]
=

[
rx1s1 rx1s2

rx2s1 rx2s2

]
(22)

where Rxixj
is the correlation matrix of the mixed signals, which is defined as

Rxixj (kl)
= γxixj

[k − l] =

∞∑
n=−∞

∞∑
o=−∞

aij[n]aij[o]γsisj
[(k − l)− n+ o]

(k, l) ∈
{
Z2 :| k − l |< L

}
, (i, j) ∈ {1, 2}

for entry (k, l), and γxixj
denotes the cross correlation function of the zero mean

mixed signals. The FIR separation filters, for which Eq. (22) is to be solved, are
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Figure 7: Principle of the Wiener solution. Each box represents a linear time-
invariant filter and the sum of the squared residual errors is to be minimized.

arranged as column vectors as

wij = [wij[0] wij[1] · · · wij[L− 1]]T .

In the same way the correlation vectors are defined as column vectors for entry k
as

rxisj (k)
= γxisj

[k −D] =
∞∑

n=−∞
aij[n]γsisj

[k − n−D])

(k = 0, 1, · · · , L− 1)

where D is an introduced delay according to Eq. (3).
Eq. (22) can be solved by equivalently rewriting it as [21]

Rw = r ⇐⇒ (I⊗R)vec(w) = vec(r) (23)

where ⊗ is the Kronecker product, I is the 2-by-2 identity matrix, and vec(·) is a
single column vector of all concatenated column vectors of the argument.

The extension of Eq. (22) to the I sensors/sources case is straight forward, with
the replacement of the 2-by-2 identity matrix in Eq. (23) by an I-by-I identity
matrix.

6 Simulations and results

6.1 Performance evaluation

In subsequent sections an evaluation of the proposed approach is presented. We
use the over-represented decomposition filterbank and the FFT operator as the
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frequency transformations, and compare their performance in different situations.
The evaluation involves synthetic mixing channels, both finite and infinite length
linear filters, and real room filters. Some different lengths of the separation FIR
filters are evaluated for each experiment. The (non-blind) Wiener solution is cal-
culated as a benchmark for each case, by solving Eq. (23) for estimated second
order statistics.

As performance measures we follow the evaluation methods presented in [24].
The separation quality of the j-th separated output is defined as

Sj = 10 log

(
E{(uj,sj

)2}
E{(∑i�=j uj,si

)2}
)

(24)

where uj,si
corresponds to the j-th output when only the i-th source is active. This

measures the power ratio between the desired separated output source and all the
other disturbing sources.

The distortion of the j-th separated output is defined as

Dj = 10 log

(
E{(xj,sj

− αjuj)
2}

E{(xj,sj
)2}

)
(25)

where xj,sj
corresponds to the contribution to the j-th sensor of the j-th source

alone, and parameter αj = E{x2
j,sj

}/E{u2
j} gives a scale invariant measure. Op-

erator E{·} is the expectation operator. The j-th output, uj, should separate the
j-th input source such that permutation invariance is achieved. Since we force
the zeroth lag to the center of the separation filters the output signals should be
modified by an appropriate delay when using the performance measure. The mea-
sure is inappropriate for comparing systems which perform deconvolution as well
as separation of the original sources with systems that perform separation only.
Since we deal with both deconvolution and separation throughout the simulations
the comparisons are justified.

Note: When measuring the performance of a separation system one can view
the total system, i.e. the MIMO transfer function from source signals to separated
output signals, as the measured object. The Wiener solution in Eq. (23) is defined
as the optimal separation system based on the total system, see figure 7. There
are however two major drawbacks using evaluation measures based on the total
system. First, the distortion measure depends on distortion caused both by the
mixing system and the separating system. Secondly, since the original source sig-
nals (e.g. speech) are practically not accessible, the measures would always require
using recorded signals for evaluation. The measures defined in Eq. (24) and Eq.
(25) measure the performance of the separation system alone and they depend on
the mixing system only indirectly. For example, an identity separation system, i.e.
the input signals are passed unprocessed to the output, have 0 dB separation qual-
ity and −∞ dB separation distortion. It is desirable to have high separation quality
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and low separation distortion and the identity system is thus the optimal system
when is comes to the distortion measure. The consequence of the above measures
is that the Wiener solution is not necessarily the best least squares solution when
comparing the separation quality and the separation distortion measures individu-
ally, but it is the optimal solution when taking both measures into consideration.

The settings for all following experiments are kept fixed, according to the fol-
lowing criteria.

• The mixing is a two source and two sensor mixing with linear time invariant
filters.

• Input sequences are speech from a male person with four seconds duration.

• All signals are sampled with sampling rate 12 kHz.

• The frequency transformation block size is four times the length of the sepa-
ration filters, wij.

• The number of subbands equals the length of the separation filters.

• The step size is 0.0001 with an exponential decrease factor of 0.99 between
batches.

• The number of iterations (batches) through the sequence is 50.

6.2 Experiments on FIR filters as mixing channel

An evaluation is done on separation capabilities for finite impulse response mixing
filters chosen as:

A11(z) = 0.9 + 0.5z−1 + 0.75z−2 + 0.8z−3 + 0.2z−4

A12(z) = 0.5 + 0.6z−1 + 0.4z−2 + 0.9z−3 + 0.2z−4

A21(z) = 0.6 + 0.3z−1 + 0.5z−2 + 0.5z−3 + 0.2z−4

A22(z) = 0.8 + 1.2z−1 + 0.5z−2 + 0.2z−3

The filters are chosen as a mixed phase mixing system, that is, the determinant
of the mixing matrix, A(z), has zeros inside as well as outside the unit circle,
and some of the zeros are close to the unit circle, see figure 8a) for a plot of the
zeros. The true inverting set of filters will have common poles according to the
determinant roots, which implies that there does not exist a bounded and causal
inverse for this choice of mixing filters.

There does, however, exist a good approximation of the inverse using FIR filters
as shown by the resulting Wiener solution for different lengths of the filters, see
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Figure 8: a) Zeros of FIR mixing channel determinant. b) Zeros of IIR mixing
channel determinant.

Separation quality (S1 | S2) [dB] FFT Subband Wiener Solution

Filter length 32 1|14 11|15 50|58
Filter length 64 7|12 10|13 68|63
Filter length 128 12|10 11|12 86|71
Filter length 256 12|11 9|11 74|77

Table 1: Separation quality measures for FIR filter mixing.

Table 1. By introducing a delay of half the FIR filter length we allow the filters
for non-causal Laurent series expansions.

Tables 1 and 2 show the separation quality and distortion measures, Eq. (24)
and Eq. (25) respectively, for some different lengths of the separating FIR filters.
The numbers correspond to separation level of respective output signal in com-
parison with the other output signals. A negative value indicates that the source
other than the desired has been separated. The much higher separation values
of the Wiener solution indicate that there is room for improvements of the blind
methods.

The separation quality is on average better with the over-represented subband
structure and gives in addition much less distortion. For the subband structure the
distortion measure only increases slightly with increasing filter length.
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Separation distortion (D1 | D2) [dB] FFT Subband Wiener Solution

Filter length 32 57|51 17|16 24|21
Filter length 64 62|62 17|16 25|22
Filter length 128 64|69 18|17 23|21
Filter length 256 67|72 20|18 22|21

Table 2: Separation distortion measures for FIR filter mixing.

Separation quality (S1 | S2) [dB] FFT Subband Wiener Solution

Filter length 32 -8|0 16|11 64|70
Filter length 64 1|-2 15|9 75|74
Filter length 128 4|0 10|7 83|81
Filter length 256 5|3 6|5 100|103

Table 3: Separation quality measures for IIR filter mixing.

6.3 Experiments on IIR filters as mixing channel

An evaluation is performed viewing the separation capabilities for infinite impulse
response mixing filters chosen as:

A11(z) =
1 + 1.5z−1 + 0.7z−2 + 0.7z−3 + 0.7z−4 + 0.7z−5

1 + 0.3z−1 + 0.7z−2

A12(z) =
1 + 0.8z−1 + 1.2z−2 + 0.7z−3

1 + 0.6z−1 + 0.3z−2

A21(z) =
1 + z−1 + 1.2z−2 + 0.2z−3 + 0.8z−4

1 + 0.4z−1 + 0.1z−2 + 0.5z−3

A22(z) =
1 + 1.2z−1 + z−2 + z−3 + 0.6z−4 + 0.9z−5

1 + 0.3z−1 + 0.6z−2

The filters are chosen as a mixed phase system and the zeros of the mixing
system determinant are shown in figure 8b).

Tables 3 and 4 show the separation quality and distortion measures, respec-
tively, for some different lengths of the separating FIR filters.

In this experiment the separation quality is much better with the subband
structure than with the block FFT structure. The Wiener soulution gives very
high levels of separation quality, indicating that the inverse channels can be ap-
proximated accurately with FIR filters. The distortion level is almost the same for
the subband structure with increasing filter length while it increases for the block
FFT structure.
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Separation distortion (D1 | D2) [dB] FFT Subband Wiener Solution

Filter length 32 53|51 17|16 20|21
Filter length 64 60|56 18|16 21|20
Filter length 128 62|60 18|16 20|22
Filter length 256 66|64 18|17 21|22

Table 4: Separation distortion measures for IIR filter mixing.

6.4 Experiments on real room as mixing channel

The experiment is performed by using mixing filters estimated from a conference
room of size 14x8 m. The experimental set-up includes two high quality Sennheiser
microphones and two Fostex loudspeakers placed in a one meter square at the edge
of a conference table. This scenario simulates two persons sitting at the table next
to each other. The loudspeaker element diameters are 3.5 inch. By simultaneously
recording the source input, white noise transmitted by the loudspeakers, and the
observed sound by the sensors one at the time, least-squares room filter estimations
have been calculated. The filters are estimated as FIR filters of 512 taps length
which corresponds to approximately 15 meter maximum sound travel path. The
direct path sound delay has been left out of the estimations in order to improve
the room impulse response estimations by making use of all taps in the estimation
filters. A data averaging of 12 seconds was used in the estimation process.

By allowing non-causal expansions, zeros outside the unit circle can be reflected
to the inside of the unit circle. Zeros which lie close to the unit circle will cause a
slow decay in the true infinite length inverse and therefore demand long FIR filters
in order to get a good inverse approximation. In the room situation many zeros lie
close to the unit circle, see figure 9. This implies that the inverting system needs
long FIR filters and therefore the separation problem becomes more difficult.

Tables 5 and 6 show the separation quality and distortion measures, respec-
tively, for some different lengths of separating FIR filters. It can be seen from the
Wiener solution that one source is difficult to separate since the separation qual-
ity measure is reduced for one of the channels, independently of the length of the
filters, which can imply that the mixing system is close to singular.

The separation measures show similar performance for the the two methods but
the separation distortion is significantly reduced for the subband structure.

6.5 Remarks

In the simulations the parameter settings such as step size and the “annealing term”
are kept constant. The aim is to compare a direct block FFT based structure of sep-
aration with an over-represented polyphase subband structure. The performance
of the block FFT based implementation is more sensitive to parameter settings.
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Figure 9: Zeros of room mixing channel determinant. a) Polar plot, b) Cartesian
plot. One real valued root with magnitude 159.2 is left out of the figures for
presentation purposes.

Although the performance of the methods may be improved by carefully adjusting
the parameters, an adaptive method of choosing the optimal setting is still under
investigation. It is advantageous, however, to use an implementation where the
performance sensitivity to parameter choices is less, due to the generally difficult
task of optimizing them.

For the distortion performance we always get an increase of the distortion with
the block FFT based method when increasing the length of the separation FIR
filters. On the contrary, with increasing FIR filter length, the distortion of the
over-represented subband based method is almost the same. In [4] it is reported
that the Infomax algorithm inherently gives a whitening effect when implemented
in the frequency domain but this effect is experienced only for the block FFT based
implementation. Informal listening tests gave impressions of the distortion which
were in accordance with the measured results given by Tables 2, 4 and 6.

On average the achieved separation was about 10-15 dB for the synthetic mixing
and for the real room mixing the separation was about 10 dB for both methods.
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Separation quality (S1 | S2) [dB] FFT Subband Wiener Solution

Filter length 32 9|7 7|5 9|2
Filter length 64 9|9 8|8 21|4
Filter length 128 10|9 7|11 20|9
Filter length 256 9|9 9|12 22|8
Filter length 512 9|8 8|11 23|11

Table 5: Separation quality measures for room mixing.

Separation distortion (D1 | D2) [dB] FFT Subband Wiener Solution

Filter length 32 20|18 13|9 7|5
Filter length 64 26|22 9|10 7|2
Filter length 128 31|27 16|12 6|3
Filter length 256 35|30 15|14 7|4
Filter length 512 40|35 14|13 6|3

Table 6: Separation distortion measures for room mixing.

7 Conclusions

The extended Infomax blind separation algorithm has been evaluated using a fre-
quency domain approach. In the frequency domain real world blind signal sep-
aration problem, the performance depends highly on the number of discretized
frequency instances. The performance increases in general when increasing the
number of instances. When using a block FFT as frequency transformation the
distortion also increases rapidly with increased number of frequency bins. We have
proposed an alternative frequency transformation by using an over-represented sub-
band filterbank. The separation quality is better with the proposed method in that
it introduces a much lower degree of distortion to the separated signals. The com-
putational complexity for the proposed method is approximately the same as for
the block FFT.

One major drawback with the Infomax rule implemented partially in the fre-
quency domain is the slow convergence rate. By localizing the separation in fre-
quency we expect convergence rate improvements, and further efforts are currently
being made in this direction.
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Abstract

This paper presents a microphone array system for use in handsfree mo-
bile telephone equipment. The array is based on a fast and efficient “on-site”
and “self-calibration” scheme. The performance of suppressing the interior
car cabin noise and the far-end speech is approximately 17 dB, respectively,
while maintaining the near-end speaker level. The near-end signal is al-
most undistorted. The performance of two different algorithms, Normalized
Least-Mean-Square (NLMS) and fully connected backpropagation supervised
Neural Network (MLP-NN) are evaluated. The proposed microphone array
calibration scheme can also be used in other situations such as speech recog-
nition devices.

1 Introduction

The noisy environment in a car is known to severely degrade performance of hands-
free mobile telephones and speech recognition devices. Such systems often rely on
a-priori knowledge of human speech, requiring a fair Signal-to-Interference-Noise
Ratio. It is obvious that the far-end perception will be impaired when the near-
end speaker is situated in a noisy car and utilizing handsfree mode. The processing
required to obtain a comparable sound quality as for hand held telephony must sup-
press background noise and reduce echo’s, without causing severe speech distortion.
Further, compensation for the room reverberation is necessary.

∗This work was supported by The Swedish National Board for Industrial and Technical De-
velopment and Ericsson Mobile Communication AB, Sweden.
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Methods to improve the speech quality using single microphone or array tech-
niques are presented in [1]-[12]. Speech distortion is especially crucial for speech
recognition applications [11]. To avoid these problems, the proposed method em-
ploys a self-calibrating microphone array system [12]. This array adapts in each
situation to the actual environment and the electronic equipment by using calibra-
tion signals gathered on-site in advance.

The presented microphone array system is aimed at handsfree telephones in
automobiles and takes therefore into account the near-field situation in a small
enclosure. Near-field and enclosed situations are difficult to describe in an a-priori
model. This is a motive for employing gathered signals from the target and jam-
mer positions, i.e. the driver’s and the handsfree loudspeaker positions in the car.
Further, it is desired to avoid time consuming calibration of each array element
as well as enable the use of standard microphones and amplifiers. The gathered
signals contain useful information about the acoustic environment in the car coupé
and the electronic equipment. The on-site calibration scheme utilizes simultane-
ously a calibration of the electronic equipment, such as microphones, amplifiers,
anti-aliasing filters, A/D-converters, as well as spatial and spectral information. In
short; the main goal for the scheme presented is to calibrate the array, emphasize
the speakers’ location, i.e. the vicinity of the driver’s seat, and suppress ambient
noise and echo.

2 System Overview

The working scheme for the adaptive microphone array noise- and echo- canceller
can be divided into two phases; the on-site calibration phase and the continuous
filtering (adaptation) phase. The system is based upon adaptive filters at each
microphone, controlled by an adaptive algorithm. The adaptive filters are continu-
ously reducing the influence of ambient car noise, such as road noise, tire-, engine-
and fan- noise, as well as the far-end speech. The cancellation of ambient car noise
and echoes are thus achieved both in the spatial and the temporal domains. An
equally important goal for the adaptation is to maintain the speech signal quality
from the talker situated in the car during conversation.

2.1 Array On-Site Calibration

The on-site calibration takes place in the actual environment by emitting a repre-
sentative sequence from the driver’s seat when the car is parked and the engine is
switched off. This can be performed by letting the near-end talker read a repre-
sentative sequence from the driver’s seat in the car, see figure 1. The calibration
signal should have approximately the same spectral content as the real near-end
speaker. This calibration procedure is repeated for the jammer position, e.g. the
handsfree loudspeaker, in the same manner but in a separate digital memory. In
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Figure 1: Near-end talker (target) on-site calibration.

this way, array signals with fair signal-to-noise ratios for each sequence and channel
are stored in digital memories for subsequent use.

2.2 The Operating Phase

During the operation phase, when the near-end speaker is silent, car cabin noise
impinges on each of the microphone element in the array. This is a suitable time
to obtain a good noise estimate and indirectly calibrate the microphone array
system by means of the real incoming noise and the stored signals from the on-site
calibration, see figure 2. A speech detector is used to decide in which intervals
calibration takes place.

The incoming noise, the stored talker- and handsfree loudspeaker signals, are
mixed to comprise the inputs to the adaptive filters in the lower beamformer. The
stored near-end speaker signals represents a person sitting in the driver’s seat and
the stored far-end loudspeaker signals represents the speech originating from the
far-end speaker, i.e. the jammer. Note that the stored signals have passed through
the same electronic equipment as the real impinging noise signals under conditions
of almost no background noise.

The coefficients in the lower beamformer are continuously copied into a fixed
upper beamformer that produces the output. Note that the inputs to this upper
beamformer only contain signals coming from the microphone elements.

3 The Control Algorithms

The control algorithm is operating in the lower beamformer as illustrated in fig-
ure 2. The linear algorithm consists of a multichannel FIR-filter updated by the
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Figure 2: Operating phase, lower beamformer adaptation using the stored jam-
mer and target calibration signals and the incoming car coupé noise. The upper
beamformer producing the output.

Normalized Least Mean Square (NLMS) algorithm and the non-linear algorithm is
a Multiple Layer Perceptron Neural Network (MLP-NN) updated by conventional
backpropagation [13]. The two algorithms are evaluated under identical conditions.
The training is done in epochs with decreasing adaptation gain during epochs, i.e.
the training set is presented iteratively and the adaptation gain is decreased for
every such iteration.

3.1 Linear Adaptive Filter

When using linear FIR-filters the output from the upper beamformer is given by

y [n] =
I∑

i=1

wT
i x

U
i [n] (1)

where xU
i [n] denotes an L-by-1 input vector from the i-th microphone element in

the array and wi denotes the L-by-1 corresponding FIR-filter weight vector. The
FIR-filters are updated by the NMLS algorithm in a conventional manner during
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the operating phase. The total number of adaptive weights when using adaptive
FIR-filters is IL where L denotes the number of filter taps in wi and I is the total
number of microphones in the array.

3.2 Non-Linear Adaptive Filter

The non-linear adaptive filter used is a fully connected Multiple Layer Perceptron
(MLP) Neural Network and it consists of the input layer, one hidden layer and the
output layer. The hidden layer consists of six neurons with sigmoid functions and
the output layer consists of one single neuron with a corresponding linear function.
The network is a feed-forward net and trained by using supervised backpropagation
learning. The output from the upper beamformer is described by

y [n] =
P∑

p=1

wp · f
(

I∑
i=1

(
wT

i,px
U
i [n]

)
+ bp

)
+ bo (2)

where xU
i [n] denotes an L-by-1 input vector from the i-th microphone element in

the array and wi,p denotes the L-by-1 corresponding filter weight vector from input
i to neuron p in the hidden layer. Further, wp denotes the synaptic weights between
each of the hidden units and the output, bp and bo denotes adaptive offsets and f(·)
denotes a bipolar sigmoid function. The weights are updated by using standard
backpropagation. The total number of adaptive weights when using an adaptive
MLP-structure is P (IL + 2)+1, where P denotes the total number of units in the
hidden layer.

4 Performance Results

The performance evaluation of the car noise- and echo- reduction has been car-
ried out in a Volvo station wagon. Recordings on a multichannel DAT-recorder,
with a sample rate of 12 kHz and with 5 kHz bandwidth, were gathered. In or-
der to facilitate simultaneous driving and recording a loudspeaker was mounted
in the passenger seat. The microphones were mounted linearly below the visor
with a fixture. Six microphones were used and the distance between two adjacent
microphone elements were 50 mm, which yields a total aperture of the array of
250 mm.

Typical results from the Volvo is illustrated in figures 3-4. Speech coming
from the near-end speaker in the car is denoted “Speech” and speech coming from
the far-end speaker is denoted “Echo”. During the calibration we used a flat
noise calibration signal. The result is presented as a short time (20 ms) power
estimate in dB. The figures illustrate a suppression of approximately 17 dB for both
noise and echo. The ability to reduce ambient car coupé noise and handsfree echo
has also been evaluated for different driving conditions and similar performance
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Figure 3: Car Noise and Echo cancelling, using one unadapted microphone vs.
using an on-site calibrated noise and echo cancelling array with six microphones.
Control algorithm NLMS.

were achieved. Corresponding learning curves from the NLMS and MLP-NN are
presented in figure 5.

5 Practical Considerations

The issue of speech detection for controlling the adaptation is not crucial. In order
to obtain a robust system the adaptation is turned off when near-end speech is
present. The balance between the stored inputs and the actual car noise during
adaptation can be controlled by the parameters α, β and γ, see figure 2. The
balance will control the adaptive filter suppression or amplification of the near-
/far- end speakers in the car and the ambient car noise both in the frequency
and spatial domains. A large value of β versus α will cause the adaptive filter to
emphasize cancellation of far-end speaker echo and a large value of γ versus α will
cause the adaptive filter to emphasize cancellation of car noise. However, a too large
suppression will yield degradation of the near-end speaker and preferable choices
of the parameters are values which makes the virtual signal levels vary around
nominal values with a maximum of ±10 dB. Other choices of these parameters can
possibly have advantages in extreme situations.

The number, placement and type of microphone elements can in practice be
chosen arbitrarily, but should not be altered or moved unless a new calibration is
made. The calibration process implies that the microphone elements and place-
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Figure 4: Car Noise and Echo cancelling, using one unadapted microphone vs.
using an on-site calibrated noise and echo cancelling array with six microphones.
Control algorithm MLP-NN.

ment can be chosen totally freely but the sample rate and the frequency range
of the target signal must be taken into consideration. It is important, as always
when using arrays, to keep λ/d matched to the target bandwidth, where λ is the
wavelength of the target signal and d is the distance between adjacent microphone
elements in the linear array.

6 Conclusions

The adaptive on-site calibrated array simultaneously suppresses ambient car noise
and handsfree echo with approximately 17 dB. A substantial improvement was
observed when applying the epoch training scheme to the NLMS system. The
ability to suppress ambient noise by using the NLMS competes successfully with
the Neural Network based system. The fully connected Neural Network is a more
complex structure than the FIR-filters and contains approximately a factor six
more weights and needs further epochs of training to perform the very best. The
on-site calibration scheme supports flexible mounting of inexpensive microphones
and is well suited for adaptive systems using epoch training i.e. neural networks.
Other observations; subjective listener tests indicate that the near-end speech is
only slightly distorted by the array. The array response is neither sensitive to speed
variations nor different road conditions.
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Abstract

Subband adaptive filters have been proposed to avoid the drawbacks of
slow convergence and high computational complexity associated with time
domain adaptive filters. Subband processing introduces transmission delays
caused by the filter-bank and signal degradations due to aliasing effects.
One efficient way to reduce the aliasing effects is to allow a higher sample
rate than critically needed in the subbands and thus reduce subband signal
degradation. We suggest a design method, for uniform DFT filter-banks
with any oversampling factor, where the total filter-bank group delay may
be specified, and where the aliasing and magnitude/phase distortions are
minimized.

1 Introduction

Subband adaptive filtering has evolved as an alternative for conventional time do-
main adaptive filtering, [1]. The main reason is the reduction in computational com-
plexity and the increase in convergence speed for the adaptive algorithm, achieved
by dividing the algorithm into subbands, [2]. The computational savings comes
from the fact that time domain convolution becomes decoupled in the subbands,
at a lower sample rate, [3].

Subband analysis and synthesis is often performed using multirate filter-banks,
[4]. Non-ideal filters in the filter-bank give rise to aliasing of the subband signals,
caused by decimation operations. This aliasing can be cancelled in the synthesis
bank when certain conditions are met by the synthesis filters and the subband
processing. However, even if aliasing distortion in the filter-bank output is can-
celled in this way, the inband aliasing is still present in the subband adaptive filter
input signals and, consequently, the adaptive filters are perturbed and the overall
performance of the system is reduced, [5].
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Several solutions to the subband filtering problem have been suggested in the lit-
erature. Non-critical decimation has been suggested in [1], where filter-bank delay
aspects and amplitude distortions have not especially been taken into considera-
tion. The use of cross band filters, [5], has been suggested to explicitly filter out
the aliasing components. A delayless structure has been proposed in [6], where the
actual filtering is performed in the time domain, with consequences of higher com-
putational complexity. The computational complexity also increases significantly
with cross band filters.

We use a uniform DFT-modulated FIR filter-bank for the subband transforma-
tions. Modulated filter-banks provide a computationally efficient implementation,
due to the polyphase implementation [4], and great design simplicity. The main
contribution in this paper is the suggested design method, where the filter-bank
response error and the inband and output aliasing errors are minimized simultane-
ously, while the total filter-bank group-delay is pre-specified. The influence of the
filter-bank performance is evaluated on an RLS subband beamformer, [7, 8].

2 The Uniform DFT Modulated filter-bank

In this section we will derive an input-output expression for analysis-synthesis
DFT filter-banks with arbitrary decimation factor. Two sets of K filters, Hk(z)
and Gk(z), form a uniform DFT analysis filter-bank and synthesis filter-bank, re-
spectively, when they are related to prototype filters, H0(z) and G0(z), as

Hk(z) = H0(zW
k
K) = h

T φ(zW k
K)

Gk(z) = G0(zW
k
K) = g

T φ(zW k
K) (1)

for k = 0, · · · , K − 1

where WK = e−j2π/K , h = [h(0), . . . , h(Lh − 1)]T , g = [g(0), . . . , g(Lg − 1)]T and
φ(z) = [1, z−1, . . . , z−(L−1)]T . Each subband signal is decimated by a factor D.
An efficient implementation of such a filter-bank is given in [8]. For simplicity of
derivation, we study the direct form realization of the filter-bank, given in figure
1. The input signal X(z) is filtered by the analysis filters Hm(z) and decimated by
the factor D according to

Xk(z) =
1

D

D−1∑
l=0

H0(z
1
D W k

KW l
D)X(z

1
D W l

D)

k = 0, · · · , K − 1 (2)

where WD = e−j2π/D. In the synthesis filter-bank, the subband signals Yk are
interpolated by the interpolation factor D, filtered by the synthesis filters Gk(z)
and then added together to form the output signal

Y (z) =
1

D

D−1∑
l=0

X(zW l
D)

K−1∑
k=0

ξk(z
D)H0(zW

k
KW l

D)G0(zW
k
K). (3)
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Figure 1: Direct form realization for analysis and synthesis filter-banks.

Here, ξk(z) denotes the application dependent filtering operation in subband num-
ber k.

3 Analysis Filter Bank Design

Since the analysis filters are related to a single prototype analysis filter according
to Eq. (1), the analysis filter-bank design problem reduces to the design of a single
filter. The ideal prototype analysis filter is a low pass filter with cut-off frequency
ωp = π/K. Since FIR filters are not ideally frequency selective, approximations
need to be made. The analysis prototype filter will be designed by defining a
passband region in which the filter response should be flat, while minimizing the
inband aliasing error. By minimizing the inband aliasing, the prototype filter will
obtain low-pass characteristics since this is equivalent to maximizing stop band
attenuation.

The passband response error in the passband region Ωp = [−ωp, ωp] is defined
as

εP (h) =
1

2ωp

∫ ωp

−ωp

|H(ejω)− Hd(e
jω)|2dω (4)

where Hd(z) is the desired frequency response, defined by

Hd(e
jω) = e−jωτh ω ∈ Ωp (5)

where τh is the desired group delay of the analysis prototype filter and, due to the
relation of Eq. (1), also the desired delay of the analysis filter-bank. With the
analysis prototype filter written in terms of its impulse response, H(z) = hT φ(z),
we substitute Eq. (5) into Eq. (4)

εP (h) = h
TAh− 2hTb+ 1 (6)

where

A =
1

2ωp

∫ ωp

−ωp

φ(ejω)φH(ejω)dω (7)



170 Part V

and

b =
1

2ωp

∫ ωp

−ωp

Re
{
ejωτhφ(ejω)

}
dω. (8)

In order to minimize the inband aliasing we will define the Inband Aliasing Error
and express it in terms of the analysis prototype filter. From Eq. (2), the sum of
all inband aliasing terms, denoted by X (z), in subband signal Xk(z) is described
by

Xk(z) =
1

D

D−1∑
l=1

H0(z
1
D W k

KW l
D)X(z

1
D W l

D) (9)

for k = 0, · · · , K −1. In the ideal case with an ideal prototype filter, and thus with
zero aliasing in the subband signals, the frequency response part in each term in
the sum of Eq. (9) is zero and thus Xk(z) = 0. In the non-ideal case with FIR
filters we would like to minimize the energy in each term. Since the analysis filters
are related by Eq. (1) it is sufficient to minimize the energy in the aliasing terms
of the first subband (for k = 0). The sum of the power magnitudes of the aliasing
terms in the first subband is

D0(e
jω) =

1

D

D−1∑
l=1

|H0(e
jω/DW l

D)|2. (10)

Consequently, the inband aliasing error expressed in terms of the impulse response
vector of the prototype analysis filter is

εD0(h) =
1

2π

∫ π

−π
D0(e

jω)dω = hTCh (11)

where the hermitian matrix C is given by

C =
1

2πD

D−1∑
l=1

∫ π

−π
φ(ejω/DW l

D)φ
H(ejω/DW l

D)dω. (12)

The optimal analysis prototype filter with respect to minimal passband response
error and minimal energy in the aliasing components is found by minimizing the
sum of the passband response error in Eq. (6) and the inband aliasing error in Eq.
(11)

εtot(h) = εP (h) + εD0(h)

= hT (A+C)h− 2hTb+ 1 (13)

that is, by solving a set of linear equations

h = argmin
h

εtot(h) = (A+C)−1b. (14)
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4 Synthesis Filter Bank Design

Given the analysis filter-bank with an analysis prototype filter H0(z) designed
as described in section 3, we will design an optimal synthesis filter-bank which
minimizes the amplitude and phase distortion of the total filter-bank system and
also minimizes the output aliasing distortion.

The first part in the design of the synthesis filter-bank is the minimization
of amplitude and phase distortion. We introduce the System Response Error ex-
pressed in terms of the impulse reponses of the prototype filters H0(z) = h

T φ(z)
and G0(z) = g

T φ(z). The system response error is defined by

εT =
1

2π

∫ π

−π
|T (ejω)− Td(e

jω)|2dω. (15)

From Eq. (3), we can express the total filter-bank system response in terms of h
and g, with ξk(z) = 1, k = 0, · · · , K − 1, as

T (z) =
1

D

D−1∑
l=0

K−1∑
k=0

H0(zW
k
KW l

D)G0(zW
k
K) = h

TD(z)g (16)

where

D(z) =
1

D

D−1∑
l=0

K−1∑
k=0

φ(zW k
KW l

D)φ
T (zW k

K). (17)

The desired filter-bank response is

Td(e
jω) = e−jωτd (18)

where τd is the desired filter-bank delay. Substituting Eq. (18) and Eq. (16) into
Eq. (15) yields

εT (g) = g
TEg − 2gT f + 1 (19)

where

E =
1

2π

∫ π

−π
DH(ejω)h∗hTD(ejω)dω (20)

and

f =
1

2π

∫ π

−π
Re

{
ejωτdDT (ejω)h

}
dω. (21)

From Eq. (3) we have that the aliasing terms, denoted by Y(z), in the filter-bank
output signal Y (z) are given by the sum of all repeated spectra

Y(z) = 1

D

D−1∑
l=1

X(zW l
D)

K−1∑
k=0

ξk(z
D)H0(zW

k
KW l

D)G0(zW
k
K). (22)

In the case of perfect reconstruction, the aliasing terms in the output signal are
zero, i.e. Y(z) = 0. In this case the prototype filters are such that the products of
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H0 and G0 in Eq. (22) are zero for all terms. In our case we wish to minimize the
energy in all aliasing terms. We define the sum of power magnitudes

D(ejω) =
1

D

D−1∑
l=1

K−1∑
k=0

∣∣∣H0(e
jωW k

KW l
D)G0(e

jωW k
K)

∣∣∣2 . (23)

We can rewrite Eq. (23) using the impulse response vectors h and g

D(ejω) =
1

D

D−1∑
l=1

K−1∑
k=0

∣∣∣hTΦk,l(e
jω)g

∣∣∣2 (24)

where
Φk,l(z) = φ(zW k

KW l
D)φ

T (zW k
K). (25)

The output aliasing error is defined as

εD =
1

2π

∫ π

−π
D(ejω)dω = gTPg (26)

where

P =
1

2πD

D−1∑
l=1

K−1∑
k=0

∫ π

−π
ΦH

k,l(e
jω)h∗hTΦk,l(e

jω) dω. (27)

The optimal synthesis prototype filter in terms of minimal system response error
and minimal energy in the output aliasing terms is found by minimizing the total
error function

εtot(g) = εT (g) + εD(g)

= gT (E+P)g − 2gT f + 1 (28)

that is, by solving a set of linear equations

g = argmin
g

εtot(g) = (E+P)−1f . (29)

5 Evaluation

We have designed two critically (D = K) and two oversampled (D = 1
2
K) dec-

imated filter-banks with 64 subbands and with prototype analysis and synthesis
filter lengths Lh = Lg = 128. The decimation factor is set to D = 64 or D = 32
and the group delay is specified as τd = 128 or τd = 64, which gives four scenarios
in total. The group delay of the prototype analysis filter is set to τh = 1

2
τd. Table

1 shows the optimized filter-bank performance measures for the four scenarios. In
this table, the System Phase Error is defined as

ε =
1

2π

∫ π

−π
|� T (ejω)− � T (ej0) + τdω|dω. (30)
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Case L = 128, K = 64 εD0 εD εT ε

1 D = 64, τd = 128 -51.3220 -9.5093 -6.6266 0.0393
2 D = 64, τd = 64 -50.2648 -8.9925 -3.1576 0.0718
3 D = 32, τd = 128 -71.8347 -28.9326 -23.8421 0.0022
4 D = 32, τd = 64 -58.0498 -23.3649 -19.9155 0.0239

dB dB dB rad

Table 1: Filter-bank performance for the four filter-bank cases in the evaluation.
The table shows the inband aliasing error εD0, the output aliasing error εD, the
system response error εT and the system phase error ε.

We evaluate the performance of the filter-banks in the case of a subband RLS
beamformer with real data recorded in a hands-free car situation, [7, 8]. In this
situation we have a target signal, an interference signal causing echo at the far end
of the communication link, and background noise, see figure 2.

A linear array with six microphones is used and it was mounted in a car on the
visor at the passenger side. The distance between the speaker’s position and the
microphone array is 350 mm and the position is perpendicular to the array axis at
the center point. The spacing between adjacent elements in the array is 50 mm.
A known white noise sequence is emitted from an artificial talker in order to de-
termine the LS beamformer weights. The noisy background is recorded, separately
from the target and interference signals, in a car running at 110 km/h on a paved
road. Recordings of background noise, real target speech signals and real hands-free
speech signals serve as evaluation signals for the beamformer performance.
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Figure 2: Subband FIR Beamforming Structure.
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In order to measure the performance of the beamformer, we introduce the nor-
malized distortion quantity

D =
1

2π

∫ π

−π
|CdP̂yS

(ω)− P̂xS
(ω)|dω (31)

with

Cd =

∫ π
−π P̂xS

(ω)dω∫ π
−π P̂yS

(ω)dω
, (32)

the normalized interference and noise suppression

SI =

∫ π
−π P̂yI

(ω)dω

Cd

∫ π
−π P̂xI

(ω)dω
, SN =

∫ π
−π P̂yN

(ω)dω

Cd

∫ π
−π P̂xN

(ω)dω
(33)

where, P̂x is a PSD estimate of a single sensor observation and P̂y is a PSD estimate
of the beamformer output. The indices S, I and N denote the target speech
component, the interference component and the noise component, respectively.
The beamformer performance measures for the four scenarios are presented in
Table 2. The results show that the beamformer performs better when oversampling
is applied instead of critical sampling. They also show that the delays caused by
the filter-banks can be reduced at the expence of a minor deterioration of the
beamformer performance.

Case L = 128, K = 64 SN SI D
1 D = 64, τd = 128 9.4410 9.6890 -22.9364
2 D = 64, τd = 64 5.8847 8.5513 -22.3555
3 D = 32, τd = 128 13.0571 12.9027 -28.3018
4 D = 32, τd = 64 12.0605 12.6365 -26.6816

dB dB dB

Table 2: Performance measures for beamformer output in relation to the reference
microphone input, when each signal component, speech, noise and echo components
are active individually.

Figure 3 shows short-time power estimates of the reference microphone signal
and the beamformer output signal for the subband beamformer in scenario 3. We
can observe that the background noise is suppressed by about 13 dB and the
interference signal (the male far-end speaker) is suppressed by about 12 dB.

6 Conclusions

We have proposed an efficient design method for a uniform DFT filter-bank with
the possibility of a pre-specified filter-bank group delay. The design includes mini-
mization of the inband- and output- aliasing errors as well as the overall filter-bank
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Figure 3: Short time (20 ms) power estimates of the reference microphone input
signal (left) and the beamformer output signal (right). The figure corresponds to
scenario 3 in the evaluation.

transfer function’s phase and amplitude deviation. The evaluation on a subband
beamformer shows that the performance is dependent on both the group delay and
the aliasing effects. Subband oversampling allows for a decrease in aliasing and
amplitude errors, which in turn increases the performance significantly.

References

[1] W. Kellermann, “Analysis and design of multirate systems for cancellation of acous-
tic echoes,” in Proc. ICASSP’88, pp. 2570-2573.

[2] S. Haykin, “Adaptive Filter Theory,” Prentice Hall Int. Inc., 1996, ISBN 0-13-
397985-7.

[3] P. P. Vaidyanathan, “Orthonormal and biorthonormal filter banks as convolvers,
and convolutional coding gain,” IEEE Trans. on Signal Processing, vol. 41, no. 6,
pp. 2110-2130, Jun. 1993.

[4] P. P. Vaidyanathan, “Multirate Systems and filter banks,” Prentice Hall, 1993.

[5] A. Gilloire, M. Vetterli, “Adaptive filtering in subbands with critical sampling: anal-
ysis, experiments, and application to acoustic echo cancellation,” IEEE Transactions
on Signal Processing, pp. 1862-1875, vol. 40, issue 8 , Aug. 1992.

[6] D. R Morgan, J. C. Thi, “A delayless subband adaptive filter architecture,” IEEE
Trans. Signal Processing, vol. 43, pp. 1819-1830, 1995.



176 Part V

[7] M. Dahl, I. Claesson, “Acoustic Noise and Echo Cancelling with Microphone Array,”
IEEE Trans. on Vehicular Technology, vol. 48, No. 5, pp. 1518-1526, Sep. 1999.
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Abstract

Subband adaptive filters have been proposed to avoid the drawbacks of
slow convergence and high computational complexity associated with time
domain adaptive filters. Subband processing introduces transmission delays
caused by the filter-bank and signal degradations due to aliasing effects.
One efficient way to reduce the aliasing effects is to allow a higher sample
rate than critically needed in the subbands and thus reduce subband signal
degradation. We suggest a design method, for a uniform DFT filter-bank
with any over sampling factor, where the total filter-bank group delay may
be specified, and where the aliasing and magnitude/phase distortions are
minimized.

1 Introduction

Subband adaptive filtering has evolved as an alternative for conventional time do-
main adaptive filtering, [1]. The main reason is the reduction in computational
complexity and the increase in convergence speed for the adaptive algorithm, by
dividing the algorithm into subbands, [2]. The computational savings comes from
the fact that time domain convolution becomes decoupled in the subbands, at a
lower sample rate, [3].
Subband analysis and synthesis is often performed using multirate filter-banks,
[4]. Non-ideal filters in the filter-bank give rise to aliasing of the subband signals,
caused by decimation operations. This aliasing can be cancelled in the synthesis
bank when certain conditions are met by the synthesis filters and the subband pro-
cessing. However, even if the aliasing is cancelled in this way, the inband aliasing
is still present in the subband adaptive filter input signals and, consequently, the
adaptive filters are perturbed and the overall performance of the system is reduced,
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[5].
Several solutions to the subband filtering problem have been suggested in the lit-
erature. Non-critical decimation has been suggested in [1], where filter-bank delay
aspects and amplitude distortions, have not especially been taken into considera-
tion. The use of cross band filters, [5], has been suggested to explicitly filter out
the aliasing components. A delayless structure has been proposed in [6], where the
actual filtering is performed in the time domain, with consequences of higher com-
putational complexity. The computational complexity also increases significantly
with cross band filters. The use of allpass IIR filter-banks gives very high sidelobe
attenuation and has been shown to be computationally efficient, while keeping the
aliasing effects low, [7]. Non-linear phase distortions and appearance of narrow-
band high energy aliasing terms may be noticed at the subband boundaries with
this approach.
We use a uniform DFT modulated FIR filter-bank for the subband transforma-
tions. Modulated filter-banks provide a computationally efficient implementation,
due to the polyphase implementation [4], and great design simplicity. The main
contribution in this paper is the suggested design method, where the inband and
the reconstruction aliasing terms are minimized simultaneously, while the total
filter-bank group delay is pre-specified. A numerical comparison of a real room
identification shows that both the inband aliasing and the filter-bank delay affects
the identification accuracy.

2 The Uniform DFT Modulated filter-bank

A set of K filters forms a uniform DFT analysis filter-bank when they are related
to a prototype filter, h0[n], as

Hk(z) = H0(zW
k
K) =

∞∑
n=−∞

h0[n](zW
k
K)−n

k = 0, · · · , K − 1 (1)

where WK = e−j2π/K . Each subband signal is decimated by a factor D. An efficient
implementation of such filter-bank is given in [8]. In order to analyze the magnitude
and aliasing effects caused by the filter-bank, a direct form realization of the filter-
bank (see figure 1) is beneficial when it comes to uniformity of the derivations for
different decimation factors. The subband filters in the synthesis filter-bank are
the same as for the analysis filter-bank, i.e. Fk(z) = Hk(z). Each branch signal,
Vk(z), is simply a filtered version of the input signal

Vk(z) = Hk(z)X(z) = H0(zW
k
K)X(z). (2)
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Figure 1: Direct form filter-bank realization.

The decimators cause a summation of repeated and expanded spectra of the input
signal

Xk(z) =
1

D

D−1∑
l=0

Vk(z
1
D W l

D) =

=
1

D

D−1∑
l=0

H0(z
1
D W k

MW l
D)X(z

1
D W l

D) (3)

where WD = e−j2π/D. The interpolators have a compressing effect

Uk(z) = Xk(z
D) =

1

D

D−1∑
l=0

H0(zW
k
KW l

D)X(zW l
D). (4)

By yet another filtering operation by the reconstruction filters we state a relation
between the input signal X(z) and the output signal X̂(z)

X̂(z) =
D−1∑
l=0

Al(z)X(zW l
D) (5)

where

Al(z) =
1

D

K−1∑
k=0

H0(zW
k
KW l

D)H0(zW
k
K). (6)

The transfer functions, Al(z), l = 1, · · · , D − 1, can be viewed as aliasing gains.
The function, A0(z), is the magnitude gain for the original input signal spectrum.
The magnitude and phase response of the overall transfer function, T (z), and the
distortion function, D(z), can be described in terms of the repeated spectrum gains,
Al(z), as

T (z) =
D−1∑
l=0

Al(z) D(z) =
D−1∑
l=1

Al(z). (7)

For each subband signal, we define a measure of the inband aliasing as the total
gain of all repeated spectra in that subband. Due to the modulated structure of



182 Part VI

the filterbank, the inband aliasing gains will be the same for all subband signals.
Thus, we only measure the inband aliasing for the first subband, D0(z), given by

D0(z) =
1

D

D−1∑
l=1

|H0(z
1
D W l

D)|. (8)

The inband aliasing given in Eq. (8) is an upper bound on the actually incurred
aliasing term, since cancellation of terms may occur. However, filtering in the
subbands will alter the cancellation effect and the objective is to minimize the
upper bound in order to successfully tackle aliasing effects caused by adaptive
filtering in the subbands.

3 Prototype filter optimization

We want to find a prototype filter h which minimizes the overall error function
E(h),

E(h) = αε1(h) + βε2(h) + γε3(h) + δε4(h) (9)

where the factors α, β, γ and δ are weight factors and the average amplitude error,
ε1, is defined as

ε1(h) =
1

2π

∫ π

−π
|1− |T (ejω)|2|dω (10)

and the average phase error, ε2, is defined as

ε2(h) =
1

2π

∫ π

−π
|� T (ejω)− � T (ej0) + τω|dω (11)

where τ is the desired group delay of the filter-bank response T (z). The average
aliasing distortion, ε3, is defined as

ε3(h) =
1

2π

∫ π

−π
|D(ejω)|2dω (12)

and the average aliasing distortion in the first subband, ε4, is defined as

ε4(h) =
1

2π

∫ π

−π
|D0(e

jω)|2dω. (13)

The minimization of Eq. (9) is a very involved non-linear optimization problem.
We suggest an iterative two step procedure, where we optimize Eq. (9) based on two
design parameters, a passband boundary frequency, ωp, and a stopband boundary
frequency, ωs. For given design parameters, a prototype filter h can be created
using methods outlined in [9] and [10]. This is a complex domain filter design
method which allows also for optimization on the group delay. The objective in
this design is to minimize the function, J(ωs, ωp, τ), on a sampled grid of frequencies

J(ωs, ωp, τ) =
N∑

i=1

|Hd(ωi)− H(ωi)|2 (14)
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where

Hd(ω) =

{
e−jωτ/2 ω ∈ Ωp

0 ω ∈ Ωs
(15)

is the desired complex filter specification with the passband region defined as Ωp =
[0, ωp] and the stopband region defined as Ωs = [ωs, π]. The predetermined total
desired filter-bank group delay is τ , and

H(ω) =
L−1∑
n=0

h0[n]e
−jωn (16)

is the frequency response of the prototype filter.
The objective of the optimization is then,

[ωp, ωs] = arg min
ωp>0,ωs>ωp

E(h(ωp, ωs, τ)). (17)

The algorithm follows:

1. Initialization phase. The passband and stopband frequencies are initialized
with ωp,0 = π

K
and ωs,0 = π

D
, respectively. Initial step sizes ζp,0 and ζs,0 are

set. Iteration index, i, is set to 0.

2. Design phase. The prototype filter h(ωp,i, ωs,i, τ), is designed such that Eq.
(14) is minimized.

3. Optimization phase. The filter specification frequencies ωp and ωs are
adapted according to

ωp,i+1 = ωp,i − ζp,isgn(ω̇p,i) (18)

ωs,i+1 = ωs,i − ζs,isgn(ω̇s,i) (19)

where

ω̇p =
Ei − Ei−1

ωp,i − ωp,i−1

ω̇s =
Ei − Ei−1

ωs,i − ωs,i−1

(20)

are discretized approximations of the gradient. The step sizes are exponen-
tially decreased. Index i is increased by one and steps 2 and 3 are continued
until a stop criterion is met.

4 Evaluation

We have designed two critically and two non-critically decimated filter-banks with
32 subbands and each with decimation factor 32 and 16, respectively. The length
of the prototype filter is 128 and the group delay is specified as τ = 128 and
τ = 64. Table 1 shows the final distortion measures after optimization, for the four
scenarios. We evaluate the performance of the subband implementations in the
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L = 128, K = 32 τ = 128 τ = 64

D = 32 ε1 -12.56 dB -3.42 dB
ε2 0.03 rad 0.76 rad
ε3 -44.57 dB -43.52 dB
ε4 -12.28 dB -9.48 dB

D = 16 ε1 -21.55 dB -9.85 dB
ε2 0.02 rad 0.05 rad
ε3 -79.22 dB -68.02 dB
ε4 -48.31 dB -36.58 dB

Table 1: Average distortion measures, ε1, . . . , ε4 for critical and non-critical deci-
mation with two specified delay cases.

L = 128, K = 32 τ = 128 τ = 64

D = 32 -8.17 dB -7.74 dB
D = 16 -8.81 dB -9.16 dB

FFT Filter Bank -5.20 dB

Fullband -9.84 dB

Table 2: Average spectral error of least squares solutions to a system identification
of an acoustic path in a conference room. Four subband cases with 32 weights and
an FFT filter-bank are compared to the fullband solution.

case of a real room impulse response estimation. A white noise sequence is emitted
through a loudspeaker in a conference room and by using a microphone observation
as a desired signal, we identify the acoustic path, see figure 2. We use the least
squares estimation method, [2], individually in each subband and compare the
fullband FIR filter identification with subband identifications achieved with the
filter-banks given in Table 1. The average spectral error of the estimations, are
given in Table 2, together with an FFT filter-bank implementation. The system
responses of the critically decimated filter-bank identifications are shown in figure
3, while figure 4 shows the response of the non-critically decimated filter-banks,
together with the real room system response. It can be seen that the variations
are much larger with the critically decimated subband implementation, especially
at the subband boundaries.
The estimation accuracy for the non-critically decimated filter-banks are close to
the fullband solution and significantly better than the critically decimated cases.
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Figure 2: Subband room impulse response identification.

5 Conclusions

We have proposed an efficient design method for a uniform DFT filter-bank with
the possibility of a prespecified filter-bank group delay. The optimization minimizes
the inband aliasing components as well as the overall filter-bank transfer function’s
phase and amplitude deviation. A real room transfer function estimation shows
that the accuracy is dependent on both the group delay and the aliasing effects.
Subband oversampling decreases the inband aliasing, which in turn increases the
estimation accuracy. The gain with over sampling is more significant when reduced
delay filter-banks are used.
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Figure 3: System responses of the real room transfer function estimates for the fullband
implementation and the critically decimated subband implementations, L = 128, K =
32, D = 32. It can be seen that the identification error is relatively large.
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Abstract

In the application of adaptive antenna arrays to wireless communications,
a known pilot signal sequence may be used for estimating the array response
at the beginning of each data frame. This pilot sequence is usually very short
and conventional training methods which estimate the array response, based
solely on this training sequence, may incur large estimation errors. In this
paper, we propose an online modified weighted recursive least squares type
of training algorithm for estimating the optimal array response by exploiting
information from the whole frame of the received signal. The benefits of the
proposed algorithm is that tracking of coherent noise and interference signals
is substantially improved, and the overall performance is increased. Simula-
tion results show that the proposed method offers substantial improvement
when compared to the conventional least squares method.

1 Introduction

Co-channel interference (CCI) and multipath fading channels are known to severely
limit the capacity of wireless mobile radio networks. It is anticipated that antenna
arrays together with adaptive spatial-temporal processing techniques will be used
in future high capacity cellular communication systems, in order to reduce the
negative effects of these limitations, [1]. Previous studies have shown that substan-
tial performance gain and capacity increase can be achieved by employing antenna
array and spatial-temporal signal processing, [2, 3]. Due to multipath propaga-
tion effects of fading and movement of the mobile units, the array response must
change with time and continuous estimation and tracking of the response, dur-
ing the communication session, is desirable. In many systems a known pilot data
stream commences each frame of data and may be used in an algorithm to esti-
mate the array response. For instance the TDMA radio systems IS-54/136 use
14 known pilot symbols in each user slot of 162 symbols. In [3] and [4] the least
mean square (LMS) and the least squares (LS) algorithms are used to estimate the
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minimum mean square error (MMSE) array response, based on the known pilot
symbols in each frame. Estimations based solely on this short pilot sequence may
be subject to large estimation errors. A common way to increase the estimation
accuracy is to rely on the fact that the existence of interference causes fluctuations
in the amplitude of the array output, which otherwise has a constant modulus,
[5]. Constant modulus algorithms are useful for eliminating correlated arrivals and
they are effective only for constant-modulated envelope signals, such as MSK and
PSK.

In this paper we propose a new online space-time adaptive processing algorithm
for an antenna array, based on a recursive least squares criterion, where the received
signal during the entire time slot is exploited. The array is aimed at reducing both
the co-channel interference and intersymbol interference, and at the same time
providing spatial diversity against multipath fading.

2 Problem Formulation

We consider a wireless cellular communication system employing adaptive arrays
with I antenna elements at the base stations, receiving signals from D users. All
users, assumed to be mutually independent, operate in the same bandwidth and
at the same time. The I dimensional received signal vector during the n:th symbol
interval within a user slot may be expressed as

x[n] =
D∑

d=1

M−1∑
m=0

hd(m,n)sd[n − m] + v[n] (1)

where hd(m,n), m = 0, 1, · · · ,M − 1 denotes the vector channel impulse response
corresponding to user number d at sample instant n, v[n] is the receiver noise vector,
each element of which is modeled as independent additive white Gaussian noise
(AWGN), i.e. v[n] ∼ Nc(0I , σ

2II), where 0I denotes a I-dimensional vector of all
zeros, and II is the I×I identity matrix. The delay spread of the channels, assumed
to exceed symbol duration, are bounded by M samples in dispersion length. At
this time, we assume that the channel responses are time-invariant and omit the
time variable of the channel responses, while the algorithm developed henceforth
has the ability to track channel variations. It is assumed that all users employ PSK
modulation with all symbols mutually independent, zero mean, equally probable
and also independent of the noise.

Without loss of generality, we suppose that s1[n] is the signal of interest and
|sd[n]| = 1, ∀d. The objective of antenna array beamforming is to estimate the
signal of interest by adaptively updating the beamforming weights at each sample
instant, n, given the received antenna vector, x[n].

The received signal vector x[n] at the antenna array is linearly combined by
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complex weights wi[l], l = 0, 1, · · · , L − 1 to form the array output signal ŝ1[n],

ŝ1[n] =
I∑

i=1

L−1∑
l=0

w∗
i [l]xi[n − l] =

L−1∑
l=0

wH
l xl[n] = wHx[n] (2)

where

wT = [wT
0 wT

1 . . . wT
L−1]

xT [n] = [xT
0 [n] xT

1 [n] . . . xT
L−1[n]]

(3)

and

wT
l = [w1[l] w2[l] . . . wI [l]]

xT
l [n] = [x1[n − l] x2[n − l] . . . xI [n − l]].

(4)

In optimal combining [4], the weight vector, w, is chosen such that the mean-
square error between the transmitted symbol, s1[n], and the array output, ŝ1[n], is
minimized, i.e.

wopt = arg min
w∈CLI

E {‖s1[n] − ŝ1[n]‖} (5)

where the expectation, E {·}, is with respect to the data symbols and the noise.
The minimum mean square error (MMSE) weights are given by

wopt = R−1r (6)

where
R = E

{
x[n]xH [n]

}
=




Rx0x0 Rx0x1 . . . Rx0xL−1

Rx1x0 Rx1x1 . . . Rx1xL−1

...
...

. . .
...

RxL−1x0 RxL−1x1 . . . RxL−1xL−1




(7)

where

Rxixj
= E

{
xi[n]xH

j [n]
}

=
D∑

d=1

hd(i)h
H
d (j) + δijσ

2II (8)

and δij denotes the Kronecker delta function, i.e. δij = 1 if i = j and zero otherwise.
The cross correlation vector, r, is given by

r = E {x[n]s∗1[n]} = [hT
0 [0] hT

0 [1] . . . hT
0 [L − 1]]T . (9)

In practice the MMSE weights are not accessible, since the autocorrelation
matrix R and the cross correlation vector r are not known to the receiver a priori.
The computation of the array weights are in general based on correlation estimates.
In several TDMA-based wireless communication systems, such as GSM and IS-
54/136, a known pilot data stream commences each frame of data and may be
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used in the algorithm to estimate the array response. The output of the array is
then used for symbol extraction in the same time slot.

Assume that each time slot has q known pilot symbols and Q − q information
symbols. The least squares (LS) algorithm for finding the optimal weights essen-
tially estimates the autocorrelation matrix and the cross correlation vector, using
the signal received during the pilot period, x[n], and the known training symbols
in s1[n]. The LS algorithm may be formulated as

R̂ =
1

q

q∑
n=1

x[n]xH [n] (10)

r̂ =
1

q

q∑
n=1

x[n]s∗1[n] (11)

ŵopt = R̂−1r̂. (12)

Since, in practice, the training sequence length is small in comparison to the
time slot length, i.e. q 
 Q, the obtained weight vector, ŵopt, may contain large
estimation errors. It is desirable to increase the estimation accuracy and this can
be done continuously within the time slot in a recursive way, by making use of both
the pilot sequence and the a priori known mean of the information symbols.

3 Algorithm Development

The objective of the algorithm is to minimize the sum of the squared error, during
the whole time slot,

ŵopt = arg min
w∈CLI




Q∑
n=1

[
|ŝ1[n] − s1[n]|2

]
 (13)

even though the pilot sequence consists of the first q samples in s1[n]. By replacing
the unknown symbols, s1[n], n = q + 1, · · · , Q, by their known mean values, i.e.
in our case zero mean values, we can separate the optimization objective into two
parts

ŵopt = arg min
w∈CLI

{ q∑
n=1

[
|wHx[n] − s1[n]|2+

Q∑
n=q+1

|wHx[n]|2




 . (14)

By minimizing the first sum on the right side we get the solution given in Eq.
(12). This solution will force the array to have the highest gain in the direction
of the source of interest. By minimizing the second sum on the right side we
are forcing the array to minimize the influence on both the signal of interest and
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interference contributions during the whole time slot. While the two cost functions,
corresponding to the two sums of Eq. (14), are partly contradictive, the array given
by the global solution will have a higher gain in the direction of the signal of interest,
than for directions of each interfering signal. Calculating the sum we get,

ŵopt = arg min
w∈CLI

{
wH [R̂(q)

xx + R̂(Q)
xx ]w−

wH r̂(q)
x − r̂(q)H

x w + σ2
s1

}
(15)

where we use the following notation

R̂(q)
xx

�
=

1

q

q∑
n=1

x[n]xH [n] (16)

R̂(Q)
xx

�
=

1

Q − q

Q∑
n=q+1

x[n]xH [n] (17)

r̂(q)
x

�
=

1

q

q∑
n=1

x[n]s∗1[n]. (18)

The solution to Eq. (15) is given by,

ŵopt = [R̂(q)
xx + R̂(Q)

xx ]−1r̂(q)
x (19)

based on the data sequence contained in the current time slot.

3.1 An Online Adaptive Algorithm

It is desirable to calculate the optimal combining weights based on the available
data continuously during the time slot in a recursive way. Also, in order for the
array response to be able to track variations in the surrounding environment, the
correlation estimates should include a forgetting factor. We introduce a correlation
matrix, R̂[n],

R̂[n] = R̂(q)
xx + R̂(Q)

xx (20)

where

R̂(q)
xx =

1

q

q∑
n=1

λq−nx[n]xH [n] (21)

R̂(Q)
xx =

1

Q − q

Q∑
n=q+1

λQ−q−nx[n]xH [n] (22)

where λ < 1 is a forgetting factor. During the first q samples in each time slot,
we do not need to form an output signal since no information-bearing signals are
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transmitted. Assuming we have an initial estimate of the pilot correlation ma-
trix, R̂(q)

xx[0], or an estimate from previous time slot, we may estimate the matrix
recursively for n = 1, 2, · · · , q,

R̂(q)
xx[n] = λR̂(q)

xx[n − 1] + q−1x[n]xH [n]. (23)

In the same way we estimate the cross correlation vector for n = 1, 2, · · · , q,
r̂(q)
x [n] = λr̂(q)

x [n − 1] + q−1x[n]s∗1[n]. (24)

During the information symbol transmission, i.e. n = q + 1, · · · , Q, we wish to
update the total correlation matrix, R̂[n], recursively, with no additional weighting
on the already calculated pilot correlation matrix, according to,

R̂[n] = R̂(q)
xx + λR̂(Q−q)

xx [n − 1] + x[n]xH [n] =

λ(R̂(q)
xx + R̂(Q−q)

xx [n − 1]) + x[n]xH [n] + (1 − λ)R̂(q)
xx =

λR̂[n − 1] + x[n]xH [n] + (1 − λ)R̂(q)
xx.

(25)

The effect of the above update is that we weight the total correlation matrix and
add both the rank one “correction term,” x[n]xH [n], and the small portion (1−λ),
of the pilot correlation matrix which has been reduced by the weighting factor.
This update can be implemented directly by using the Matrix-Inversion-Lemma,
in a two step procedure. However, it will require a calculation of the inverse of
the pilot correlation matrix, R̂(q)

xx. One way to circumvent the matrix inversion
and substantially reduce the complexity while increasing accuracy, is to update the
total correlation matrix by adding scaled eigenvectors of the matrix belonging to
the signal sub-space, [1]. This will result in several rank one updates as

R̂[n] = λR̂[n − 1] + x[n]xH [n] + (1 − λ)
J∑

p=1

γpqpq
H
p (26)

where γp is the p-th eigenvalue, and qp is the p-th ordered eigenvector of the LI-

by-LI pilot correlation matrix, R̂(q)
xx, and J is the dimension of the signal space,

i.e. the number of directional sources. The weighted optimal recursive least square
solution at sample instant, n, is now given by

ŵopt[n] = R̂[n]
−1

r̂(q)
x (27)

where r̂(q)
x is the pilot calibration correlation vector gathered during the pilot train-

ing. The inversion of the matrix is avoided by making use of the Matrix-Inversion-
Lemma. One may reduce the complexity further, at the expense of a small weight
perturbation, by sequentially adding one scaled eigenvector at each sample instant
in Eq. (26).
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3.2 Summary of the Algorithm

The algorithm is stated as an iterative procedure within each time slot. When a
new time slot begins the algorithm is run sequentially with the steps in the opera-
tion phase:

Initialization phase:

P̂[0] = β−1ILI×LI

R̂(q)
xx[0] = βILI×LI

r̂(q)
x [0] = 0LI

where β is a small positive constant, L is the number of filter weights in each chan-
nel and I is the number of antennas in the array.

Operation phase:

• for n = 1, 2, · · · , q,
calculate the correlation matrix and correlation vector estimates according to
Eq. (23) and Eq. (24). Find the eigenvectors spanning the signal sub-space
by diagonalizing the correlation matrix. Update the total correlation matrix,

P̂[n] = λP̂[n − 1] − λ−2P̂[n − 1]x[n]xH [n]P̂[n − 1]

1 + λ−1xH [n]P̂[n − 1]x[n]
(28)

where x[n] is given by Eq. (3) and Eq. (4) and λ is the forgetting factor.

• for n = q + 1, q + 2, · · · , Q,
update the matrix, P̂[n], according to Eq. (28), and subtract the following
quantity from the matrix,

P̂[n] = P̂[n] − γp(1 − λ)P̂[n]qp[n]qH
p [n]P̂[n]

1 + γp(1 − λ)qH
p [n]P̂[n]qp[n]

where index p = (nmod I) + 1, denotes the ordered index of the eigenvalues
and eigenvectors of the correlation matrix given in Eq. (23), and number J
is the dimension of the signal sub-space.
For each sample instant, the combining weights and the output signal, ŝ1[n],
are given by

ŵ[n] = P̂[n]̂r(q)
x , ŝ1[n] = ŵH [n]x[n]
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4 Computer Simulations

Computer simulations with QPSK modulation were carried out to evaluate perfor-
mance of the proposed algorithm in comparison with the MMSE and the conven-
tional RLS solution based on updating during pilot symbols only. An 8-element
circular array was used, with half wavelength spacing along the circle. We consider
one user at direction-of-arrival (DOA) 0o, and seven interfering users with DOA,
55o, 80o, 140o, 182o, 221o, 265o, 323o, respectively. Each user gives rise to 3 mul-
tipaths at 10 dB reduced level from its direct path and with DOA well separated
from its corresponding sources. Further, all paths are subject to Rayleigh fading
with a doppler spectrum equivalent to a user speed of 110 km/h, at the carrier
frequency 1.9 GHz. The MMSE is calculated from the known fading channels at
each time instant. The delay spread is three symbol durations, i.e. M = 3, and
the number of filter taps in the array is L = 3.

Figure 1 shows averaged learning curves for 50 Monte Carlo runs and it can be
seen that the proposed algorithm has faster convergence and smaller steady-state
excess mean square error as compared to the conventional RLS. The SIR is −10 dB
and the SNR at each antenna is 10 dB. Figure 2 shows the symbol error rate for
the methods when the SIR varies between −30 dB and 0 dB. With the proposed
method, a received interference level increase of 2 − 3 dB can be accepted, while
maintaining the performance of the conventional RLS.

Figure 1: Learning curves for the conventional RLS and the proposed method,
together with the MMSE solution, SIR=−10 dB and SNR=10 dB. User speed is
110 km/h.



A New Pilot-Signal based Space-Time Adaptive Algorithm 199

Figure 2: Symbol error rate for different SIR of the conventional RLS and the
proposed method, together with the MMSE solution. SNR=10 dB and user speed
is 110 km/h.

5 Conclusions and Future Work

We have proposed a new space-time adaptive algorithm for an antenna array. The
algorithm is recursive in its structure and exploits information from both pilot sym-
bols as well as information symbols. This in turn leads to an increase in accuracy of
the algorithm, when compared to the conventional RLS method. Also, interference
tracking abilities are improved since tracking takes place during the whole time
slot of data transmission. Since the algorithm is implemented recursively, it would
also be possible to increase estimation accuracy further by using decision feedback,
and thus virtually increase the number of training symbols. Descision feedback,
and related topics, comprise future research.
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