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Preface
This licentiate thesis summarizes my work within the ﬁeld of array speech
enhancement for hands-free communication applications. The work has been
performed at the Department of Signal Processing at Blekinge Institute of
Technology. The thesis consists of three parts, which are:

Part
I

A Constrained Subband Beamforming Algorithm for Speech Enhancement.

II

Spatial Filter Bank Design for Speech Enhancement Beamforming Applications.

III

Beamforming for Moving Source Speech Enhancement.
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Introduction

With the maturity in speech processing technologies and the prevalence
of telecommunications, a new generation of speech acquisition applications
is emerging. This is motivated by the modern society’s continuous crave for
improving and extending interactivity between individuals, while providing
the user with better comfort, ﬂexibility, quality and ease of use.
The emerging broadband wireless communication technology has given
rise to the extension of voice connectivity to personal computers, allowing for
the development of tele- and video-communication devices, with the objective
of enabling natural and accurate communication in both desktop and mobile
environments. In today’s technology, conference calling stands out as one
of the predominant alternatives for conducting high level communications in
both small and large companies. This is essentially due to the fact that
audio conferencing is convenient and cost eﬀective, considering the reduction
of travel expenses it involves.
As a result of the convergence taking place between personal computers
and communication devices, telephones and other interactive devices are increasingly being powered by voice. More generally, future ambitions are to
replace hand-controlled functions with voice controls, necessitating the development of eﬃcient and robust voice recognition techniques.
The detection, characterization and processing of a various range of signals
by technological means is experiencing a growing inﬂuence in the biomedical
ﬁeld. More speciﬁcally, speech processing techniques have proven to be eﬀective in improving speech intelligibility in noise for hearing-impaired listeners.
In addition to the task of helping hearing damages, through the development
of the hearing aid industry, speech processing can further be exploited for
the task of preventing hearing damages in high noise environment such as air
crafts, factories and other industrial working sites.
All these applications have as common denominator, the hands-free acquisition of speech. In other words, the receiver is at a remote distance from
1
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the speech transmitting body. This context causes problems of environment
noise and interfering sound corrupting the received speech, as well as reverberations of the voice from walls or ceilings, which additionally impairs the
received speech signal [1]. In the case of a duplex hands-free communication, the acoustic feedback constitutes another disturbance for the talker who
hears his or her voice echoed. Successful speech enhancement solutions should
achieve speech dereverberation, eﬃcient noise and interference reduction and,
for mobile environments, they should also provide an adaptation capacity to
speaker movement.
Many signal processing techniques address these issues separately. Echo
cancellation as a research area has been widely explored in the last decades
[2, 3, 4]. Speech enhancement in reverberant environment has been considered
in [5, 6]. Various background noise reduction methods using one microphone
have been developed [7, 8, 9]. Methods using multiple microphones, also
referred to as microphone array techniques, aim at addressing the problem in
its totality [10, 11, 12, 13, 14, 15, 16]. A large diversity of array processing
algorithms derived from classical signal processing methods can be found in
the literature. For instance, blind source separation [17, 18] has open the path
to speech separation algorithms [19, 20]. Other microphone array techniques
using spectral subtraction have been proposed in [21, 22].
The inherent ability of microphone arrays to exploit the spatial correlation of the multiple received signals has enabled the development of combined temporal and spatial ﬁltering algorithms known as beamforming techniques [10]. Some of the classical beamformers include the Delay-and-Sum
beamformer, the Filter-and-Sum Beamformer and the Generalized Sidelobe
Canceller (GSC). The GSC has been predominantly used for noise suppression. However, it has proven to be sensitive to reverberation [23, 24]. Other
advanced beamforming techniques using optimal ﬁltering or signal subspace
concepts have been suggested [25, 26, 27]. Many of these algorithms rely on
Voice Activity Detection (VAD). This is needed in order to avoid source signal cancellation eﬀects [10], which may result in unacceptable levels of speech
distortion. Methods based on calibration data have been developed to circumvent the need of a VAD [28].
Microphone arrays have also permitted the emergence of localization algorithms to detect the presence of speech, determine the direction of the speaker
and track it when it moves [29, 30, 31]. Combined with video technology, these
techniques can allow the system to steer and concentrate on the speaker, thus
provide a combined video and audio capability [32].
In this thesis an adaptive subband RLS beamforming approach is inves-
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tigated and evaluated in real hands-free acoustical environments. The proposed methodology is deﬁned such to perform background noise and acoustic
coupling reduction, while producing an undistorted ﬁltered version of the signal originating from a desired location. This adaptive structure allows for a
tracking of the noise characteristics, such to accomplish its attenuation in an
eﬃcient manner. A soft constraint built from calibration data in low noise
conditions guarantee the integrity of the desired signal without the need of
any speech detection. A subband beamforming structure is used in order to
improve the performance of the time-domain ﬁlters and reduce their computational complexity. A new spatial ﬁlter bank design method, which includes
the constraint of signal passage at a certain position, is suggested for speech
enhancement beamforming applications. Further, a soft constrained beamforming approach with built-in speaker localization, is proposed to accommodate for source movement. Real speech signals are used in the simulations
and results show accurate speaker movement tractability with good noise and
interference suppression.
In this chapter, a brief description of sound propagation is ﬁrst given,
followed by an introduction to acoustic array theory. The next section contains a summary of the existing microphone array beamforming concept and
techniques for speech enhancement. Then, approaches for localization and
tracking are presented. At last, an overview of this thesis content is given.

1

Sound Propagation

Sound waves propagate through an air medium by producing a movement
of the molecules in the direction of propagation and are referred to as compressional waves. The wave equation for acoustic waves propagating in a
homogeneous and lossless medium can be expressed as [10]
2 x(t, r) −

1 δ2
x(t, r) = 0,
c2 δt2

(1)

where x(t, r) is a function representing the sound pressure at a time instant t
for a point in space with Cartesian coordinates r = [x, y, z]T . Here, 2 stands
for the Laplacian operator and (T ) is the transpose. The variable c is the speed
of propagation, which depends upon the pressure and density of the medium,
and thus is constant for a given wave type and medium. For the speciﬁc case
of acoustic waves in air, the speed of propagation is approximately 340 ms−1 .
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In general, waves propagate from their source as spherical waves, with the
amplitude decaying at a rate proportional to the distance from the source
[33]. These properties imply a rather complex mathematical analysis of propagating signals, which is a major issue in array processing of near-ﬁeld signals.
However, at a suﬃciently long distance from the source, acoustic waves may be
considered as plane waves, considerably simplifying the analysis. The solution
of the wave equation for a monochromatic plane wave is given by [10]
T

x(t, r) = A ej(ωt−k

r)

,

(2)

where A is the wave amplitude, ω = 2πf is the angular frequency, and k is
the wave number vector, which indicates the speed and direction of the wave
propagation. The wave number vector is given by
k=

2π
[sinφ cosθ
λ

sinφ sinθ

cosφ]T ,

(3)

where θ and φ are the spherical coordinates, as illustrated in Fig. 1 and λ is
the wavelength.
Due to the linearity of the wave equation, the monochromatic solution
can be expanded to the more general polychromatic case by considering the
solution as a sum of complex exponentials. More generally, the Fourier theory
can be exploited to form an integral of complex exponentials to represent an
arbitrary wave shape [10].
A band limited signal can be reconstructed by temporally sampling the
signal at a given location in space, or spatially sampling the signal at a given
instant in time. Additionally, the superposition principle applies to propagating wave signals, allowing multiple waves to occur without interaction [10].
Based on these conclusions, the information carried by a propagating acoustic
wave can be recovered by proper processing using the temporal and spatial
characteristics of the wave.

1.1

Noise Field

The acoustic ﬁeld in the absence of information transmission is commonly
referred to as a noise ﬁeld (or background noise ﬁeld). In general, it consists of
the summation of a large diversity of unwanted or disturbing acoustic waves
introduced in a common ﬁeld by man-made and natural sources. Hence,
depending on the degree of correlation between noise signals at distinct spatial
locations, diﬀerent categories of noise ﬁelds can be deﬁned for microphone
array applications [34].
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Figure 1: Cartesian coordinates [x,y,z] and spherical coordinates [r,θ,φ] of a
point in space.

Coherent versus Incoherent Noise Field
A coherent noise ﬁeld corresponds to noise signals propagating from their
source without undergoing reﬂection, dispersion or dissipation. It is characterized by a high correlation between received signals at diﬀerent spatial
locations. A coherent noise ﬁeld results from a source in open air environments with no major obstacles to sound propagation. An incoherent noise
ﬁeld, in the other hand, is characterized by spatially uncorrelated noise signals. An example of incoherent noise is electrical noise in microphones, which
is generally viewed as randomly distributed.

Diﬀuse Noise Field
A diﬀuse noise ﬁeld corresponds to noise signals propagating in all directions
simultaneously with equal energy and low spatial correlation. In practice,
many noise environments such as the noise in a car and an oﬃce can be
characterized by a diﬀuse noise ﬁeld, to some extend.

6
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Acoustic Arrays

Acoustic sensor arrays consist of a set of acoustic sensors placed at diﬀerent
locations in order to receive a signal carried by propagating waves. Sensor
arrays are commonly considered as spatially sampled versions of continuous
sensors, also referred to as apertures. From this perspective, sensor array
fundamentals can conveniently be derived from continuous aperture principles
by means of the sampling theory.

2.1

Continuous Aperture

A continuous aperture is an extended ﬁnite area over which signal energy is
gathered. The two major concepts in the study of continuous aperture are
the aperture function and the directivity pattern.
The aperture function deﬁnes the response of a spatial position along the
aperture to a propagating wave. The aperture function, denoted in this text
by ω(r), takes values between zero and one inside the region where the sensor
integrates the ﬁeld and is null outside the aperture area [10].
The directivity pattern also known as beam pattern or aperture smoothing
function [10], corresponds to the aperture response as a function of direction
of arrival. It is related to the aperture function by the three dimensional
Fourier transform relationship following

W (f, α) =

+∞

T

ω(r)ej2πα r dr,

(4)

−∞

where the direction vector α = [αx , αy , αz ]T = k/2π.
Linear Aperture
For a linear aperture of length L along the x-axis centered at the origin of the
coordinates ( i.e. corresponding to spatial points r = [x, 0, 0], with −L/2 <
x < L/2), the directivity pattern can be simpliﬁed to

W (f, αx ) =

L/2

−L/2

ω(x)ej2παx x dx.

(5)

7

Introduction

For a uniform aperture function deﬁned by

1 when | x |≤ L/2,
ω(x) =
0 when | x |> L/2,
the resulting directivity pattern is given by
W (f, αx ) = Lsinc(αx L).

(6)

The directivity pattern corresponding to a uniform aperture function, is
illustrated in Fig. 2. It can be seen that zeros in the directivity pattern
are located at αx = mλ/L. The beam width of the main lobe is given by
2λ/L = 2c/f L. Thus, for a ﬁxed aperture length, the main lobe is wider
for lower frequencies. Considering only the horizontal directivity pattern, i.e.
φ = π/2, a polar plot is shown in Fig. 3.

2.2

Linear Sensor Array

A sensor array can be viewed as an aperture excited at a ﬁnite number of
discrete points. For a linear array with I identical equally spaced sensors, the
far-ﬁeld horizontal directivity pattern is given by
W (f, θ) =

I


ωi ej

2πf
c

i d cosθ

,

(7)

i=1

where ωi is the element i complex weighting factor and where d is the distance
between adjacent sensors. In the case of equally weighted sensors, ωi = 1/I, it
can be seen from the evaluation of Eq. (7) for diﬀerent values of the parameters
I and d that increasing the number of sensors I results in lower side lobes.
On the other hand, for a ﬁxed number of sensors, the beam width of the main
lobe is inversely proportional to the sensor spacing d.
Spatial aliasing
In an analogous manner to temporal sampling of continuous-time signals,
spatial sampling can produce aliasing [10]. Spatial aliasing results in the
appearance of spurious lobes in the directivity patters, referred to as grating
lobes, as illustrated in Fig. 4. The requirement to fulﬁll the spatial sampling
theorem, so to avoid spatial aliasing, is given by
d<

λmin
,
2

(8)
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where λmin is the minimum wavelength in the propagating signal. Hence, the
critical spacing distance required for processing signals within the telephone
bandwidth (300-3400 Hz) is d = 5 cm.

|L sinc(αx L)|

L

0
−4λ /L

−3λ /L

−2λ /L

−1λ /L

0

1λ /L

2λ /L

3λ /L

αx

Figure 2: Directivity pattern of a linear aperture.

4λ /L

9

Introduction

90

90

1

120

60

0.5

150

180

0

330

240

60

0.5

150

30

210

1

120

30

180

0

330

210

300

240

270

300
270

L/λ =6

L/λ=2

Figure 3: Polar plot of the directivity pattern of a linear aperture as a function
of the horizontal direction θ, with L/λ = 2 (left) and L/λ = 6 (right). It can
be seen that for a higher frequency, i.e. L/λ higher (right) the main beam is
narrower.
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Figure 4: Spatial aliasing: Polar plot of the directivity pattern of a linear
sensor array with four elements, as a function of the horizontal direction θ;
with a critical spatial sampling, d = λ/2 (left), and with aliasing eﬀects for
d = λ (right).
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Microphone Array Beamforming techniques

Microphone arrays spatially sample the sound pressure ﬁeld. When combined
with spatio-temporal ﬁltering techniques known as beamforming, they can
extract the information from (spatially constrained) signals, of which only a
mixture is observed.
In this section an introduction to the principle of beamforming is ﬁrst
given, followed by a description of the classical beamforming techniques: the
Delay-and-Sum beamformer and the Filter-and-Sum beamformer. Post ﬁltering is presented as an approach to improve the beamformer’s performance.
For optimal usability of the beamformer’ structure in (temporally and spatially) non-stationary environments, adaptive beamforming techniques have
been developed. The most popular of these algorithms are described next, including the Constrained Minimum Variance beamformer and its main variant
the Frost’s algorithm, the Generalized Sidelobe Canceller and the calibrated
beamformer. Subband beamforming techniques are also introduced as an alternative to reduce the complexity of the beamforming ﬁltering operation.

3.1

Beamforming and Classical Beamformers

The complex weighting element ωi in the far-ﬁeld horizontal directivity pattern of a linear sensor array can be expressed in terms of its magnitude and
phase components as
(9)
ωi = ai ejϕi .
The directivity pattern of Eq. (7) is reformulated as
W (f, θ) =

I


ai ej(

2πf
c

i d cos θ+ϕi )

.

(10)

i=1

While the amplitude weights ai control the shape of the directivity pattern,
the phase weights ϕi controls the angular location of the response’s main lobe.
Beamforming techniques are algorithms for determining the complex sensor
weights ωi in order to implement a desired shaping and steering of the array
directivity pattern.
Delay-and-Sum Beamformer
The complex weights with frequency-dependent phase
1 −2πf
ωi = ej c (i−1) d cosθs ,
I

(11)
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leads to the directivity pattern
1  j 2πf
e c
I i=1
I

W (f, θ) =

(i−1) d (cosθ−cosθs )

,

(12)

such that an angular shift with angle θs of the directivity pattern’s main lobe
is accomplished.
By summing the weighted channels, the array output is given by
−2πf
1
Xi (f )ej c (i−1) d cosθs .
I i=1

I

Y (f ) =

(13)

where Xi (f ) is the frequency representation of the sound ﬁeld received at sensor i. The negative phase shift realized in the frequency domain corresponds
to introducing a time delay of the sensor inputs, according to
1
xi (t − τi ),
I i=1
I

y(t) =

(14)

where the delay for sensor i is deﬁned as τi = (i−1) dc cosθs . This summarizes
the formulation of the elementary beamformer known as the Delay-and-Sum
beamformer.
Filter-and-Sum Beamformer
In the Filter-and-Sum beamformer both the amplitude and the phase of the
complex weights are frequency dependent, resulting in a ﬁltering operation
of each array element input signal. The ﬁltered channels are then summed,
according to
I

(f )
Y (f ) =
ωi Xi (f ).
(15)
i=1

The multiplications of the frequency-domain signals are accordingly replaced by convolutions in the discrete-time domain. The discrete-time output
signal is hence expressed as
y(n) =

I L−1



ωi (l)xi (n − l),

(16)

i=1 l=0

where xi (n) are sampled observations from sensor i, ωi (l), l = 0, ..., L − 1, are
the ﬁlter weights for channel i, and L is the ﬁlter length.
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Post-Filtering

Post-ﬁltering is a method to improve the performance of a ﬁlter-and-sum
beamforming algorithm. This concept makes use of the information about
the desired signal acquired by the spatial ﬁltering, to achieve additional frequency ﬁltering of the signal. A Wiener post-ﬁlter approach was suggested in
[35]. It makes use of cross spectral density functions between channels, which
improves the beamformer cancellation of incoherent noise as well as coherent noise, as long as it is not emanating from the look-direction. However,
the eﬀectiveness of this post ﬁlter has been shown to be closely linked to the
beamformer performance [36].

3.3

Adaptive Beamforming

Adaptive beamforming techniques attempt to adaptively ﬁlter the received
signals in order to pass the signal coming from a desired direction and suppress the unwanted signals coming from other directions. This is achieved by
combining the classical beamforming principles with adaptive ﬁlter theory.
Least Mean-Square (LMS)-based beamforming focuses on the minimization of the mean-square error between a reference signal, highly correlated
to the desired signal, and the input signal. This algorithm does not put
any requirement on the signal’s spatial characteristics, and it relies strictly
on acquiring a reference signal with a good correlation to the desired signal.
However, the LMS algorithm objective is solely to minimize the mean-square
error, based on instantaneous correlation measures, without any condition
upon the distortion of the signal. It results in a degradation of the desired signal, mainly in high noise environments. This limitation can be circumvented
by the introduction of a constraint on the adaptive ﬁlter weights, based on
adequate knowledge of the source, such to secure the passage of the desired
signal. The ﬁlter optimization process can thus be viewed as a constrained
least mean-square minimization.
The Constrained Minimum Variance Beamformer
Constrained minimum variance beamforming is based on the concept of a constrained LMS array, which consists of minimizing the output from a sensor
array while maintaining a constant gain towards the desired source. The most
famous constrained minimum variance algorithm is the Frost’s algorithm presented in [37]. The Frost’s algorithm requires knowledge of the desired signal
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location and the array geometry in order to deﬁne a constraint on the ﬁlter
weights such to ensure that the response to the signal coming from the desired
direction has constant gain and linear phase. This is achieved in conjunction
with a minimization of the received energy components originating from other
directions. This structure presents a high sensitivity to steering vector errors.
The Generalized Sidelobe Canceller
The Generalized Sidelobe Canceller (GSC) is an adaptive beamforming structure which is used to implement the Frost’ algorithm as well as other linearly constrained minimum variance beamformers, in an unconstrained frame
[10, 23]. The GSC relies on the separation of the beamformer into a ﬁxed
and an adaptive part. The ﬁxed portion steers the array towards the desired
direction such to identify the signal of interest. The desired signal is then
eliminated from the input to the adaptive part by a blocking matrix, ensuring
that the power minimization is done over the noise only.
In practice, it is rather diﬃcult to achieve a perfect signal cancellation
over a large frequency band. Thus, for broadband signals such as speech, the
blocking matrix can not totally prohibit the desired signal from reaching the
adaptive ﬁlters. This phenomenon known as the superresolution problem can
cause the GSC algorithm to distort and even cancel the signal of interest.
The Calibrated Microphone Array
The In situ Calibrated Microphone Array (ICMA) is an adaptive beamformer
which relies on the use of calibration sequences, previously recorded in the
environment of concern. In this way, the spatio-temporal characteristics of the
environment are taken into account in the formulation of the system’s response
to the desired signal. This methodology does not require any knowledge of
the desired source and the array positioning nor speciﬁcations.
The ICMA structure is built in two steps. In a pre-processing phase, calibration sequences are recorded for the desired speech position and the known
interfering speech positions, separately, in a low noise environment. These
calibration sequences which are stored in memory are added to the received
array signals during processing. The target calibration sequence which is spatially correlated with the desired signal serves as a reference signal in the
adaptive minimization of a mean-square error. A VAD is employed to limit
the adaptation process to the time frames corresponding to silent speech.
The ICMA structure has been implemented based on the Normalized LMS
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(NLMS) algorithm in [14], and on a Least-Squares (LS) solution in [15]. A
Neural Network approach has also been investigated [16]. The theoretical
limits of the ICMA scheme were established in [38], showing a robustness of
this structure to perturbation errors and the superresolution problem.

3.4

Subband Beamforming

The use of a Recursive Least-Squares (RLS) algorithm, as an alternative to
the LMS adaptive approach of a beamformer for speech processing, requires
manipulating large matrices. The implementation of such complex algorithm
can be made possible through a subband beamforming structure. Subband
adaptive ﬁltering principle consists on converting a high order full band ﬁltering problem to a set of low order subband ﬁltering blocks, with the aim
of reducing complexity while improving performance [39]. Subband beamforming can be achieved by means of a frequency transform, which allows for
the ﬁlter weight computation to be performed in the frequency domain. The
time-domain convolutions of Eq. (16) are, thus, replaced by multiplications
in the frequency domain following Eq. (15). The computational gain comes
from the fact that the processing of narrow band signals requires lower sample
rates [40]. Hence, in an eﬃcient implementation, the frequency transform is
followed by a decimation operation.
Fig. 5 illustrates the overall structure of a subband beamformer. The input
signal for each microphone is decomposed into a set of narrow band signals
using a multichannel subband transformation, also known as an analysis ﬁlter bank. The beamformer ﬁltering operations are then performed for each
frequency subband separately. A full band signal is reconstructed using a
synthesis ﬁlter bank. It represents the output of the total system.
Filter banks
Diﬀerent frequency transformations can be used for subband beamforming
applications. Among the most important elements in frequency transformation are the Discrete Fourier Transform (DFT) and its fast implementation
the Fast Fourier Transform (FFT). These frequency transformations are often
built in the form of a bank of ﬁlters and they should be constructed such to
cancel aliasing eﬀects introduced by decimation operations.
Many design methods for ﬁlter banks have been developed based on various optimization criteria. In multi-rate ﬁlter banks, in-band aliasing and
imaging distortion are a major issue [40]. Another optimization parameter
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Figure 5: Structure of the subband beamformer.

to be considered is the delay introduced by the ﬁlter banks, where a tradeoﬀ
can be made between low delay and reduced complexity. Uniform and nonuniform methods based on delay speciﬁcation, including delay-less structures,
are presented in [41, 42, 43].
In a uniform ﬁlter bank design with modulated ﬁlter banks, a simpliﬁed
structure is made available through the use of eﬃcient polyphase implementation [40]. Exploiting this feature, an oversampled uniform DFT FIR ﬁlter
bank design method was presented in [41], where aliasing and output signal
distortion are minimized, under a pre-speciﬁed delay constraint.
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Localization and Tracking

Speaker localization is of particular interest in the development of speech
enhancement methods requiring information of the speaker position. Based
on the localized speaker position, the microphone array can be steered towards
the corresponding direction for eﬀective speech acquisition. This approach is
appropriate for speech enhancement applications with a moving speaker, such
as in video-conferencing, where the speaker position can be provided to a video
system in order to keep the speaker in focus of the camera [32]. A localization
system may also be used in a multi-speaker scenario to enhance speech from
a particular speaker with respect to others or with respect to noise sources.
The beamforming principle may be used as foundation for source localization by steering the array to various spatial points to ﬁnd the peak in
the output power. Localization methods based on the maximization of the
Steered Response Power (SRP) of a beamformer, have been shown to be robust [32]. However, they present a high dependency on the spectral content
of the source signal, which in most practical situations is unknown.
The most widely used source localization approach exploits time-diﬀerence
of arrival (TDOA) information. A signal originated from a point in space is
received by a pair of spatially distinct microphones with a time-delay diﬀerence. A speciﬁc delay can be mapped to a number of diﬀerent spatial points
along a hyperbolic curve as illustrated in Fig. 6. For a known array geometry,
intersecting the hyperbolic curves, corresponding to the temporal disparity of
a received signal relative to pairs of microphones, results in an estimate of the
source location.
Acquiring a good time-delay estimation (TDE) of the received speech signals is, thus, essential to achieve an eﬀective speaker localization. Most TDE
methods have limited accuracy in the presence of background noise and reverberation eﬀects [44]. The time-delay may be estimated by maximizing the
cross-correlation between ﬁltered versions of the received signals, which is the
basis of the Generalized Cross Correlation (GCC) method. This approach
is however impractical in high reverberant environment where the signal’s
spectral content is corrupted by the channel’s multi-path [44]. This problem
can be circumvented by equalizing the frequency-dependent weightings of the
cross-spectrum components, such to obtain a peak corresponding to the dominant delay of the signal. The extreme case where the magnitude is ﬂattened
is referred to as the Phase Transform (PHAT).
A merge of the GCC-PHAT algorithm and the SRP beamformer, resulted
in the so called SRP-PHAT algorithm. By combining the robustness of the
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steered beamformer and the insensitivity to received signal characteristics
introduced by the PHAT approach, this algorithm has been shown to be
robust and to provide reliable location estimates [32].
Other GCC-PHAT based-methods using pre-ﬁltering, eigendecomposition
or speech modelling have been presented in [30, 31].

Sound source

Spatial points with
similar delay
difference T1 to
microphone-pair 1

Delay T2

Delay T1

Microphone
array

Microphone-pair 1

Figure 6: Time-delay estimation of a point source signal relative to pairs of
microphones.
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PART I - A Constrained Subband Beamforming
Algorithm for Speech Enhancement
This paper presents a comprehensive study of a calibrated subband adaptive beamformer for speech enhancement, in hands-free communication, which
does not need the use of a VAD. Performance of the algorithm is evaluated
on real data recordings conducted in typical hands-free environments. The
beamformer is based on the principle of a soft constraint, formed from calibration data, rather than precalculated from free-ﬁeld assumptions, as it is done
in [45]. The beneﬁt is that the real room acoustical properties will be taken
into account. The algorithm recursively estimates the spatial information of
the received data, while the initial precalculated source correlation estimates
constitute a soft constraint in the solution. A subband beamforming scheme
is used, where the ﬁlter banks are designed with the methodology described
in [41], which minimizes in-band and reconstruction aliasing eﬀects.
A real hands-free implementation with a linear array, under noisy conditions such as a crowded restaurant room and a car cabin in movement, shows
good noise and interference suppression as well as low speech distortion.

Part II - Spatial Filter Bank Design for Speech
Enhancement Beamforming Applications
In this paper, a new spatial ﬁlter bank design method for speech enhancement
beamforming applications is presented. The aim of this design is to construct
a set of diﬀerent ﬁlter banks that includes the constraint of signal passage at
one position (and closing in other positions corresponding to known disturbing
sources) as depicted in Fig. 7. By performing the directional opening towards
the desired location in the ﬁxed ﬁlter bank structure, the beamformer is left
with the task of tracking and suppressing the continuously emerging noise
sources. This algorithm has been tested on real speech recordings conducted
in a car hands-free communication situation. Results show that a reduction of
the total complexity can be achieved while maintaining the noise suppression
performance and also reducing the speech distortion.
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Figure 7: Structure of the multidimensional space-time ﬁlter bank (The output
data of the ﬁlter bank are phase-shifted to be in-phase for the source propagation direction, and out-of-phase for interference propagation directions).

Part III - Beamforming for Moving Source Speech
Enhancement
To allows for source mobility tracking, a soft constrained beamforming approach with built-in speaker localization is proposed in this part. The beamformer is based on the principle of a soft constraint deﬁned for a speciﬁed
region corresponding to an estimated source location and a known array geometry, rather than formed from calibration data. An algorithm for sound
source localization is used for speaker movement tracking. The source of interest is modelled as a cluster of stationary point sources and source motion
is accommodated by revising the point source cluster. The source modelling
and its direct exploitation in the beamformer through covariance estimates
is presented. The choice of the point source cluster aﬀects the updating of
the covariance estimates when the source moves. Thus, a design tradeoﬀ between tractability of updating and performance is considered in placement of
these points. Real speech signals are used in the simulations and results show
accurate speaker movement tracking with maintained noise and interference
suppression of about 10-15 dB, when using a four-microphone array.
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A Constrained Subband Beamforming
Algorithm for Speech Enhancement
Z. Yermeche, N. Grbić and I. Claesson

Abstract
This report presents a description and a study of a constrained subband beamforming algorithm constructed around the principle of an
array calibration to the real acoustic environment. This method has
been suggested for speech enhancement in hands-free communication,
using an array of sensors. The proposed methodology is deﬁned such to
perform background noise and acoustic coupling reduction, while producing an undistorted ﬁltered version of the signal originating from a desired location. The beamformer recursively minimizes a Least Squares
error based on the continuously received data. This adaptive structure
allows for tracking of the noise characteristics, such to accomplish its
attenuation in an eﬃcient manner. A soft constraint built from calibration data in high SNR conditions guarantees the integrity of the
desired signal without the need of any speech detection. The computational complexity of the beamformer ﬁlters is substantially reduced by
introducing a subband beamforming scheme.
This study includes an extensive evaluation of the proposed method
in typical hands-free telephony environments, using real speech and
noise recordings. Design issues of the subband beamformer are investigated and exploited in order to reach optimal usability. Measurements
were performed in real acoustic environments, where the impact on
the beamformer performance of diﬀerent setups is considered. Results
obtained in a crowded restaurant room as well as in a car cabin environment show a signiﬁcant noise and hands-free interference reduction
within the telephone bandwidth.
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Part I

Introduction

Array processing involves the use of multiple sensors or transmitters to receive or transmit a signal carried by propagating waves. Sensor arrays have
applications in a diversity of ﬁelds, such as telecommunications, sonar, radar
and seismology [1, 2, 3, 4, 5, 6]. The focus of this report is on the use of
microphone arrays to receive acoustic signals, and more speciﬁcally speech
signals [7, 8, 9, 10]. The major applications for microphone arrays attempt
to provide a good quality version of a desired speech signal, to localize the
speech source or to identify the number of sources [7].
In the context of speech enhancement, microphone array processing has the
potential to perform spatial selectivity, known also as directional hearing, via
a technique known as beamforming, which reduces the level of directional and
ambient noise signals, while minimizing distortion to speech from a desired
direction. This technique is extensively exploited in hands-free communication
technologies, such as video-conferencing, voice control and hearing-aids. In
such environments, the transmitted speech signal is generated at a distance
from the communication interface and thus it undergoes reverberations from
the room response. Background noise and other interfering source signals also
contribute to corrupt the signal actually conveyed to the far-end user.
This report presents a calibrated adaptive beamformer for speech enhancement, without the use of a voice activity detection (VAD), which was ﬁrst
introduced in [11]. Performance of the algorithm is evaluated on real data
recordings conducted in diﬀerent hands-free environments. The beamformer
is based on the principle of a soft constraint, formed from calibration data,
rather than precalculated from free-ﬁeld assumptions as it is done in [12].
The beneﬁt is that the real room acoustical properties will be taken into account. A subband beamforming implementation is chosen in order to allow
the use of eﬃcient, however, computationally demanding adaptive structures.
A multichannel ﬁlter bank decomposes the input signal for each microphone
into a set of narrow band signals, such to perform the beamformer ﬁltering
operations for each frequency subband separately. The full band output of
the system is then reconstructed by a synthesis ﬁlter bank. The ﬁlter-banks
are designed with the methodology described in [13], where in-band and reconstruction aliasing eﬀects are minimized. The spatial characteristics of the
input signal are maintained when using modulated ﬁlter-banks (analysis and
synthesis), deﬁned by two prototype ﬁlters, which leads to eﬃcient polyphase
realizations.
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Information about the speech location is put into the algorithm in an
initial acquisition by calculating source correlation estimates for microphone
observations when the source signal of interest is active alone. The recording
only needs to be done initially or whenever the location of interest is changed.
The objective is formulated in the frequency domain as a weighted Recursive
Least Squares (RLS) solution, which relies on the precalculated correlation estimates. In order to track variations in the surrounding noise environment, the
adaptive beamformer continuously estimates the spatial information for each
frequency band. The proposed algorithm updates the beamforming weights
recursively where the initial precalculated correlation estimates constitutes a
soft constraint. The soft constraint secures the spatial-temporal passage of
the desired source signal, without the need of any speech detection.
Measurements were conducted in typical hands-free telephony environments, such as restaurant room and car cabin, where various setups were
created. The choice of these environments was motivated by the extension
of voice connectivity to personal computers, allowing the users to hold a
distance-communication, in various environments such as oﬃces, restaurants,
trains, and other crowded public places, while being at a remote distance
from the transmitting device, as well as by the automobile industry’s eﬀort
to replace some hand-controlled functions with voice controls. The simulations were made with speech sequences from both male and female speakers.
Results show a signiﬁcant noise and interference reduction within the actual
bandwidth. The inﬂuence of the design parameters on the performance of the
proposed method was further investigated to achieve the optimal functionality
of the proposed method.
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Part I

2

Microphone Array Speech Enhancement

A microphone array consists of a set of acoustic sensors placed at diﬀerent
locations in order to spatially sample the sound pressure ﬁeld. Hence, adaptive
array processing of the spatial and temporal microphone samples allows timevariant control of spatial and spectral selectivity [1]. For instance, it allows us
to separate signals that have overlapping frequency content but are originated
from diﬀerent spatial locations.

2.1

Signal Model

Consider an acoustic environment where a speech signal coexists with directional interfering signals (e.g. hands-free loudspeakers) and diﬀuse ambient
noise. This sound ﬁeld is observed by a microphone array with I microphones,
as depicted in Fig. 1.

Ambient noise

Interference
Source
s(t)

Interference

I-microphone
array

Figure 1: Acoustic model.
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For a point source with a free-ﬁeld propagation, the microphone input
signal observed at the ith sensor, at time instant t, can be expressed as
(Ω)

(Ω) (Ω)

xs,i (t) = ai

s

(t − τi ),

(1)

where s(Ω) (t) is the source signal component for the angular frequency Ω, τi
(Ω)
and ai are the time-delay and the attenuation of the direct path from the
point source to the ith sensor.
For a source located in the near-ﬁeld of the array, the channel response
(Ω)
di between the point source and the ith microphone can be expressed in
complex-valued notation as
(Ω)

di

(Ω) −jΩτi

= ai

e

=

1 −jΩτi
e
,
Ri

(2)

where Ri is the distance between the sound source and the sensor i [10].
Using vector notation, Eq. (1) can be written as
(Ω)
x(Ω)
(t) d(Ω) ,
s (t) = s

(3)

where
(Ω)

x(Ω)
s (t) = [xs,1 (t),

(Ω)

xs,2 (t),

...

,

(Ω)

xs,I (t)]T

is the received microphone input vector for the point source signal and where
the response vector elements are arranged as
(Ω)

d(Ω) = [d1 ,

(Ω)

d2 ,

...

,

(Ω)

dI ]T .

As multiple sources radiate in a common ﬁeld, the corresponding propagating waves occur simultaneously without interaction, allowing for the superposition principle to apply. Consequently, the array input vector when all
the sources are active simultaneously can be expressed as
(Ω)

(Ω)
x(Ω) (t) = x(Ω)
s (t) + xi (t) + xn (t),
(Ω)

(Ω)

(4)

where xi (t) and xn (t) are the received microphone input vectors generated
by the interfering sources and the ambient noise, respectively.
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2.2

Part I

Optimal Beamformer

The beamformer optimizes the array output by adjusting the weights of ﬁnite
length digital ﬁlters so that the combined output contains minimal contribution from noise and interference. Consequently, the angle of the spatial passband is adjusted for each frequency. In a typical hands-free scenario, high
order Finite Impulse Response (FIR) ﬁlters are required to achieve a reasonably good speech extraction, especially when it involves room reverberation
suppression as well. Thus, in order to reduce the computational complexity
and improve the overall performance of the ﬁlter, a subband beamforming
structure is used. Each microphone input signal is ﬁrst decomposed into narrow band signals, and then the ﬁltering process is applied to each frequency
subband.
2.2.1

Spatial Correlation

For the input vector x(Ω) (n) at discrete-time instant n, containing mainly
frequency components around the center frequency Ω, the spatial correlation
matrix is given by
H
(5)
R(Ω) = E[x(Ω) (n) x(Ω) (n)].
The symbol (H ) denotes the Hermitian transpose. Assuming that the
speech signal, the interference and the ambient noise are uncorrelated, R(Ω)
can be written as
(Ω)
(Ω)
(6)
R(Ω) = R(Ω)
ss + Rii + Rnn ,
(Ω)

(Ω)

where Rss is the source correlation matrix, Rii is the interference correla(Ω)
tion matrix and Rnn is the noise correlation matrix for frequency Ω deﬁned
as
(Ω)
(Ω)H
(n)],
R(Ω)
ss = E[xs (n) xs
(Ω)

(Ω)

(Ω)H

Rii = E[xi (n) xi

(n)],

H

(Ω)
(Ω)
R(Ω)
(n)].
nn = E[xn (n) xn

2.2.2

Wiener Solution

The optimal ﬁlter weight vector based on the Wiener solution [1] is given by
−1

(Ω)
wopt = R(Ω)
r(Ω)
s ,

(7)
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(Ω)

where the array weight vector, wopt is arranged as
(Ω)

(Ω)

wopt = [w1 ,
(Ω)

and where rs

(Ω)

w2 ,

...

(Ω)

, wI ]

is the cross-correlation vector deﬁned as
H

(Ω)
r(Ω)
= E[x(Ω)
(n)].
s
s (n) s

(8)

The signal s(Ω) (n) is the desired source signal at time sample n. The output
of the beamformer is given by
(Ω)H

y (Ω) (n) = wopt x(Ω) (n).

2.3

(9)

An Adaptive Structure

When working in a non-stationary environment, the weights of the beamformer are calculated adaptively in order to follow the statistical variations
of the observable data. A ﬁxed location of the target signal source always
excites the same correlation patterns between microphones, and it therefore
becomes spatially stationary. Hence, the corresponding statistics are constant
and can be estimated from a data sequence gathered in an initial acquisition.
In a similar manner, statistics for directional interfering sources can be initially estimated from calibration data. Consequently, the adaptive algorithm
reduces to a time-varying ﬁlter, tracking the behavior of the noise, in order
to suppress it.
The implementation of the Least Mean Squares (LMS) algorithm in such
structure requires the use of large buﬀers to memorize source and interfering
input data vectors, as has been suggested in [14]. Designing an adaptive
beamformer based on the RLS algorithm, on the other hand, leads to saving
in memory correlation matrices instead, as shown in [11], which results in
signiﬁcantly less memory usage.
In general, the RLS algorithm also oﬀers a better convergence rate, meansquare error (MSE) and parameter tracking capabilities in comparison to the
LMS algorithm [15]. Additionally, the LMS algorithm often exhibits inadequate performance in the presence of high power background noise [17].
The widespread acceptance of the RLS algorithm is nevertheless impeded
by the numerical instability displayed when the input covariance matrix is
close to singular [16]. By forcing the full rank of the input covariance matrix,
this problem can be overcome. Experience, however, shows that the full rank
of the matrix is most commonly ensured.
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Part I

The Constrained RLS Beamformer

The constrained beamformer is based on the idea proposed in [11, 12]. In
an initial acquisition, a calibration sequence emitted from the target source
position and gathered in a quiet environment, is used to calculate the source
statistics. Further, since in a realistic scenario the reference source signal
information is not directly available, the received signal input of a selected
sensor, with index r, is used instead. This calibration signal carries the temporal and spatial information about the source. Also, the interference statistics
are calculated from a calibration signal sequence gathered when all the known
directional interference sources are active simultaneously.
In order to track variations in the surrounding noise ﬁeld, the proposed
algorithm continuously estimates the spatial information of the acoustical environment and the update of the beamformer weights is done recursively where
the initial precalculated correlation estimates constitute a soft constraint.

3.1

Least Squares Formulation

The objective in the proposed method is formulated as a Least Squares (LS)
(Ω)
solution. The optimal weight vector wls (n) at sample instant n is given by

−1
(Ω)
(Ω)
(Ω)
r̂(Ω)
wls (n) = R̂(Ω)
ss + R̂ii + R̂xx (n)
s ,

(10)

where the source correlation estimates, i.e. the correlation matrix estimate,
(Ω)
(Ω)
R̂ss , and the cross correlation vector estimate, r̂s , are pre-calculated in a
calibration phase. For a data set of N samples
R̂(Ω)
ss =

N
−1


H

(Ω)
x(Ω)
(p),
s (p) xs

(11)

p=0

r̂(Ω)
=
s

N
−1


∗

(Ω)
x(Ω)
s (p) xs,r (p),

(12)

p=0

where
(Ω)

x(Ω)
s (p) = [xs,1 (p),

(Ω)

xs,2 (p),

...

(Ω)

xs,I (p)]T

are digitally sampled microphone observations when the source signal of in(Ω)
terest is active alone and xs,r (p) constitutes the chosen reference signal.
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(Ω)

In a similar manner the interference correlation matrix estimate, R̂ii , is
pre-calculated for a data set of N samples when all known disturbing sources
are active alone, by
(Ω)

R̂ii =

N
−1


(Ω)

(Ω) H

(Ω)

...

xi (p) xi

(p),

(13)

p=0

where
(Ω)

(Ω)

xi (p) = [xi,1 (p),

xi,2 (p),

(Ω)

xi,I (p)]T .

(Ω)

Conversely, the correlation estimates, R̂xx (n), are continuously calculated
from observed data by
R̂(Ω)
xx (n) =

n


H

λn−p x(Ω) (p) x(Ω) (p),

(14)

p=0

where
(Ω)

x(Ω) (p) = [x1 (p),

(Ω)

x2 (p),

...

(Ω)

xI (p)]T

and λ is a forgetting factor, with the purpose of allowing for tracking variations
in the surrounding noise environment.

3.2

Recursive Formulation

Given that the time-dependent parameter on the right side of Eq. (10) can be
expressed recursively based on the available input data vector, x(Ω) (n) as
H

(Ω)
(Ω)
R̂(Ω)
(n)x(Ω) (n),
xx (n) = λR̂xx (n − 1) + x

(15)
(Ω)

a recursive solution for the update of the beamforming weight vector, wls (n),
is derived.
Since we are interested in the inverse of
(Ω)

(Ω)

(Ω)

R̂(Ω) (n) = R̂ss + R̂ii + R̂xx (n)
(16)
H

(Ω)

(Ω)

= λR̂(Ω) (n − 1) + x(Ω) (n)x(Ω) (n) + (1 − λ)(R̂ss + R̂ii ),
the inversion of the total sum is required, including the precalculated correla(Ω)
(Ω)
tion matrices, R̂ss and R̂ii . An alternative approach in order to reduce the
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complexity of the problem is to simplify the representation of these matrices
in Eq. (16), by applying the spectral theorem, to the form
R̂(Ω)
ss

+

(Ω)
R̂ii

=

P


H

(Ω)
γp(Ω) q(Ω)
,
p qp

(17)

p=1
(Ω)

(Ω)

where γp is the p-th eigenvalue and qp is the p-th eigenvector of the I-by-I
(Ω)
(Ω)
calibration correlation matrix sum, R̂ss + R̂ii , and P is the dimension of the
signal space, i.e. the eﬀective rank of the matrix. This will result in adding
scaled eigenvectors of the calibration correlation matrix sum to the update
of Eq. (16), corresponding to several rank-one updates. Also, by sequentially
adding one scaled eigenvector at each sample instant n, the complexity is
further reduced while only aﬀecting the scale of the problem, obtaining the
following expression for the update of R̂(Ω) (n),
H

R̂(Ω) (n) = λR̂(Ω) (n − 1) + x(Ω) (n)x(Ω) (n)


(Ω) (Ω) (Ω) H
+(1 − λ) γp qp qp

(18)
p=n(modP )+1

where the notation mod represents the modulus function. This allows for the
use of the Woodbury’s identity in the inversion of R̂(Ω) (n).
Since the statistical properties of the environmental noise can change
abruptly, a smoothing of the weights may be appropriate. A ﬁrst order ARmodel for the smoothing with parameter η is used and the weight update then
becomes
(Ω)

(Ω)

wls (n) = ηwls (n − 1) + (1 − η)[R̂(Ω) (n)]

3.3

−1 (Ω)
r̂s .

(19)

Time-Frequency Filtering

In the beamforming algorithm previously described, the number of subbands is
proportional to the length of the equivalent time-domain ﬁlters. The number
of subbands is therefore the parameter controlling the temporal resolution of
the algorithm. Each subband signal can be considered as a narrow band time
signal sampled at a reduced sampling rate. Hence, a combined time-frequency
ﬁltering structure can be constructed by using consecutive time samples in the
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representation of the input vector x(Ω) (n) to compute the beamformer output
of Eq. (9), according to
(Ω)

x(Ω) (n) = [x1 (n),

(Ω)

x2 (n),

...

,

(Ω)

xI (n)]T ,

with
(Ω)

(Ω)

xi (n) = [xi (n),

(Ω)

xi (n − 1),

...

,

(Ω)

xi (n − Lsub + 1)],

for i = 1, . . . , I. This representation allows us to introduce an additional
parameter, the subband ﬁlter length Lsub , controlling the algorithm’s degrees
of freedom.
Consequently, in the time-frequency representation, the weight vector for
each subband is similarly extended by
(Ω)

w(Ω) = [w1 ,
with

(Ω)

wi

(Ω)

= [wi,0 ,

(Ω)

w2 ,
(Ω)

wi,1 ,

...
...

,
,

(Ω)

wI ]T ,
(Ω)

wi,Lsub −1 ].

The size of the correlation matrices and vectors, eigenvectors and number
of eigenvalues deﬁned in previous section is correspondingly increased by a
factor of Lsub .

4

Subband Beamforming

The broadband input signals are decomposed into sets of narrow band signals,
such to perform the ﬁltering operations on narrow band signals individually,
requesting signiﬁcantly smaller ﬁlters. With K denoting the total number of
subbands, the subband signals each have a bandwidth that is approximately
K times smaller in width than that of the full band input signal. This allows
for the use of up till K times lower sample rates and therefore reduces considerably the complexity of the overall ﬁltering structure [18]. However, in
order to reduce the aliasing between the subbands, it is preferable to achieve
an over-sampled subband decomposition by using a down-sampling factor, D,
also known as decimation factor, smaller than the number of subbands, K.
This in fact means that more samples are carried by all the subband signals
together than the original full band signal.
Fig. 2 illustrates the overall architecture of the microphone array speech
enhancement system, based on the constrained adaptive subband beamformer.
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Figure 2: Structure of the subband beamformer.
The structure includes a multichannel analysis ﬁlter-bank used to decompose
the received array signals into a set of subband signals, and a set of adaptive
beamformers each adapting on the multichannel subband signals. The outputs
of the beamformers are reconstructed by a synthesis ﬁlter bank in order to
create a time-domain output signal.

4.1

Modulated Filter Banks

The spatial characteristics of the input signal are maintained when using the
same modulated ﬁlter bank for all microphone signals [11]. The structure
of the synthesis and analysis modulated ﬁlter bank is presented in Fig. 3.
Modulated ﬁlter banks are deﬁned by a low-pass prototype ﬁlter, H0 (z), to
which all ﬁlters, Hk (z), are related by modulation,
k
Hk (z) = H0 (zWK
),
−j2π
K

(20)

where WK = e
. This deﬁnition holds for the synthesis modulated ﬁlters,
Fk (z), as well, which correspondingly are related to a synthesis prototype
ﬁlter, F0 (z). In other words, the ﬁlter bank consists of a set of frequencyshifted versions of the low-pass prototype ﬁlter, with each ﬁlter being centered
at the frequencies 2πk
K , k = 0, ..., K − 1, covering the whole spectrum range.
Fig. 4 shows the frequency responses for the analysis ﬁlters, when K = 4.
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Figure 3: Analysis and synthesis ﬁlter banks.
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Figure 4: Typical analysis modulated ﬁlter bank magnitude response for a
number of subbands K = 4. The prototype ﬁlter used is a low pass Hamming
window of length L = 64, and cutoﬀ frequency π/K.
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4.2

The Polyphase Filter Bank Implementation

When the prototype ﬁlter of the modulated ﬁlter bank is an FIR ﬁlter the
polyphase decomposition can be used to implement such a ﬁlter bank in an
eﬃcient manner [18]. The structure used in this evaluation is the polyphase ﬁlter bank realization factor-two-oversampled (D = K/2), in which the number
of polyphase decompositions is chosen to be equal to the decimation factor,
D.
4.2.1

Analysis ﬁlter bank structure

The polyphase decomposition of the analysis prototype ﬁlter, H0 (z), is given
by
H0 (z) =

+∞


h0 (n)z

−n

n=−∞

=

D−1


z −l El (z D ),

(21)

l=0

where h0 (n) are the weights of the FIR prototype ﬁlter, and the type 1
polyphase components, El (z), are given by
El (z) =

+∞


h0 (Dn + l)z −n .

(22)

n=−∞

The type 1 polyphase decomposition of the prototype ﬁlter is presented
in Appendix A. The k-th ﬁlter, Hk (z), is then decomposed into D polyphase
components as

Hk (z) =

D−1


k −l
k D
(zWK
) El ([zWK
] )=

l=0

D−1


−kl
kD
z −l WK
El (z D WK
).

(23)

l=0

Since
kD
= e−jπk =
WK



+1,
−1,

when k is even,
when k is odd,

the decomposition of Eq. (23) is done separately for the analysis ﬁlters in the
even-indexed subbands and the analysis ﬁlters in the odd-indexed subbands
as
Hk (z) =

D−1

l=0

−kl
z −l WK
El (z D )

for k even,

(24)
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Hk (z) =

D−1




−kl
z −l WK
El (z D )

for k odd,
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(25)

l=0

where the polyphase components for even-indexed ﬁlters, El (z), are deﬁned

in Eq. (22), and the polyphase components for odd-indexed ﬁlters, El (z), are
deﬁned by
+∞


h0 (Dn + l)(−1)n z −n .
(26)
El (z) =
n=−∞

The analysis ﬁlter bank outputs are decimated by factor D to insure a good
trade-oﬀ between eﬃcient implementation and a low level of aliasing between
subbands. By applying the noble identity [18], the decimation operation can
be performed prior to the ﬁltering by the polyphase ﬁlters, leading to the

ﬁlter El (z D ) in Eq. (24) being replaced by El (z) (correspondingly, El (z D ) in

Eq. (25) is replaced by El (z) ).
Furthermore, since
−kl
WK

=e

j2πkl
K



=



e

j2π k l
2
D

e

j2π k−1 l
2
D

when k is even,
e

j2πl
K

when k is odd,

−kl
can be implemented
for l = 0, ..., D−1. The summation with coeﬃcients WK
eﬃciently using a D-length FFT operator for the even subbands and a Dlength FFT operator preceded by a multiplication with the corresponding
j2πl
factor e K for the odd subbands.
The K-analysis ﬁlter bank can consequently be implemented by using the
structure illustrated in Fig. 5.

4.2.2

Synthesis ﬁlter bank structure

Similarly, if the synthesis prototype ﬁlter, G0 (z), is an FIR ﬁlter deﬁned by
G0 (z) =

+∞


g0 (n)z −n ,

(27)

n=−∞

the type 2 polyphase decomposition, with D elements, of the synthesis ﬁlter
in subband k is
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Gk (z) =

D−1


kl
z −(D−l−1) WK
Fl (z D )

for k even,

(28)

for k odd,

(29)

l=0

Gk (z) =

D−1




kl
z −(D−l−1) WK
Fl (z D )

l=0

where the type 2 polyphase components are given by

Fl (z) =

+∞


g0 (Dn − l − 1)z −n ,

(30)

g0 (Dn − l − 1)(−1)n z −n .

(31)

n=−∞



Fl (z) =

+∞

n=−∞

The type 2 polyphase derivation is presented in Appendix B.
The full-band output signal, Y (z), of the synthesis ﬁlter bank can be
expressed in terms of the interpolated subband signals, Y (k) (z), for k =
0, ..., K − 1, corresponding to the synthesis ﬁlter bank inputs according to


 D−1

Y (z) =

kl (k)
WK
Y (z)Fl (z D )z −(D−l−1)

k even l=0

+

=

D−1

l=0


 D−1



kl (k)
WK
Y (z)Fl (z D )z −(D−l−1)

k odd l=0



k even

kl (k)
WK
Y (z)Fl (z D )

+






kl (k)
WK
Y (z)Fl (z D )

z −(D−l−1) . (32)

k odd

Since the subband signals are interpolated with factor D, the noble identity
can be invoked to simplify the implementation by applying the polyphase
components prior to the interpolation operators [18].
As with the analysis ﬁlter bank an eﬃcient implementation using the FFT
algorithm can be deduced, which is illustrated in Fig. 6.
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Figure 5: Polyphase implementation of a two-times over-sampled uniform
analysis ﬁlter bank.
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Algorithm Implementation

The array sensor input signals are sampled with a frequency Fs and decomposed each into a set of K corresponding subband signals. These narrow-band
signals constitute the inputs to a set of K subband beamformers.
We assume that the source signal and the additional known disturbing
sources with ﬁxed location (e.g. ﬁxed loudspeakers) are available during a
training phase preceding the online processing. Consequently, the estimated
(k)
source correlation matrix, R̂ss , the estimated source cross-correlation vector,
(k)
(k)
r̂s , and the estimated interference correlation matrix , R̂ii , are made available from this initial acquisition, for each subband indexed k = 0, 1, ..., K − 1.
The index k refers to the frequency subband centered at the angular frequency
Ω = 2πFs k/K.
During the online processing the algorithm is stated as an iterative procedure, individually for each subband. It is run sequentially with the steps
described in the operation phase below.

Calibration phase:
(k)

• Calculate the estimated source correlation matrix R̂ss , and the esti(k)
mated cross correlation vector, r̂s , according to Eqs. (11) and (12)
when the source of interest is active alone.
• Calculate the observed data correlation matrix when known disturbing
(k)
sources are active alone, i.e. the interference correlation matrix R̂ii ,
according to Eqs. (13).
• The correlation matrices are saved in memory in a diagonalized form:
H

(k)

Q(k) Γ(k) Q(k) = αR̂(k)
ss + β R̂ii
The eigenvectors are denoted:
(k)

Q(k) = [q1 ,

(k)

q2 ,

...

(k)

qI ]

The eigenvalues are denoted:
(k)

Γ(k) = diag([γ1 ,

(k)

γ2 ,

...

(k)

γI ])
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The parameters α and β are weighting factors for the precalculated
correlation estimates, controlling the relative amount of sources ampliﬁcation/attenuation. They are chosen in accordance to the requirements
of the application, and they provide means for trading the level of interference suppression with the level of speech distortion.
(k)

• Initialize the weight vector ,wls (n), as a zero vector.
−1

• Initialize the inverse of the total correlation matrix, R̂(k) , denoted as
(k)−1

P

P(k) (0) = p=1 γp
able matrix, D.

(k) (k) H

qp qp

, and deﬁne the same size dummy vari-

• Choose a forgetting factor, 0 < λ < 1, and a weight smoothing factor,
0 < η < 1.

Operation phase:
For n =1, 2, ...
• When any of the sources are active simultaneously, update the inverse
total correlation matrix, as
D = λ−1 P(k) (n − 1) −

H

λ−2 P(k) (n − 1)x(n)(k) x(n)(k) P(k) (n − 1)
H

1 + λ−1 x(n)(k) P(k) (n − 1)x(n)(k)
(k) (k) H

(k)

P

(n) = D −

γp (1 − λ)Dqp qp
1 + γp (1 −

D

(k) H
(k)
λ)qp Dqp

where the index of the eigenvalues and eigenvectors1 is p = n(mod I)+1.
• Calculate the weights, for each sample instant, as
w(n)(k) = ηw(n − 1)(k) + (1 − η)P(k) (n)r̂(k)
s
• Calculate the output for the subband k as:
H

y (k) (n) = w(n)(k) x(n)(k)
The output from all subband beamformers are used in the reconstruction
ﬁlter bank to create the time-domain output.
1 In this way, we insure the full rank of the total correlation matrix by taking into account
the contribution from all I eigenvectors successively, regardless of the eigenvalue spread.
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Evaluation Conditions and Performance Measures

In order to evaluate the proposed beamforming method, recordings where
performed in real-world environments. The performance measures presented
in Sec. 6.3 are based on these real speech and noise recordings.

6.1

Equipment and Settings

The recording system is illustrated in Fig. 7. A generator is used to produce
diﬀerent acoustic sequences. For speech utterances, a CD player is utilized as
generator to play high SNR speech sentences previously recorded on a disc.
The acoustical source is embodied by a loudspeaker receiving the generator
output and is moreover used to simulate a real person speaking. The acoustical
sensor-array consists of a (commercialized) array of four microphones. Due to
the existence of a 2 V DC component at each single microphone observation, a
pre-ﬁltering have been used to eliminate it. The array output data is gathered
on a multichannel DAT-recorder with a sampling rate Fs = 12 kHz and with
a 5 kHz bandwidth for each channel, in order to avoid temporal aliasing.
The reference microphone observation is chosen to be microphone number
two in the array, throughout the evaluation.

Loudspeaker
Band pass
filtering

Low pass
filter 5 kHz

DAT-recorder

Microphone
array

Generator

Figure 7: Data-recording equipment setting.

Output
recorded data
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Microphone Conﬁguration

The used microphone array in this evaluation is the DA-400 2.0 Desktop Array
from Andrea Electronics, which is an uniformly spaced linear array based on
four sensors. The sensors are pressure gradient microphone elements with 5
cm spacing. Andrea recommends to place the microphone unit approximately
at eye level and to maintain a distance of 45 cm to 60 cm (optimum operating
distance), when using the DA-400 incorporated beamformer, as it is a device
built to sit on top of a computer monitor.

6.2

Environment Conﬁguration

For evaluation purposes, recordings where performed in diﬀerent environments. For each environment several scenarios were deﬁned corresponding
to diﬀerent settings of position and type of sound for the target, the interference and the ambient noise sources.
6.2.1

Isolated-room Environment

Recordings were ﬁrst carried out in an isolated-room with hard walls. All
acoustical sources were simulated and therefore have predeﬁned known characteristics. Thus, recordings made in this controlled environment were used
to investigate the optimal working conditions of the algorithm.
The isolated-room environment is shown in Fig. 8, where the - simulated sound sources are represented by the symbols of loudspeaker. Every scenario
is deﬁned by the distance and the angle formed by the - target and interfering - speakers, placed at the microphone height, and the sensor array. A
surrounding diﬀuse noise is simulated by four loudspeakers situated at the corners of the room. Initially, recordings with white noise signals and real speech
signals, from both the target and the interfering loudspeakers, were recorded
individually and used as calibration signals for the target source position and
the interfering source position, respectively. Real speech sequences emitted
by the artiﬁcial speakers and recorded individually serve as performance measure signals. In order to evaluate the performance of the beamformer under
diﬀerent noise conditions, noise, speech and music signals, emitted by the four
surrounding loudspeakers, were recorded simultaneously. It should be noted
that the surrounding noise sources properties and placement are unknown, in
regard to the beamformer.
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Restaurant Environment

Recordings were performed in a restaurant room in order to evaluate the
algorithm performance in a crowded environment. The recording equipment
was situated in a corner of the room of size [5 × 10 × 3]m. The target and
interfering speakers were simulated by two loudspeakers, as in the isolatedroom environment case, while the surrounding noise consisted of the ambient
noise recorded at busy hours. The restaurant noise environment consists of a
number of sound sources, mostly persons holding discussions, moving objects
such as chairs and colliding items, e.g. glasses and plates. Recordings of
both the target source speech and the interference source speech were made
individually in a silent room. These recordings serve as calibration signals
respectively for each one of the source positions.
6.2.3

Car Environment

The performance of the beamformer was evaluated in a car hands-free telephony environment with the linear microphone array mounted on the visor at
the driver’s side, see Figs. 9 and 10. The measurements were performed in a
Volvo station wagon where the speech originating from the driver’s position
constitutes the desired source signal. The microphone-array was positioned
at a distance of 35 cm from the speaker. A loudspeaker was mounted at the
passenger seat to simulate a real person engaging a conversation. In some scenarios, the speaker on the passenger side is regarded as an interfering source.
It is often convention in a car hands-free installation to use the existing audio system for the far-end speaker. Thus, two loudspeakers were positioned
at the back of the car, to simulate loudspeakers commonly placed at this
location. Speech signals emanating from the driver’s seat are recorded in a
non-moving car with the engine turned oﬀ, and used as target source calibration signals. Similarly, speech sequences emitted from the artiﬁcial talkers in
a silent environment and recorded individually serve as calibration signals for
the corresponding positions.
In order to gather background noise signals, recordings were made when
the car was running at 100 km/hour 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 as well as engine
noise.
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Surrounding noise sources
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Interfering speaker
50 cm

1m

Microphone
array

Surrounding noise sources

Figure 8: Typical scenario setting for recordings performed in the isolatedroom environment. Loudspeakers located at diﬀerent positions relatively to
the microphone array simulate the sound sources simultaneously active.

A Constrained Subband Beamforming Algorithm for Speech Enhancement

51

35 cm

Microphone
-array
Back seat
loudspeakers

Loudspeaker in
Passenger-side

Figure 9: Placement of microphone array and loudspeakers in the car cabin.
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Figure 10: Placement of microphone array and loudspeakers in the car cabin.
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Performance Measures

The performance evaluation is based on three measures, the distortion caused
by the beamforming ﬁlters measured by the spectral deviation between the
beamformer output and the source signal, and the noise and interference suppression. In order to measure the performance, the normalized distortion
quantity, D, is introduced as
 π
1
D=
|Cd P̂ys (w) − P̂xs (w)|dw
(33)
2π −π
where w = 2πf , and f is normalized frequency. The constant, Cd , is deﬁned
as
π
P̂xs (w)dw
Cd = −π
(34)
π
P̂ (w)dw
−π ys
where P̂xs (w) is a power spectral density (PSD) estimate of a single sensor
observation and P̂ys (w) is the PSD estimate of the beamformer output, when
the source signal is active alone. The constant Cd normalizes the mean output PSD estimate to that of the single sensor mean PSD estimate. The single
sensor observation is chosen as the reference microphone observation, i.e. microphone number two in the array. The measure of distortion in Eq. (33), is
the mean output PSD deviation from the observed single sensor power spectral
density estimate. Ideally, the distortion is zero (−∞ dB).
In order to measure the noise suppression the normalized noise suppression
quantity, SN , is introduced as
π
P̂yN (w)dw
SN = Cs −π
(35)
π
P̂ (w)dw
−π xN
and the normalized interference suppression quantity, SI , as
π
P̂yI (w)dw
SI = Cs −π
π
P̂ (w)dw
−π xI
where
Cs =

1
Cd

(36)

(37)

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

7

Design Parameters

In order to use the designed algorithm a number of parameters needs to be
determined. The most crucial parameters are the number of subbands K,
the prototype ﬁlter length L and the subband ﬁlter length Lsub . The forgetting factor λ of the RLS algorithm, and the weight smoothing factor η, also
needs to be chosen. The design parameters listed above inﬂuence both the
performance and the complexity as will be shown in the following sections.
Other factors that can be adjusted for optimal performance are the calibration parameters, α and β, controlling the balance between the power of the
calibration signals and the power of the processed signals, i.e. inputs of the
beamformer. Furthermore, the length and the type of the calibration signals
acquired during the training phase are also important for the output of the
beamformer to be optimal.

7.1

Optimization of Design Parameters

All performance evaluations presented in this chapter have been done for the
standard scenario on data recorded in the isolated-room environment. In
this scenario, the target sound source is situated 50 cm in front of the linear
sensor array. A loudspeaker situated at a distance of 1 m with a 45◦ angle
to the array is considered as the unwanted interfering source. Prerecorded
female speech is emitted from the target artiﬁcial speaker, while male speech
is emitted from the speaker corresponding to the interfering source. A subset
of these recordings serve as calibration signals for the corresponding positions,
while the other speech sequences are used as the beamformer input signals.
The unwanted ambient noise is colored noise emitted by the four surrounding
loudspeakers, as given in Fig. 8. If not speciﬁed, the subband ﬁlter length is
chosen to be Lsub = 1.
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Part I

Filter Bank Parameters

The complexity of the ﬁlter bank depends on both the number of subbands,
K, and the prototype ﬁlter length, L. The prototype ﬁlter length is chosen
to be multiples of the decimation factor, giving rise to an eﬃcient polyphase
implementation. Fig. 11 illustrate the performance variation of the subband
beamformer as well as the increase in computational cost for diﬀerent values
of the prototype ﬁlter length. The number of subbands is ﬁxed to K = 64.
It can be seen that the increase in noise and interference suppression as well
as the increase in speech distortion as a function of the ﬁlter length stabilizes
around a ﬁlter length L = 4 × K = 256, to the expense of a relatively small
computational cost. The delay introduced by the subband structure, i.e. the
delay of the analysis and synthesis ﬁlter banks, is linearly increasing with the
prototype ﬁlter length.
The relation between the number of subbands, K, and the performance of
the subband beamformer as well as its complexity is presented in Fig. 12. The
ﬁlter length is set to L = 256. The ﬁgures show that the noise and interference
suppression increases rapidly with K while the complexity of the algorithm
decreases. The suppression increase and computational reduction become
smaller for higher values of K starting from K = 64. These performances
are however associated to a relative increase in speech distortion as well as a
signiﬁcant increase in system delay.
7.1.2

Performance related to subband ﬁlter length

The total ﬁlter length of the subband beamformers is given by
Lef f = Lsub × D × I = Lsub × K/2 × I,

(38)

where Lsub denotes the ﬁlter length of a single subband beamformer. Fig. 13
illustrates the algorithm performance variation when increasing the order of
the subband FIR ﬁlters, Lsub , for K = 64 and L = 256. A higher noise
and interference suppression is achieved with longer subband ﬁlters, to the
expense of more speech distortion.
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Figure 11: Subband beamformer performance and complexity measures as a
function of the prototype ﬁlter length. The number of subbands is K = 64 and
the prototype ﬁlter length varies between L = K, ..., 10 × K. The bottom left
ﬁgure shows the relative complexity increase of the algorithm with longer prototype ﬁlter lengths in comparison to an L = K based algorithm. The bottom
right ﬁgure gives the delay introduced by the ﬁlter banks when increasing the
prototype ﬁlter length.
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Figure 13: Subband beamformer performance measures as a function of the
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In Fig. 14 the algorithm is evaluated for a ﬁxed eﬀective ﬁlter length,
Lef f = 128. The number of subbands varies between K = 2, 22 ..., 26 , while
the length of the subband FIR ﬁlters is correspondingly reduced from Lsub =
25 , 24 ..., 1. The noise and interference suppression as well as the speech distortion measures are shown as a function of the number of subbands K. Results
show that the number of subbands has a greater inﬂuence on the performance
than the subband ﬁlter length.
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Weighting in the RLS Filter

The forgetting factor λ and the weight smoothing factor η can be adjusted to
optimize the tracking capabilities of the RLS beamformer to the observable
data’s statistical changes.
Performance versus Forgetting Factor
The smaller λ is the less is the adaptive algorithm relying on the statistics of
previous data, hence the more it follows the statistical variations of the observable data. Fig. 15 illustrates the variation of the algorithm performance
for diﬀerent values of λ, when processing a sound sequence composed of a target speech and interfering speech sequences, together with a colored additive
noise sequence.
It can be seen that higher values of λ achieve a considerably higher noise
suppression with a relatively small increase in speech distortion. However,
they also generate a high sudden variation in the noise suppression and interference suppression performances, as can be noticed for the performance
displayed around time instant t = 3.7s.
Performance versus Smoothing Factor
The smoothing factor η, regulates the speed of change for the ﬁlter weights.
Fig. 16 illustrates the variation of the algorithm performance for diﬀerent
values of η, given the same input signals as in the previous experiment. It can
be observed that a high value of η lowers the ﬂuctuations of the algorithm
performance due to the abruptly changing observable data statistics, which
correspond to the speech ﬂuctuations of the target source sequence.
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Figure 15: Subband beamformer performance measures for diﬀerent values of
the weighting factor λ. Here η = 0.99.
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the smoothing factor η. Here λ = 0.99.
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7.2

Calibration Parameters

During the operation phase, the balance between the memorized inputs (i.e.
data gathered during the calibration phase) and the microphone inputs to the
adaptive beamformer can be controlled by:
• Factor α, which corresponds to the target source calibration signal ampliﬁcation/attenuation.
• Factor β, which corresponds to the interference calibration signal ampliﬁcation/attenuation.
The mix of these components will control the relative amount of sources ampliﬁcation or suppression. Suitable values of α and β should achieve a reasonable
noise and interference suppression without degrading the target signal speech.
These optimal values are however diﬀerent depending on the signal-to-noise
and signal-to-interference ratios (SNR, SIR).
Performance versus factor α
Fig. 17 illustrates the beamformer performance as a function of the source
calibration parameter α, with β = 1. The plots on the left column of graphs
correspond to diﬀerent SNRs of the input signals, while the plots of the right
column graphs correspond to diﬀerent SIRs of the input signals. It can be
observed that a low value of α increases the noise suppression and interference
suppression, mainly when the SNR and SIR are low. However, this is associated to an increase in speech distortion. In a relatively noisy environment,
the noise suppression is crucial to obtain a reasonable understanding of the
transmitted speech, thus, a low value of α is more appropriate to use. In a low
noise environment, on the other hand, the focus would rather be to minimize
the speech distortion introduced by the beamformer. This implies the use of
a higher value of α, putting more emphasis on preserving low distortion than
on achieving high noise suppression.
Performance versus factor β
Fig. 18 illustrates the beamformer performance as a function of the interference calibration parameter β, with α = 1, for diﬀerent SNRs and SIRs. The
variation of the parameter β does not have a signiﬁcant impact on the noise
suppression. Higher values of β, though, increase the interference suppression
at the cost of more speech distortion, especially for low SIRs. In a similar
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manner as with the parameter α, it can be deduced that a high value of β is
more appropriate to use when the unwanted interfering noise is high relatively
to the target signal. By this choice, more weight is put on the interference
suppression ability of the beamformer.
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Figure 17: Subband beamformer performance measures as a function of the
target source calibration parameter α, for diﬀerent SNR and SIR, β = 1.
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Figure 18: Subband beamformer performance measures as a function of the
target source calibration parameter β, for diﬀerent SNR and SIR, α = 1.
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Training Phase Parameters

The main parameters in the training phase which inﬂuence the performance
of the subband constrained beamformer algorithm are the duration and the
type of the training sequence.

Performance versus Training Sequence Length
Fig. 19 illustrates the relation between the training sequence length and the
algorithm performance. The noise and interference suppression reaches a peak
when using a training sequence of 1800 samples, i.e. a time duration of 1.5 s.
A longer training sequence results in less speech distortion, with a decrease in
the noise suppression as well. This is due to the fact that the use of more data
samples in the calibration phase calculations increases the power of the pre(Ω)
(Ω)
calculated correlation matrix estimates, R̂ss and R̂ii , which is comparable
to the use of higher values of the calibration parameters, α and β (see Sec.
7.2).

Performance versus Training Sequence Type
To assess the inﬂuence of the training sequence type on the beamformer
function, a white gaussian noise sequence as well as speech sequences, corresponding to male and female speakers, emitted from the artiﬁcial talkers
were recorded. These sequences alternatively served as the desired and interfering sound source calibration signals. The scenarios simulated are deﬁned by
the calibration sequences emitted from the target and interfering loudspeakers
as stated in Table 1 and the corresponding results are shown in Fig. 20.
It can be seen from Fig. 20 that using a source calibration sequence with
a similar spectral content as the processed signal generated from the same
position (scenarios 1, 2, 8, 9) gives a high noise and interference suppression,
with a low speech distortion. The performance considerably decreases when
using a sequence with a diﬀerent spectral content, in the worst case a white
noise sequence, to calibrate the beamformer. Additionally, it can be noticed
that when using the adequate calibration sequences, the extraction of female
speech provides generally a better overall performance than the processing
of male speech (up to 5 dB more noise suppression and 3 dB less speech
distortion).
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Figure 19: Subband beamformer performance measures as a function of the
training sequence length.

Speaker
Scenario (1)
Scenario (2)
Scenario (3)
Scenario (4)
Scenario (5)
Scenario (6)
Scenario (7)
Scenario (8)
Scenario (9)
Scenario (10)

Calibration phase
Target
Interfering
female
male
female
female
male
male
male
female
white noise white noise
female
male
female
female
male
male
male
female
white noise white noise

Operational phase
Target Interfering
female
male
female
male
female
male
female
male
female
male
male
female
male
female
male
female
male
female
male
female

Table 1: Type of sound used in the calibration and operation phase for different scenarios.
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Figure 20: Subband beamformer performance measures for the scenarios described in Table 1, and corresponding to diﬀerent types of sound sequences
used.
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Performance Evaluation

In this chapter, the constrained subband beamformer is evaluated for handsfree speech enhancement applications, using real speech signals with diﬀerent
settings and in diﬀerent environments. The algorithm is run for a one tap
subband ﬁlter length, i.e. Lsub = 1, with the following parameter settings:
K = 64, L = 256, λ = η = 0.99, α = β = 1 and training sequences of 2400
samples originating from the same speaker used at the corresponding position
during the online processing.

8.1

Variation of Position

Measurements were conducted in the isolated-room environment, where the
impact of a diﬀerent set up of source positions on the beamformer performance
is investigated.
Performance versus Target Source Position
A setup consisting on varying the position of the target speaker relative to the
microphone array, is illustrated in Fig. 21. This experiment was conducted
in order to evaluate the inﬂuence of the speech source position on the speech
enhancement performance of the beamformer. Each position is deﬁned by its
spherical coordinates with the origin situated at the center of the array, i.e.
each point is represented by its distance to the origin and the angle from the
perpendicular line to the array passing by its center. The speaker was ﬁrst
placed at a distance of 50 cm in front of the array, referred to as direction with
angle 0◦ . This location corresponds to the standard position of a person using
a microphone array mounted at eye level in front of him/her. In scenarios
(2)-(8) depicted in Fig. 21, diﬀerent angles of the speaker’s position with a
ﬁxed distance of 50 cm were simulated. Scenarios (9) and (10) were aimed at
comparing the beamformer’s performance for diﬀerent distances of the speaker
to the array. Both female and male speech sequences were emitted from
each position, while background noise corresponding to recorded computer fan
noise was generated by the four surrounding loudspeakers. The beamformer
was run for each sequence, at each position, individually.
The beamformer’s noise suppression and speech distortion levels for this
setup are presented in Fig. 22. Results achieved in this environment show up
till 13 dB noise suppression. It can be seen that by increasing the angle of
arrival of the speech, when moving out of the angular view of the array (above
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60◦ ), the noise suppression decreases, reaching a relatively low suppression
level when the speaker is located behind the sensor array. This also comes
with an increase in speech distortion. On the other hand, the algorithm’s
performance increases when the target source is closer, in radius, to the array.
The diﬀerence in performance for a target source signal corresponding to
female speech in comparison to the enhancement of male speech is signiﬁcant
when it comes to both the noise suppression (∼ 2-5 dB) as well as the speech
distortion (∼ 3-4 dB). This can be explained by a larger frequency overlapping
of the noise spectrum with the male speech spectrum than with the female
speech spectrum, as can be seen in Fig. 23. The power spectrum of the
simulated background noise is more represented in the low frequencies where
the male speech signal displays more power than the female speech signal.

Performance versus Interference Source Position
A second setup was arranged with the ambition of investigating the impact
of the interference position compared to the target source on the beamformer
output. Ten scenarios have been simulated with a ﬁxed position of the target
source, situated at 50 cm in front of the array, and diﬀerent positions of
the interfering loudspeaker, relative to the microphone array as illustrated in
Fig. 24. The ambient noise composed of computer fan and air conditioner
noise was generated by the surrounding loudspeakers and constituted the
background noise.
Results presented in Fig. 25 show that a small angular separation between
the target source and the interference source (below 30◦ ), reduces the noise
and the interference suppression. However, there is a relative invariance of the
noise suppression with angles above 30◦ degrees between the two sources. The
relative increase in interference suppression displayed for separation angles
around 30◦ -45◦ , accompanied by a slight improvement of speech distortion,
can be explained by the fact that diﬀerent positions of a sound source result in
a diﬀerent set of reﬂections which are received by the microphone array. The
interference is relatively better suppressed (∼1-2 dB) when generated from a
closer position in radius to the sensor array.
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Figure 23: Power Spectrum Density comparison for the female and male target
speech signals and the background noise.
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Figure 24: Data acquisition scenarios: The target speaker is at a distance of
50cm from the microphone array, and has a ﬁxed position for all scenarios.
The interfering speaker in scenarios (1)-(7) is also at a distance of 50cm from
the array center but makes a diﬀerent angle with the target source position
at each scenario. In scenarios (8)-(10) the interfering speaker is positioned
further away from both the array (1m) and the target source. The ambient
noise of the room generated by the four loudspeakers, situated at each corner,
is included in all scenarios.
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Figure 25: Subband beamformer performance measures achieved for the scenarios presented in Fig. 24. The red points correspond to a 50cm radius, and
the yellow points to a 1m radius, for the position of the interference source.
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8.2

Variation of Background Noise

Diﬀerent background noises were simulated to evaluate the performance of
the beamformer, for a typical scenario. The surrounding loudspeakers from
the isolated-room emitted successively fan noise, recorded in the vicinity of a
computer fan, music and speech.
The proposed beamformer shows a higher noise suppression capability
when the unwanted noise is from a computer fan, see Fig. 26. The noise suppression drops considerably when the unwanted noise consists of speech. The
power spectral content of the diﬀerent noise sources simulated as well as for
the desired speech source are compared in Fig. 27. As expected, the beamformer displays better performance when the noise has a diﬀerent spectral
content than the speech signal.

Beamformer evaluation in a restaurant environment

Beamformer evaluation in a restaurant environment
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−25

Background noise suppression
Interference suppression
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Figure 26: Subband beamformer performance measures for diﬀerent types of
background noise.
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Figure 27: Power Spectrum Density of the desired speech signal and the different background noise sources.
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Variation of Environment

Restaurant Environment
Measurements were conducted in a restaurant environment, with diﬀerent
setup. The ambient noise generated by the activity in the restaurant constitutes the background noise. Similarly to the previous setup, a number of
scenarios have been evaluated with a ﬁxed position of the target source, situated in front of the array at a distance of 50 cm, and diﬀerent positions for
the interfering loudspeaker, relative to the microphone array. These scenarios
are described in Fig. 28. Both male and female speech sequences were used
as target signal in the simulations.
The beamformer performance for each of the scenarios illustrated in Fig. 28
are presented in Fig. 29. The interference suppression is aﬀected by the position of the interfering source relative to the sensor array as well as its distance
to the target source. A suﬃcient angular separation (above 30◦ ) between the
two sources is required for the beamformer to distinguish them and achieve a
reasonably good interference suppression (∼ 10 dB). However, the interference
suppression level drops with the interfering source moving out of the vicinity
of the beamformer. In such environment, up to 7 dB noise suppression level
has been achieved.
The spectral comparison of the background noise, generated by the activity
in the restaurant, to the female and male speech sequences used as desired
signals, in Fig. 30, exhibits a higher frequency similarity of the noise to the
male speech in the low frequency range (below f = 0.2). The beamformer
therefore achieves better results when enhancing female speech.
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Figure 28: Data acquisition scenarios in the restaurant environment: The
target speaker is at a distance of 50cm from the microphone array, and has a
ﬁxed position for all scenarios. The interfering speaker in scenarios (1) to (3)
is also at a distance of 50cm from the array center but makes a diﬀerent angle
with the target source position at each scenario. In scenarios (4) and (5) the
interfering speaker is positioned further away from both the array (1m) and
the target source. The same ambient noise from the restaurant at busy hours
is included in all scenarios.
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Figure 29: Subband beamformer performance measures for the scenarios of
Fig. 28. The dots correspond to results with female speech desired signals
and the diamonds to the use of male speech desired signals. The interference
consisted of a mix of male and female speech sequences.
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Figure 30: Power Spectrum Density comparison for the female and male target
speech signals and the restaurant background noise.
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Car Environment
Measurements where conducted in the car environment described in Sec.
6.2.3. Diﬀerent scenarios where arranged to estimate the suppression capabilities of the proposed beamformer in such environment. In all scenarios, the
aim is to enhance the speech of a person sitting in the driver position. Recordings of the speech of individuals (from both genders) sitting at the driver seat
were performed with the engine oﬀ, in a quite environment. Recordings in
a moving car as well as recordings of the diﬀerent loudspeakers (described
in Fig. 9) emitting speech were recorded individually. For performance evaluation purposes, scenarios with several sound sources active simultaneously
were simulated by summing for each microphone the individual outputs corresponding to each of the sources active alone. For each scenario simulated
the unwanted sound sources are as follow:
(1) The car cabin noise when the car is moving at a ﬁxed speed of 100 km/h.
(2) Same car cabin noise as in (1). Female speech is emitted from the
loudspeaker positioned by the passenger seat on the front of the car,
and is considered as a known interfering source with ﬁxed position.
(3) Same car cabin noise as in (1). Male speech is emitted from the loudspeaker positioned by the passenger seat on the front of the car, and is
considered as a known interfering source with ﬁxed position.
(4) Same car cabin noise as in (1). The known interfering source consists
of the back loudspeakers emitting diﬀerent speech sequences (male and
female) simultaneously.
Performance results are given in Fig. 31 for each scenario. Results show
that more than 5 dB noise suppression and 10 dB interference suppression are
accomplished for all scenarios. A relatively lower noise suppression (∼ 1 dB)
and slightly higher speech distortion (∼ 0.5 dB) can be noticed for scenario
(4), when the back loudspeakers are active. It can also be noticed that the
cancellation of a jammer is more eﬀective (∼ 4 dB) when the generated interfering signal is composed of female speech in comparison to the suppression
of male speech interference.
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Figure 31: Subband beamformer performance measures for scenarios performed in a car cabin environment.
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Conclusion

In this paper, a subband calibrated beamforming algorithm for speech enhancement has been presented and evaluated in real hands-free acoustic environments.
The solution is based on the principle of a soft constraint, formed from calibration data. The algorithm recursively estimates the spatial information of
the received data, while the initial precalculated source correlation estimates
constitute a soft constraint in the solution.
The pre-speciﬁed design parameters of the subband beamformer, related
to the subband structure and to the RLS algorithm, are adjusted such to
achieve optimal performance of the presented method. Additionally, weighting factors, α and β can be used to control the relative ampliﬁcation of the
memorized calibration data in comparison to the input data during processing.
By varying the parameters α and β, more emphasis can be put on improving
the noise and interference suppression or on reducing the speech distortion.
The results obtained are however dependent on the SNR and SIR of the input
data.
A hands-free implementation with real signals using a linear array, under
noisy conditions such as a crowded restaurant room and a car cabin in movement, shows up to 15 dB noise and interference suppression in the restaurant
room and more than 15 dB suppression in the car cabin, achieved with low
speech distortion. However, since spatial separation between the source and
the jammer as well as their positioning relative to the array, control the achievable level of speech distortion and interference suppression, the placement of
the hands-free loudspeaker should be made with this fact in mind.
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Appendix

A

Type 1 Polyphase Decomposition

If the ﬁlter H(z) is an FIR ﬁlter deﬁned by

H(z) =

+∞


h(n)z −n ,

(39)

n=−∞

the type 1 polyphase decomposition of H(z), with D elements, is

H(z) =

+∞


h(Dn)z −Dn

n=−∞

+ z −1

+∞


h(Dn + 1)z −Dn

n=−∞

+ ...
+∞


+ z −D+1

h(Dn + D − 1)z −Dn

n=−∞

=

D−1


z −l El (z D ),

l=0

(40)
where El (z), l = 0, ..., D − 1, are the type 1 polyphase components given
by
+∞

h(Dn + l)z −n .
(41)
El (z) =
n=−∞
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B

Type 2 Polyphase Decomposition

The type 2 polyphase decomposition of H(z), with D elements, is

H(z) =

D−1


z −l FD−l−1 (z D )

l=0

=

D−1


z −(D−l−1) Fl (z D ),

l=0

(42)
where Fl (z), l = 0, ..., D − 1, are the type 2 polyphase components of the
ﬁlter H(z), given by
Fl (z) =

+∞

n=−∞

h(Dn − l − 1)z −n .

(43)
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Spatial Filter Bank Design for Speech
Enhancement Beamforming Applications
Z. Yermeche, P. Cornelius, N. Grbic and I. Claesson

Abstract
In this paper, a new spatial ﬁlter bank design method for speech
enhancement beamforming applications is presented. The aim of this
design is to construct a set of diﬀerent ﬁlter banks that would include
the constraint of signal passage at one position (and closing in other
positions corresponding to disturbing sources). By performing the directional opening towards the desired location in the ﬁxed ﬁlter bank
structure, the beamformer is left with the task of tracking and suppressing the continuously emerging noise sources.
This algorithm has been implemented in MATLAB and tested on
real speech recordings conducted in a car hands-free communication
situation. Results show that a reduction of the total complexity can
be achieved while maintaining the noise suppression performance and
reducing the speech distortion.
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Introduction

Microphone arrays can be exploited for speech enhancement in order to extract
a speaker while suppressing interfering speech and background noise. These
arrays are used in conjunction with digital beamforming, a technique providing spatial selectivity to separate signals that have overlapping frequency
content but are originated from diﬀerent spatial locations. A microphone
array consists of a set of acoustic sensors placed at diﬀerent locations in order to spatially sample the sound pressure ﬁeld. It oﬀers a directivity gain
proportional to the number of sensors. Thus, adaptive array processing, i.e.
beamforming, of the spatial microphone samples allows time-variant control
of spatial and spectral selectivity [1, 2].
Several beamforming techniques have been suggested in order to enhance
a desired speech source [3, 4, 5]. A Constrained Adaptive Subband Beamformer has been evaluated in [6] for speech enhancement in hands-free communication situations. The adaptive beamformer optimizes the array output
by adjusting the weights of ﬁnite length digital ﬁlters so that the combined
output contains minimal contribution from noise and interference. A soft
constraint, formed from calibration data, secures the spatio-temporal passage
of the desired source signal, without the need of any speech detection. The
computational complexity of the ﬁnite impulse response ﬁlters is substantially
reduced by introducing a subband beamforming scheme [7].
The weight update equation for the constrained adaptive beamformer implies the calculation and the use of a combined covariance matrix at each iteration. From the observation that the combined covariance matrix comprises
a pre-calculated ﬁxed part and a recursively updated part, the beamforming
problem can be divided into a ﬁxed part and an adaptive part. The objective
in this paper is to transfer the a-priori known portion of the optimization
process into the ﬁlter bank structure (ﬁxed part of the system).
Information about the desired speech location is used in the ﬁlter bank
design by adding a spatial decomposition of the multichannel data for each
subband. This spatial decomposition takes the form of a spatial transformation matrix, and it is extracted from correlation function estimates. Such
structure is shown to reduced the total complexity of the system while improving its performance. The main improvement being a faster convergence
speed and less speech distortion.

Spatial Filter Bank Design for Speech Enhancement Beamforming Applications

2

93
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Figure 1 illustrates the overall architecture of the microphone array speech
enhancement system, based on the constrained adaptive subband beamformer.
The structure includes a multichannel uniform over-sampled analysis ﬁlterbank used to decompose the received array signals into a set of subband
signals and a set of adaptive beamformers, each adapting on the multichannel
subband signals. The outputs of the beamformers are reconstructed by a
synthesis ﬁlter-bank in order to create a time domain output signal. The
spatial characteristics of the input signal are maintained when using the same
modulated ﬁlter bank for all channels. The ﬁlter banks are deﬁned by two
prototype ﬁlters, which leads to eﬃcient polyphase realizations [8].

Output
y(n)

#K subband Beamformers
Set of I signals
#K Subbands

Figure 1: Structure of the subband beamformer.
The source is assumed to be a wide-band source, as in the case of a speech
signal, located in the near-ﬁeld of a uniform linear array of number I microphones. The ﬁltering operations of the beamformer are formulated in the
frequency domain as multiplications with I complex frequency domain repre(f )
sentation weights, wi (n), for each frequency.
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For a speciﬁc frequency, f , the output is given by
y (f ) (n) =

I


(f )

(f )

wi (n) xi (n)

(1)

i=1
(f )

where the signals, xi (n) are digitally sampled microphone observations and
y (f ) (n) corresponds to the beamformers output. These time domain signals
are narrow band, containing essentially components with frequency f .
The objective of the beamformer is formulated in the frequency domain
as a calibrated weighted recursive least square solution, where the optimal
(f )
weight vectors wls,opt (n) are calculated by

−1
(f )
(f )
)
(f )
)
wls,opt (n) = R̂(f
+
R̂
+
R̂
(n)
r̂(f
ss
xx
s
ii

(2)

where an initial calibration procedure is used to calculate source correlation
(f )
estimates, i.e. the correlation matrix estimate R̂ss and the cross correlation
(f )
vector estimate r̂s , for microphone observations when the source signal of
interest is active alone, as well as the interference correlation matrix estimate,
(f )
R̂ii , when the known source interferences are active alone [6].
(f )

Conversely, the correlation estimates, R̂xx (n), are continuously calculated
from observed data by
)
R̂(f
xx (n) =

n


H

λn−p x(f ) (p) x(f ) (p)

(3)

p=0

where
(f )

x(f ) (n) = [x1 (n),

(f )

x2 (n),

...

(f )

xI (n)]T

and λ is a forgetting factor, with the purpose of tracking variations in the
surrounding noise environment. The initially precalculated correlation estimates constitutes a soft constraint in the recursive update of the beamforming
weights.
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Suggested method

In the previous structure of the constrained subband beamformer, both the
ﬁxed pre-calculated source correlation estimates and the updated data correlation estimates are used at each iteration for the update of the beamformers
weight vectors (see Eq. (2)).
In this section a more eﬃcient design method is introduced. The spatial
information carried by the source correlation estimates is used to process the
data prior to the beamformers, through a matrix transformation, based on
matrices V(f ) (see Fig. 2), undergoing a spatial decomposition.
The resulting subband signal vector x(f ) (n) is given by
x(f ) (n) = V(f )H x(f ) (n).

(4)

Space-time
Multichannel
filter bank

(0)

V

(1)

…..

V

…..

Multichannel subband
transformation

Desired
propagation
front line

…..

By this method, the spatial information carried by the input vector to
the beamformer is transformed in such a way to direct the array towards
the source position, and close its opening in directions of known interfering
sources.

(K-1)

V

#K subband
transformations

Phase shift
of subband
input data

Figure 2: Structure of the multidimensional space-time ﬁlter bank (The output
data of the ﬁlter bank are phase-shifted to be in-phase for the source propagation direction, and out-of-phase for interference propagation directions).

96

Part II

The objective is therefore to maximize the quadratic ratio between the
source signal power and the interference signal power according to


(f )
v(f )H R̂ss v(f )
(f )
.
(5)
vmax = arg max
(f )
v(f )
v(f )H R̂ii v(f )
(f )

The source correlation matrix, R̂ss , and the interference correlation ma(f )
trix, R̂ii , are estimated from received data when each component, source
and interference, are individually active.
The solution of this optimization problem can be found from the eigenvectors, v(f ) , complying with
(f )−1/2 H

(R̂ii

(f )−1/2

)
) R̂(f
ss R̂ii

v(f ) = λv(f ) ,

(6)

in the order of decreasing corresponding eigenvalues, i.e. the optimal solution
is the eigenvector belonging to the maximum eigenvalue. Hence, the transformation matrix V(f ) is chosen to be the eigenvector matrix of the matrix
(f )−1/2 H
(f )
(f )−1/2
) R̂ss R̂ii
.
(R̂ii
One way to reduce the complexity of the problem, without any signiﬁcant
loss of information, is to reduce the number of eigenvectors in V(f ) such that
the most signiﬁcant eigenvectors are used. As a result, the dimension of the
input vector, and consequently the dimension of the correlation matrix and
weight vector in Eq. (2), is reduced.

4

Simulations and Results

The performance of the beamformer was evaluated in a car hands-free telephony environment with a linear six-microphone array mounted on the visor
at the passenger side, see Fig. 3. The measurements were performed in a Volvo
station wagon. The speech originating from the passenger position constitutes
the desired source signal and the hands-free loudspeaker emission is the source
interfering signal, while the ambient noise received in a moving car constitutes
the background noise. A loudspeaker was mounted at the passenger seat to
simulate a real person engaging a conversation. The sensors used in this evaluation were six high quality Sennheiser microphones uniformly spaced in-line
with 5 cm spacing. The microphone-array was positioned at a distance of 35
cm from the artiﬁcial speaker.
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Figure 3: Placement of the microphone-array in the car. The distance between
microphone centers is 5 cm.
Data was gathered on a multichannel DAT-recorder with a sampling rate
of 12 KHz, and with a 300-3400 Hz bandwidth.
The desired source calibration signals were initially recorded when a speech
sequence was emitted from the artiﬁcial talker, in a non-moving car with the
engine turned oﬀ. Similarly, interference calibration signals were recorded by
emitting a diﬀerent speech sequence, from the hands-free loudspeaker alone,
within the bandwidth.
In order to evaluate the proposed beamformer’s new structure, a set of
weights were calculated according to Eq. (2), based on correlation estimates
calculated from source input data. The performance evaluation includes
source speech distortion and suppression of both background noise and handsfree loudspeaker interference as well as computational complexity.
In the particular case of a car scenario, the interference sound power originated from the hands-free loudspeaker is low compared to the noise generated
by the wind, the car engine and tire friction. Based on this observation, the
interfering source signal is considered as part of the surrounding noise, and
the optimization of (5) is simpliﬁed by replacing the interference correlation
(f )
matrix estimate R̂ii by the identity matrix of size I. Consequently, the transformation matrix V(f ) is chosen to be the eigenvector matrix of the source
(f )
calibration signals, R̂ss .
Fig. 4 presents the results of a comparison between the original Constrained Subband beamformer and the reduced-rank beamformer based on the
proposed space-time ﬁlter-bank structure described in Sec. 3, when it comes
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to noise suppression (top subplot), interference suppression (middle subplot)
and speech distortion (bottom subplot). The eﬀect of reducing the rank of
the beamformer, with one or two dimensions, on the resulting performances
is also presented. The ﬁgure shows that by using the spatial decomposition of
the input data (following Eq. (4)) prior to the beamforming process, the distortion of the speech is considerably decreased while the noise and interference
suppression is relatively unchanged. Furthermore, the reduction from six to
four dimensions for this scenario maintains the performance of the algorithm.
In Fig. 5, the computational complexity gain of the proposed method is
evaluated when reducing the rank of the beamformer algorithm. A considerable reduction of computational complexity is obtained when less dimensions
are used.

5

Conclusion

A new beamforming algorithm based on a spacial ﬁlter bank design method
has been presented and evaluated on real-world recordings in a car hands-free
situation.
Results with the new method were compared to the ones obtained from the
original constrained subband beamformer. The results clearly show that by
directing the beamformer input-vector towards the source propagation direction, prior to the beamformer, the proposed method maintains the noise and
interference suppression performances of the original subband beamformer,
while decreasing the speech distortion with approximately 5 dB and reducing
its computational complexity signiﬁcantly.
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Figure 4: Performance evaluation of the spatial subband beamformer, using
an array of six microphones, in the case of 0, 1 and 2 dimensions reduced in
the beamformer calculations (i.e. using a transformation matrix composed of,
respectively, the 6, 5 and 4 most signiﬁcant eigenvectors).
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Constrained subband beamformer vs. proposed method
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Figure 5: Ratio of the computational cost between the reduced-rank proposed
beamformer and the Constrained Subband beamformer. It can be seen that
the proposed subband beamformer even with full-rank presents less than 5 per
cent increase in computational cost, when compared to the original subband
beamformer, while gaining considerably in performance.
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[7] N. Grbić and S. Nordholm, “Soft constrained subband beamforming for
hands-free speech enhancement,” in IEEE International Conference on
Acoustics, Speech and Signal Processing, vol. 1, pp.885-888, May 2002.
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Abstract
This paper presents a new constrained subband beamforming algorithm to enhance speech signals generated by a moving source in a
noisy environment. The beamformer is based on the principle of a soft
constraint deﬁned for a speciﬁed region corresponding to the source
location. The soft constraint secures the spatial-temporal passage of
the desired source signal in the adaptive update of the beamforming
weights. The source of interest is modelled as a cluster of stationary
point sources and source motion is accommodated by revising the point
source cluster. The source modelling and its direct exploitation in the
beamformer through covariance estimates are presented. An algorithm
for sound source localization is used for speaker movement tracking and
this information is exploited to update the spatial distribution in the
source model.
Evaluation in a real environment with a moving speaker shows a signiﬁcant noise and hands-free interference suppression within the conventional telephone bandwidth. This is achieved with a negligible impact
on target signal distortion.
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Introduction

Microphone arrays in conjunction with digital beamforming techniques have
been extensively exploited for speech enhancement in hands-free applications,
such as conference telephony, speech recognition and hearing aid devices [1, 2,
3]. In a hands-free environment, microphones are placed at a remote distance
from the speakers causing problems of room reverberation, noise and acoustic
feed-back. Successful microphone array processing of speech should achieve
speech dereverberation, eﬃcient noise and interference reduction, and should
also provide an adaptation capacity to speaker movement.
In the microphone array literature many algorithms address these issues
separately. The Generalized Sidelobe Canceller (GSC), predominantly used
for noise suppression, has proven to be sensitive to reverberation [4, 5]. Other
beamforming techniques using optimal ﬁltering or signal subspace concepts
have been suggested [6, 7, 8, 9]. Many of these algorithms rely on voice
activity detection. This is needed in order to avoid source signal cancellation
eﬀects [1], which may result in unacceptable levels of speech distortion.
This paper proposes a novel constrained subband beamformer based on the
principle of a soft constraint calculated from an estimated source position and
a known array geometry [10, 11, 12], rather than formed from calibration data
[13, 14]. This approach allows for an eﬃcient adaptation of the beamformer to
speaker movement by using a tracking algorithm for sound source localization.
A SRP-PHAT algorithm is therefore used in conjunction with the ﬁltering
operations [15].
The computational complexity of the beamformer is substantially reduced
by introducing a subband beamforming scheme [10, 13, 16]. The objective is
formulated in the frequency domain as a weighted recursive least squares solution. In order to track variations in the surrounding noise environment, the
proposed algorithm continuously estimates the spatial information for each
frequency band, based on the received data. The update of the beamforming weights is done recursively where the initially pre-calculated correlation
estimates constitute a soft constraint.
Performance of the proposed algorithm is evaluated on real data recordings
conducted in an oﬃce environment with a moving source.
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Signal model

Consider an acoustical environment where a speech signal coexists with interfering hands-free signals and diﬀuse ambient noise. This sound ﬁeld is
observed by an array with I microphones. The speech source is considered as
a spatially spread source and it is modelled as an inﬁnite number of stationary and independent point sources clustered closely in space within a range
of radii [Ra , Rb ] and inside the range of arrival angles [θa , θb ], see Fig. 1.
The direct path from a point source m, positioned at radius Rm and angle
θm from the center of the microphone array, has a response vector given by


1 −jΩτ1 (Rm ,θm )
1 −jΩτI (Rm ,θm )
e
, ...,
e
,
(1)
d(Ω, Rm , θm ) =
Rm,1
Rm,I
where Rm,i is the distance between the sound source m and the sensor i,
τi (Rm , θm ) is the time delay from the point source to the sensor i and Ω is
the angular frequency.
Thus, the received microphone input vector generated by the speech signal
is expressed as
 Rb  θb
(t)
=
s(Ω)
(2)
x(Ω)
s
m (t)d(Ω, Rm , θm )dRm dθm ,
Ra

θa

(Ω)

where sm (t) is the signal component of the point source with spherical coordinates (Rm , θm ), for a frequency Ω.
The spatial correlation matrix is then given by
H

(Ω)
(Ω)
(t)]
R(Ω)
ss = E[xs (t)xs
 Rb  θb
= P (Ω)
d(Ω, Rm , θm )d(Ω, Rm , θm )H dRm dθm ,
Ra
(Ω)

(Ω)

(3)

θa

where P (Ω) = E[sm (t)sm (t)H ] is the source power spectral density, PSD,
at frequency Ω.
The speech source area is deﬁned as a pie slice region as depicted in Fig. 1.
This conﬁguration is appropriate to contain the consequences of errors in
the response vector, caused by the misplacement and gain variations of the
microphones as well as by the error in the source position estimate. It has
been shown that small errors in the response vector cause large radial errors
in the corresponding source location [16], for sources that are outside the
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extreme near-ﬁeld. In the extreme near-ﬁeld, i.e. when the source is within
a radius smaller than the array width, we can expect large angular errors in
the corresponding source location.

2.1

Discrete-Space Formulation

To accommodate for the speaker’s mobility, the pre-calculated spatial correlations should be updated whenever a movement of the speaker is detected. This
update is more conveniently implemented by using a discrete-space model of
the speech source rather than the continuous-space model described in the
previous section. By using a ﬁnite number M of stationary and independent point sources clustered closely within the constraint area, see Fig. 2, the
spatial correlation matrix of Eq. (3) can be approximated by
R̃(Ω)
ss

= P (Ω)

M


d(Ω, Rm , θm )d(Ω, Rm , θm )H ∆Am ,

(4)

m=1

where

M
m=1

∆Am covers the whole constraint area.

The error introduced by this approximation can be made negligible by
using a high enough number M of point sources in the calculation. The
discrete-space formulation of the speech source correlations in Eq. (4) requires
far fewer computations in comparison to the continuous-space formulation of
Eq. (3) and is therefore more simply updated.
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Figure 1: Constraint region deﬁned by the radii [Ra , Rb ] and the angles [θa , θb ].
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Figure 2: Constraint region deﬁned by the radii [Ra , Rb ] and the angles [θa , θb ],
with 9 point sources.
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Soft constrained Beamforming
Objective

The objective of the soft constrained beamformer is formulated in the frequency domain as a combination of Least Squares and the Wiener solution,
where the source covariance matrix obtained for a ﬁnite number of points in a
speciﬁed constraint region constitutes a soft constraint. The constraint region
denotes the area in which the speech source should be located.
An SRP-PHAT algorithm for sound source localization, described in [15],
is used in this paper. It has shown to be robust and accurate in localizing
speech for oﬃce applications and exhibits a fast tracking of speaker movement.

3.2

SRP-PHAT Algorithm

The most widely used source localization approach exploits time-diﬀerence
of arrival (TDOA) information of a signal originated from a point in space,
received by a pair of spatially separated microphones [2]. The time-delay can
be estimated by maximizing the cross-correlation between ﬁltered versions of
the received signals, which is the basis of the Generalized Cross Correlation
(GCC) method. This approach is however impractical when the signal of
interest is corrupted by noise and reverberation [17]. This problem can be
circumvented by equalizing the frequency-dependent weightings of the crossspectrum components. The extreme case where the magnitude is ﬂattened
is referred to as the Phase Transform (PHAT). The GCC-PHAT algorithm
computes the TDOA, τs , for the source signal received by the microphone
pair l and k as


 +∞
1
Xl (ω)Xk (ω)H jwτlk
τs = arg max
e
dω
.
(5)
τlk
2π −∞ |Xl (ω)Xk (ω)H |
A merge of the GCC-PHAT algorithm and the Steered Response Power
(SRP) beamformer, resulted in the so called SRP-PHAT algorithm [15]. The
goal of the SRP-PHAT algorithm is to combine the robustness of the steered
beamformer and the insensitivity to received signal characteristics introduced
by the PHAT approach. The SRP-PHAT algorithm is formulated as
 I I 

  +∞ Xl (ω)Xk (ω)H
jw∆lk (q)
e
dω ,
(6)
qs = arg max
H
q
−∞ |Xl (ω)Xk (ω) |
l=1 k=1
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where qs is the true spatial location of the source, and where ∆lk (q) is the
TDOA for the signal generated from the spatial location q, and received by
the microphone pair l and k.
Assuming a far-ﬁeld scenario (i.e. a propagating plane wave), the TDOA of
a sound signal for a pair of microphones from a linear array, can be expressed
as a multiple of the corresponding time-delay between adjacent microphones.
Hence, the far-ﬁeld SRP-PHAT algorithm is derived from Eq. 6 as [15]

 I I 
  +∞ Xl (ω)Xk (ω)H
jwτ [l−k]
e
dω .
(7)
τs = arg max
H
τ
−∞ |Xl (ω)Xk (ω) |
l=1 k=1

3.3

Beamformer Algorithm

The ﬁltering operations of the beamformer are formulated in the frequency
domain as multiplications with number I complex frequency domain weights,
(Ω)
wj (n). For a speciﬁc frequency Ω, and at a sample instant n, the output is
given by
y (Ω) (n) =

I


(Ω)

wl

(Ω)

(n)xl (n) ,

(8)

l=1
(Ω)

where the signals xl (n) are digitally sampled and bandpass ﬁltered microphone observations and y (Ω) (n) corresponds to the beamformer output. These
time domain signals are narrow-band, containing essentially components with
frequency Ω.
Given a known array geometry and a corresponding constraint region,
the objective of the beamformer is formulated in the frequency domain as a
calibrated weighted recursive least squares solution, where the optimal array
weight vector is given by

−1
(Ω)
(Ω)
(Ω)
wls,opt (n) = R̃(Ω)
r̃(Ω)
ss + R̂ii + R̂xx (n)
s ,

(9)

with the array elements arranged as
(Ω)

(Ω)

wls,opt (n) = [w1 (n),

(Ω)

w2 (n),
(Ω)

...

(Ω)

wI (n)]T .

The spatial source covariance matrix, R̃ss , is given in Eq. (4), while the
(Ω)
cross covariance vector, r̃s , is given by the response vector of the M point
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sources and the source PSD
r̃(Ω)
= P (Ω)
s

M


d(Ω, Rm , θm ).

(10)

m=1

An initial calibration procedure is used to calculate the interference cor(Ω)
relation matrix estimate, R̂ii , for P sample observations when the known
source interferences are active alone as
(Ω)

R̂ii =

P


(Ω)

(Ω) H

xi (p)xi

(p) ,

(11)

p=1
(Ω)

where xi (p) is the received interference array data vector. Here, we assume
that the interfering sources will maintain a ﬁxed position in relation to the
microphone array.
(Ω)
Conversely, the received signal correlation estimates, R̂xx (n), are continuously calculated from observed data by
R̂(Ω)
xx (n) =

n


H

λn−p x(Ω) (p)x(Ω) (p) ,

(12)

p=0

where x(Ω) (p) is the received array data vector with frequency Ω and λ is a
forgetting factor, with the purpose of tracking variations in the surrounding
noise environment.
The update of the beamforming weights is done recursively as in [13], by
iteratively using the matrix inversion lemma [1].

3.4

Movement tracking

A judicious choice for the conﬁguration of the M point sources in the constraint area allows for an eﬃcient recursive update of the received source
covariance matrix and cross covariance vector consequent to the speaker’s
mobility. As a change in source position occurs, the set of points in Eqs. (4)
and (10) is altered in such a way that new points are added while previously
calculated points are subtracted, to reﬂect this change, see Fig. 3.
One way to achieve a smooth and eﬃcient adaptation to speaker movement
of the constraint area statistics is to introduce a weighing factor on the received
source covariance matrix. At the same time, the contribution from new points
corresponding to the actual position of the speech source is added.
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By introducing a uniformly spread conﬁguration of the M point sources
in the constraint area, i.e. a radius and angular equidistant point structure,
the movement of the source can be expressed as a function of the angular
distance ∆θ and the radius distance ∆R between adjacent point sources.
When a source is moving from an angular position θ with an angle shift ∆θ,
as depicted in Fig. 3, the correlation matrix is updated by the quantity


∆R̃(Ω)
ss (R, θ + ∆θ) = P (Ω)

d(Ω, Rm , θ + ∆θ)d(Ω, Rm , θ + ∆θ)H ,

m∈Mθ+∆θ

(13)
where Mθ+∆θ is the cluster of points having an angle (θ + ∆θ) and contained
in the constrained area. Additionally, a forgetting factor, 0 < ζ < 1, is used
in the update of the correlation matrix during movement following
(Ω)
(Ω)
R̃(Ω)
ss (R, θ + ∆θ) = ζ R̃ss (R, θ) + ∆R̃ss (R, θ + ∆θ) .

(14)

Thus, for a movement of the speech source from a position with angle θold
to a position with angle θnew , see Fig. 4, the update of the correlation matrix
is formulated as

L (Ω)
R̃(Ω)
ss (R, θnew ) = ζ R̃ss (R, θold ) +

L


ζ L−l ∆R̃(Ω)
ss (R, θ + l∆θ) =

l=1

ζ L R̃(Ω)
ss (R, θold )+P (Ω)

L

l=1

ζ L−l



d(Ω, Rm , θold +l∆θ)d(Ω, Rm , θold +l∆θ)H .

m∈Ml

(15)
Here Ml refers to the cluster of points with angle (θold + l∆θ) in the
constraint area and L is the number of angular steps ∆θ covered by the
speaker’s movement. Similarly, the received cross correlation vector is updated
by

L (Ω)
r̃(Ω)
s (R, θnew ) = ζ r̃s (R, θold )+P (Ω)

L

l=1

ζ L−l



d(Ω, Rm , θold +l∆θ).

m∈Ml

(16)
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Figure 3: Constraint region deﬁned for a moving source by ∆θ, with a uniformly spread conﬁguration of 9 point sources in the constraint area.
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Figure 4: Constraint region deﬁned for a moving source from a position with
angle θold to a position with angle θnew , with a uniformly spread conﬁguration
of 9 point sources in the corresponding constraint area.
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Subband Beamforming

The approach derived in Sec. 3.3 requires a frequency decomposition of each
microphone input signal into a set of narrow-band signals. A multichannel
uniform over-sampled analysis ﬁlter bank is used to decompose the received
array signals into narrow band signals, prior to the beamformer ﬁltering operations. The outputs of the subband beamformers are reconstructed by a
synthesis ﬁlter bank in order to create a full band time domain output signal.
The analysis and synthesis ﬁlter banks constitute a modulation of two prototype ﬁlters, which leads to eﬃcient polyphase realization [18]. The spatial
characteristics of the input signal are maintained by using the same modulated
ﬁlter bank at each microphone.

4

Simulations

Simulations are constructed such to include inﬂuence of background noise,
hands-free interference as well as room reverberation. The data was acquired
with a linear array of four microphones uniformly spaced with 5 cm spacing
and was gathered on a multichannel DAT-recorder with a sampling rate of 12
KHz. The signal at each microphone was bandlimited to 300-3400 Hz. All
simulations were performed with 32 subbands.

4.1

Oﬃce Environment

The room used in the experiment is a room of size (3 × 4 × 3 m), with the
microphone array placed in the center of the room. Fig. 5 illustrates the arrangement for the sound data acquisition. To simulate ambient noise, four
loudspeakers were positioned at the corners of the room. The emitted noise
was colored noise prerecorded in a typical oﬃce room and corresponding to
the noise generated by a computer fan and an air conditioner. Two experimental setups where considered. The ﬁrst setup consisted of a target source,
simulated by a loudspeaker, positioned at a 50 cm radius in front of the array
and an interference source at a radius of 1 m from the array and making an
angle of 45◦ to the source. The sound used as target source was female speech
while the interfering loudspeaker emitted male speech. The second setup was
deﬁned for a moving target source from the position described above, along a
circular path centered at the reference point to describe a quarter of a circle.
The numbered crosses depicted in Fig. 5 correspond to the speaker positions
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where the update of the SRP-PHAT algorithm takes place. The time-interval
to move between two adjacent speaker positions was one second.
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Figure 5: Conﬁguration of microphone array and sound sources in an oﬃce
room. The source movement path is represented by the numbered crosses,
which are passed at a speed of one second per step.
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Evaluation

In order to evaluate the proposed beamformer, the weights were calculated for
the ﬁrst setup according to Eq. (9). Interference calibration signals were initially recorded by emitting a speech sequence from the interfering loudspeaker
alone within the bandwidth. These recordings were used to estimate the subband interference correlation matrix given in Eq. (11), for all subbands. The
performance evaluation includes source speech distortion and suppression of
both background noise and hands-free loudspeaker interference.
Performance versus Number of Point Sources
The source correlations were obtained for a constraint region deﬁned by a
range of radii [40 cm, 60 cm] and inside the range of arrival angles [-5◦ , 5◦ ],
i.e. radius spread of 20 cm and angle spread of 10◦ , centered at the position
of the source given by the tracking algorithm. Table 1 shows the algorithm
performance by varying the number of points, M , in the constraint region
used to calculate the received spatial source covariance estimates from Eqs.
(4) and (10). It can be seen that the number of points used does not severely
aﬀect the performance of the algorithm. For the chosen constraint region
size, increasing M above 9 points does not improve the performance of the
beamformer.
Number
of points
4
9
16
25
36
Table 1:
points.

Noise sup.
[dB]
8.6
10.3
8.1
7.3
8.4

Interf. sup.
[dB]
17.6
19.1
14.9
16.8
16.5

Distortion
[dB]
-28.7
-28.1
-29.8
-28.5
-28.8

Distortion and suppression levels for diﬀerent number of source

Performance versus Angle of Source Spread
The performance of the algorithm is given in Fig. 6 as a function of angle
spread of the constraint region. The number of point sources used is M = 9
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and the radius spread of the constraint region is 20 cm. It can be seen that
the beamformer achieves optimal performance for an angle spread of 10◦ . A
small angle spread (below 10◦ ) does not cover both the source spread and the
localization uncertainty, resulting in reduced performance. For a larger angle
spread (above 10◦ ), the opening of the beamformer is wider and can therefore
allow passage for a bigger portion of the diﬀuse noise within the corresponding
angle spread.
Performance versus Radius of Source Spread
The dependency on the constraint region radius spread is shown in Fig. 7. The
performance evaluation is given for an angle spread of 10◦ and 30◦ . Results
show that the optimum, reached for a certain radius spread of the constraint
region, depends on the angle spread. A constraint region with bigger angle
spread requires a bigger radius spread in order to reach optimum. It can
be seen that the performance slightly decreases with higher values of radius
spread, due to less noise being suppressed in the extended constraint region.
However, the proposed beamformer exhibits a relatively higher sensitivity to
angle spread than that to radius spread.
Performance versus Movement of Speaker
The impact on the beamformer performance of the source movement is evaluated using the second setup. A constraint area of size (20 cm, 30◦ ) with 9
points is used. It is centered at each coordinate of the source obtained by
the SRP-PHAT speech localization algorithm. Fig. 8 shows the speech distortion and noise suppression measures for the diﬀerent positions given by the
tracking algorithm and corresponding to the speaker’s movement. The performance measures are plotted for diﬀerent values of the weighting factor ζ.
The proposed solution exhibits a good tracking capability when the speaker
is moving. The noise suppression is slightly improved with higher values of
the weighting factor ζ. As the angle of the source increases, corresponding
to a movement away from the front view of the sensor array, more noise is
suppressed.
Performance versus Source Tracking Error
An error may be introduced by the tracking algorithm when evaluating the
position of the speaker. The algorithm performance is given in Fig. 9 as a

120

Part III

function of the source location error. Here, only the angle error has been
considered. Due to the small sensitivity of the beamformer to the constraint
region radius spread, a large radius spread can be used to compensate for the
radial error in the estimation of the source position. The source correlations
were obtained for a constraint region of size (20 cm, 10◦ ). The beamformer
has proven to be robust to position tracking errors. It presents a relative small
decrease in performance (∼ 2.5 dB) with an error increase of 10◦ .

6

Conclusion

A new adaptive subband beamformer for moving source speech enhancement
and its evaluation in an oﬃce room has been presented. The proposed beamformer is a recursive least squares algorithm using a soft constraint deﬁned for
a speciﬁed region corresponding to the speech source location. A speech localization algorithm is combined with the beamformer to allow for speaker movement. The update of the soft constraint due to source mobility is performed
recursively. Results show up to 9 dB noise reduction and 15 dB hands-free
suppression. Furthermore, the algorithm provides good speaker movement
tracking, while keeping an approximately constant level of speech distortion
as for a non-moving source.
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Figure 6: Performance measures of the proposed beamformer with a diﬀerent
angle spread of the constraint region. Here, the radius spread is 20 cm and
the number of source points considered is M=9.

Performance evaluation

Performance evaluation
−25

20

Distortion [dB]

Suppression [dB]

15
Interference sup.
10

−30

5
Noise sup.

°

Angle spread = 10 °
Angle spread = 30 °

Angle spread = 10

Angle spread = 30°
0

0.5
1
1.5
Radial spread of constraint region [m]

2

−35
0

0.5
1
1.5
Radial spread of constraint region [m]

2

Figure 7: Performance measures of the proposed beamformer with a diﬀerent
radius spread of the constraint region. The number of source points is M=9.
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[10] S. Y. Low, N. Grbić, and S. Nordholm, “Speech enhancement using Multiplt soft Constrained Beamformers and Non-Coherent Technique,” in

Beamforming for Moving Source Speech Enhancement

125

IEEE International Conference on Acoustics, Speech and Signal Processing, April 2003.
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