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Acoustic noise has a pronounced negative impact 
on human vocal communication and user comfort. 
Interfering noise that is transmitted between com-
municating users may not only disturb telephone 
conversation and supporting technical mecha-
nisms (such as speech coders), but may also strain 
and eventually damage hearing and vocal organs of 
the users. Furthermore, a user subjected to con-
sistently high levels of noise (such as those emit-
ted by heavy machinery or electrical hand-held 
tools) may suffer discomfort and health risks. In 
many cases it is desirable to reduce the level of 
noise transmitted over a network, as well as con-
trolling and minimizing the level of noise that the 
local user is subjected to through the utilization of 
methods for active noise control. 

This thesis provides applied methods to combat 
noise in human communication. The active hearing 
defender is one key application for which the in-
troduced methods may be suitable. The fi rst three 
parts of this thesis comprise methods for noise 
reduction in user-to-user vocal communication. In
particular, blind methods are investigated. As op-

posed to conventional (non-blind) methods, blind 
methods are stand alone and do not require a pri-
ori information or knowledge of the spatio-tem-
poral environment. A method based on statistical 
kurtosis is provided, in which an adaptive, blind 
subband beamformer is derived and evaluated. The 
performance of this approach supports speech en-
hancement in a wide range of applications. A new,
low complexity method for blind beamforming is 
introduced, in which several single channel blind 
speech enhancers are linearly combined. The non-
linear nature of the blind speech enhancers mean 
that speech sources add coherently, i.e. perfor-
ming blind beamforming. Important aspects of im-
plementing a single channel blind speech enhancer 
in analog, digital and hybrid (mixed analog-digital) 
hardware are also analyzed. The fi nal section of 
this thesis outlines an application for active noise 
control for the purposes of hearing protection. A 
low-power fi xed point digital signal processor is 
used as an implementation platform as it supports 
battery powered apparatus. The broad band noise 
reduction is 20 dB to 30 dB and the tonal interfe-
rence rejection is 60 dB.
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Abstract

Acoustic noise has a pronounced negative impact on human vocal
communication and user comfort. Interfering noise that is transmitted
between communicating users may not only disturb telephone conver-
sation and supporting technical mechanisms (such as speech coders),
but may also strain and eventually damage hearing and vocal organs of
the users. Furthermore, a user subjected to consistently high levels of
noise (such as those emitted by heavy machinery or electrical hand-held
tools) may suffer discomfort and health risks. In many cases it is de-
sirable to reduce the level of noise transmitted over a network, as well
as controlling and minimizing the level of noise that the local user is
subjected to through the utilization of methods for active noise control.

This thesis provides applied methods to combat noise in human
communication. The active hearing defender is one key application for
which the introduced methods may be suitable. The first three parts
of this thesis comprise methods for noise reduction in user-to-user vo-
cal communication. In particular, blind methods are investigated. As
opposed to conventional (non-blind) methods, blind methods are stand
alone and do not require a priori information or knowledge of the spatio-
temporal environment. A method based on statistical kurtosis is pro-
vided, in which an adaptive, blind subband beamformer is derived and
evaluated. The performance of this approach supports speech enhance-
ment in a wide range of applications. A new, low complexity method
for blind beamforming is introduced, in which several single channel
blind speech enhancers are linearly combined. The nonlinear nature of
the blind speech enhancers mean that speech sources add coherently,
i.e. performing blind beamforming. Important aspects of implementing
a single channel blind speech enhancer in analog, digital and hybrid
(mixed analog-digital) hardware are also analyzed. The final section of
this thesis outlines an application for active noise control for the purpose
of hearing protection. A low-power fixed point digital signal processor
is used as an implementation platform as it supports battery powered
apparatus. The broad band noise reduction is 20 dB to 30 dB and the
tonal interference rejection is 60 dB.
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Preface

This licentiate thesis summarizes my work at the Department of Signal
Processing at Blekinge Institute of Technology. The thesis is comprised of
four parts;

Part

I Recursive Kurtosis Maximization for Blind Beamforming in Subband
Speech Enhancement.

II Blind Beamforming Using Parallel Single-channel Speech Enhancers.

III Implementation Aspects of the Adaptive Gain Equalizer.

IV Active Noise Control for Hearing Protection using a Low Power Fixed
Point Digital Signal Processor.
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Introduction

Portable devices that provide means for human communication, safety and
comfort are frequently used today. While the portable devices are predom-
inantly battery operated and often of very small physical sizes their inter-
nal electronics and algorithms must be of low power and high efficiency. A
common portable application today is human speech communication over a
telecommunication channel, e.g. via the cellular telephone network. In this
scenario, one or several microphones record acoustic signals which may be
compressed and transmitted over the telephone network to the receiver. Many
acoustical signals other than speech signals may be recorded and transmitted
to the receiving user. The additional signal components are in many cases
regarded as interfering noise. In some environments, the level of interfering
noise is severe and may influence the conversation negatively, for example if
a user is located in an industrial environment. Interfering noise may not only
increase the level of stress and make the conversation troublesome, it may
also strain the vocal and hearing organ of the users [1]. Furthermore, with
regard to a user communicating over a telecommunication channel, several
mechanisms are involved, the performance of which relies heavily upon the
level of interfering noise. For example, some parametric speech coders provide
severely reduced performance when disturbing noise is present [2,3]. In some
cases, the user is orally commanding a machine via the telephone, in which
case the success of voice recognition is to a high degree dependent on a low
level of noise present in the speech signal to process [4–6].

Auxiliary structures may be added to the telecommunication system to
remedy the influence of interfering noise. Speech enhancement by means of
noise reduction is one such structure, see Fig. 1. The objective of a speech
enhancer is to suppress interfering noise while preserving speech quality [7,8].
Enhanced speech with a reduced amount of noise is then transmitted to the
far-end user. A speech enhancer may utilize one or several microphones. In
the case of one microphone, the time-frequency information of the received
signal is utilized, and in the case of multiple microphones, the spatial do-
main may be utilized. A stand alone method for speech enhancement is the
Adaptive Gain Equalizer (AGE). The performance of the AGE has proven
beneficial in comparison with the popular spectral subtraction method [9].
Furthermore, the AGE is lightweight, scalable and supports implementation
in various domains; digital, analog and hybrid analog-digital [10–13].

Methods for speech enhancement utilizing more than one microphone are
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Figure 1: A typical scheme for human communication constituting a trans-
mitter and a receiver communicating over a radio interface where a speech
enhancer is employed for noise reduction purposes.

commonly referred to as beamformers [14, 15]. The vast majority of existing
beamforming methods are conventional and require either a reference signal
or certain knowledge of source and sensor positions, i.e. knowledge of the
spatial environment. Sensitivity to variations in the spatial environment may
be circumvented by calibration sequences. However, the calibrated approaches
may fail if the environment changes.

Another way of circumventing environmental sensitivity is to instead uti-
lize blind methods [16–20]. Blindness implies in this context that speech
enhancement is performed based only upon assumptions of the desired signal
or additionally based upon some knowledge of the signal characteristics. As
opposed to conventional methods, which require a reference signal or cali-
bration schemes, blind methods do not require such measures and are stand
alone. Hence, by incorporating blind schemes, a tolerance to spatial varia-
tions is automatically built into the portable device. The built-in tolerance
includes robustness to component variations and independence with regard
to changes in the spatial environment. However, although blindness provides
a means for enhancing the reliability of a product, it does not come without
a cost. Many blind structures today are not robust enough to suit the high
requirements of industry and commercial usage. Also, many methods suffer
from low performance at high levels of interfering noise.

However, noise is a disturbing factor with regard not only to communi-
cation, in which speech contaminated with noise disturbs user conversation;
noise may also influence the comfort and health of the local user. Enduring
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noise may fatigue the user and overly high intensities of noise may impair the
health of humans and cause irreversible damage to the hearing organ [21]. One
existing method to combat harmful noise is to create a synthetic signal such
that destructive interference occurs and silences the interfering noise. Such
techniques are commonly denoted active noise control [22–24], see Fig. 2.

� � � � � � � � � � �

� � � 	 � � � � � �

� � � � � � � � �

� � � � � � 
 � � �

� � � � �

� � � � � � 
 � � �

� � � � � � � � � � �

� � � � � � �

Figure 2: Active noise control in hearing defenders.

The focus of this licentiate thesis lies on the applicability of various meth-
ods to combat noise in human voice communication. The key application of
the presented methods is in active hearing protection for voice communica-
tion. Part I, Part II, and Part III present methods and implementations for
remedying the influence of noise transmitted via a telecommunication channel
during voice communication, and Part IV aims at reducing the noise at the lo-
cal user for protection and comfort. More specifically, Part I considers a blind
beamforming technique for subband speech enhancement based on a kurtosis
measure. Part II presents a novel idea to use several, low complexity, single-
channel speech enhancers in parallel, forming a blind beamforming network.
While personal communication is synonymous with battery driven apparatus,
Part III discusses some implementation aspects for single microphone blind
speech enhancement in the digital, analog, and hybrid analog-digital domains.
An active noise control implementation using low complexity hardware is pre-
sented in Part IV. The solutions provided in Part III and in Part IV share
the same hardware platform, thus when combined, they comprise a uniform
package for noise reduction.
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PART I - Recursive Kurtosis Maximization for
Blind Beamforming in Subband Speech Enhance-
ment.

Traditional techniques for multi microphone speech enhancement (beamform-
ing) are typically based upon spatial modeling and calibration schemes aimed
at capturing the spatial dynamics of the environment. However, calibration
of each individual item in production is highly ineffective in an industrial or
commercial implementation, mainly due to its time consumption. Further-
more, calibrated schemes may require re-calibration if the spatial environ-
ment changes. Blind methods are an interesting alternative to conventional
methods as they do not require calibration schemes, see Fig. 3. In effect,
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Figure 3: Blind beamformer for speech enhancement.

the information carried by the received data is used to steer and control the
beamformer. The beamformer is steered blindly in such a manner that it
meets its specific design criterion, enhancement of speech. Furthermore, the
increased computational capabilities of modern digital hardware, in conjunc-
tion with decreased costs and lowered power consumption, raises the possi-
bility to realize high-end methods for commercial usage in battery operated
equipment. The statistical measure kurtosis is used to derive a blind beam-
forming structure for subband speech enhancement. The performance of the
presented approach is evaluated and compared to an optimal signal to noise
and interference ratio beamformer and an optimal Wiener beamformer. The
performance of the suggested approach is, in general, in between the two op-
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timal reference structures. The proposed method acts as an initiative towards
a robust and physically plausible framework for blind speech enhancement.

PART II - Blind Beamforming Using Parallel
Single-channel Speech Enhancers.

The method proposed in Part II constitutes a low complexity alternative to
that of Part I. Blind beamforming is achieved by cascading several single-
channel speech enhancers in parallel, see Fig. 4. Each individual speech en-
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Figure 4: Blind beamforming is achieved by cascading several blind speech
enhancers.

hancer is of very low complexity and operates independent of the other speech
enhancers. Due to the nonlinear nature of the blind speech enhancers, speech
signals are summed coherently yielding an overall speech signal gain of 2 dB
to 3 dB in general, and at the cost of perceptually unnoticeable speech distor-
tion. The proposed method illustrates an interesting and applicable approach
to blind beamforming.
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PART III - Implementation Aspects of the Adap-
tive Gain Equalizer.

As opposed to high-end structures, providing the very best speech enhance-
ment performance achievable, there is also a need for low-end structures pro-
viding satisfactory performance at extremely low cost. Some applications
cannot carry the load of immense power consumption and high price per item
while they are intended for battery powered portable devices. Not only should
the implementations be of low computational cost, they should also yield good
speech enhancement performance. Furthermore, they should preferably be ro-
bust to component variation in the production and scalable to suit a multitude
of applications. Part III presents aspects of implementing a blind speech en-
hancement method in the digital, analog, and hybrid analog-digital domains,
see Fig. 5. The implementations presented in this part shall be viewed as a
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Figure 5: Single microphone speech enhancer.

proof-of-concept, that the underlying robustness, simplicity and effectiveness
of the method give support to applications in a wide range of environments.

PART IV - Active Noise Control for Hearing
Protection using a Low Power Fixed Point Dig-
ital Signal Processor.

The former parts of this thesis present high-end and low-end noise combat-
ing methods for application in human voice communication. However, for
comfort reasons and to protect the local user from enduring and eventually
harmful noise, Part IV presents an implementation for active noise control,
see Fig. 2. Here, a reference microphone captures a reference of the noise.
The reference noise is altered and emitted through a loudspeaker such that
the noise measured by an error microphone is reduced. The implementation
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is carried out on a platform similar to that used in Part III and is suitable for
usage in hearing defenders.
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Recursive Kurtosis Maximization for
Blind Beamforming in Subband Speech

Enhancement

Benny Sällberg, Nedelko Grbić and Ingvar Claesson

Abstract

This paper presents a recursive kurtosis maximization method for
blind beamforming in subband speech enhancement. A framework is
set up for this purpose using a frequency domain filter-and-sum beam-
former. The statistical kurtosis measure is formulated using subband
representation, and a Newton based method is derived from this formu-
lation. A modification to Newton’s method is introduced which ensures
that the convergence in each subband is not towards a minima. This
modification alone improves the interference suppression by up to 6 dB
and at the same time reduces the computational load of the method.
Results of the evaluation indicate that the proposed method does, in
some cases, outperform an optimal Wiener beamformer with respect to
interference suppression. In all cases, the introduced speech distortion
is lower than that of an optimal signal to noise and interference ratio
beamformer.

1 Introduction

The increasing number of human speech communication applications moti-
vates the requirement for methods providing good speech quality. Internet
telephony is one example of such a quality-demanding medium. Speech en-
hancement is a traditional field of signal processing for combating interfering
noise and is classifiable in two dominant groups; single microphone techniques
and multiple microphone techniques. Single microphone techniques classically
utilize the temporal domain in forming frequency selective filters for cancel-
ing disturbances and enhancing speech. The adaptive gain equalizer [1–4] is
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a single microphone method that has been shown to be suitable for a va-
riety of implementations. Techniques utilizing more than one microphone
are commonly denoted beamforming methods [5]. In effect, by utilizing sev-
eral microphones, spatial diversity can be achieved by forming spatial beams
towards desired sources and spatial nulls towards the interferers. The con-
ventional way of performing beamforming requires certain knowledge of the
microphone array configuration and additional knowledge or assumptions re-
garding source positions. One popular approach involves calibration of the mi-
crophone array [6–9]. The performance of conventional calibrated approaches
relies strongly upon the spatial stationarity of the environment. For exam-
ple, conventional approaches require re-calibration to ensure performance and
good speech quality if the spatial characteristics of the array change. One way
to increase the robustness of beamforming methods is to make them time-
varying, i.e. adaptive. Adaptive beamforming comprises the formulation of a
criterion which, if optimized, implies speech is enhanced and disturbing noise
is suppressed. Conventional adaptive approaches typically base their opti-
mization criterion on a reference signal in order to perform the adaptation.

Blind beamforming is an alternative approach to conventional beamform-
ing where the data received by the set of microphones is used to control and
steer the beamformer. Hence, as opposed to conventional methods, blind ap-
proaches are stand-alone and rely neither upon calibration schemes nor upon
any a priori knowledge. In blind adaptive schemes the criterion used for
optimization can be statistical and may, for example, be based upon the in-
dependence of the signals [10–12]. The filters of the beamforming structure
are updated by utilizing the information carried by the impinging signals,
such that the desired optimization criterion is met. Approaches also exist
where traditional single channel blind methods are extended to blind beam-
forming [13]. Another blind criterion for speech enhancement is the kurtosis
measure [14]. Kurtosis quantifies numerically the ”sharpness” of a signal’s
Probability Distribution Function (PDF). Speech generally carries a high kur-
tosis value due to its sharp PDF, whereas many classes of interfering noise
provide lower kurtosis values, e.g. engine or fan noise. In the case of a micro-
phone array observing a mixture of source signals (e.g. speech and interfering
noise), a beamformer may be adapted to spatially suppress signals with low
kurtosis values (interfering noise) and allow passage of signals carrying high
kurtosis values (speech). Modifying the beamformer filters so as to maximize
the kurtosis value of the beamformer’s output signal suppresses interferences
and allows for the passage of desired signals. Methods for kurtosis maximiza-
tion exist today [15–18]. Structures for blind beamforming using kurtosis also
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exist today [19, 20]. However, present methods for kurtosis maximization are
predominantly formulated using steepest descent optimization approaches in
fullband representation. A common characteristic of these type of methods
is their slow convergence and sensitivity to input data characteristics. Also,
structures based on Newton-like optimization (e.g. recursive least squares
variants) may suffer from immense computational load in the fullband formu-
lation due to the need for tedious matrix inversions.

This contribution presents a subband beamforming framework for blind
speech enhancement based on kurtosis optimization. The kurtosis measure is
formulated in the frequency domain and acts as a foundation for a Newton-
based optimization. A modification is introduced to the Newton method to
avoid convergence to any minima. The impact of method parameters and
environmental factors on performance is analyzed. The proposed method is
compared to the optimal Signal to Noise and Interference ratio Beamformer
(SNIB) and the optimal Wiener beamformer. In all, this contribution acts as
an initiative towards a robust and plausible method for blind subband speech
enhancement.

This paper is outlined as follows: A new beamforming framework with
a subband formulation of the kurtosis measure is outlined in Section 2. The
proposed method for kurtosis maximization is derived in Section 3. Non-blind
optimal beamformers are provided as references in Section 4. The proposed
blind approach is evaluated in Section 5 where it is benchmarked to the opti-
mal beamformers. Concluding remarks are provided in Section 6.

2 Beamforming Framework

The array topology used in this paper constitutes a set of M microphones. The
microphone elements are arbitrarily distributed in space and their relative po-
sitions are unknown. This lack of a priori knowledge regarding sensor position
is a fundamental difference distinguishing blind methods from conventional
non-blind methods. The microphones of the array, indexed m ∈ [1, 2, . . . ,M ],
spatially samples an acoustical field. The temporally sampled microphone
signals are denoted xm(n), where n is the sample index. Each microphone
signal is assumed to constitute a mixture of a single speaker (desired) and in-
terfering noise (undesired). All signals are assumed statistically independent
and spatially localized, i.e. not diffuse. The signal constellation received by
the mth microphone is modelled as

xm(n) = sm(n) + im(n). (1)
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Here, sm(n) represents the speech and im(n) designates the interfering noise.
The microphone signals are transformed into time-frequency domain using

an analysis filter bank scheme [21, 22]. A filter-and-sum beamformer is em-
ployed in which each subband microphone signal is passed through a network
of filters. The filtered microphone signals are summed to form a subband
output signal. The beamformer output subband signals are transformed back
to time domain via a synthesis filter bank, see Fig. 1. The filters of the
blind beamformer are continuously updated to meet the design criterion, i.e.
maximization of the output signal’s kurtosis value.

A uniform DFT-modulated filterbank structure of K subbands and a fac-
tor D decimation are used herein. The analysis filter bank and synthesis
filter bank are illustrated in Fig. 2. The prototype filters, hp(n) and gp(n),
act as templates for all subband filters in the analysis and synthesis filter
banks, respectively. An efficient implementation of the filter banks may be
performed by the polyphase structure. The polyphase structure and specially
the noble identity facilitates changing place of the decimation and filtering,
i.e. filtering is performed at a lower sample rate, thus dramatically reducing
the computational burden. However, the polyphase structure is a detail re-
lated to implementation and is intentionally omitted henceforth for the sake
of clarity.

2.1 Mathematical Formulation

Each sensor signal, xm(n), is transformed to form the kth subband signal (for
k ∈ [1, 2, . . . ,K]) via the transformation

Xm,k(l) = DD {xm(n) ∗ hp,k(n)} , (2)

where

hp,k(n) = hp(n)e−j2π(k−1)n/K . (3)

Here ∗ denotes convolution, DD { } corresponds to a factor D decimation,
l designates the reduced rate sample index and hp,k(n) represents a filter
created by modulation of the analysis prototype filter hp(n). The sensor
subband signals are filtered by the complex valued beamformer filters Wm,k.
For simplicity and convenience of notation, the filters use only one tap per
subband in this paper. However, it does not constitute a hindrance to extend
the proposed approach by incorporating more taps per subband filter. All
filtered sensor signals are summed to form a subband output signal, Yk(l).



Recursive Kurtosis Maximization for Blind Beamforming in Subband Speech Enhancement 33

� �  !

� �  "

� �  #

� #  "

� #  #

� #  !

$ "  " % � &

$ �  ! % � &

$ �  # % � &

$ �  " % � &

$ "  # % � &

$ "  ! % � &

$ #  " % � &

$ #  # % � &

$ #  ! % � &

' " % � &

' # % � &

' ! % � &

( " % � &

( # % � &

( � % � &

)
�
)
�
'

*

+
*�
,
�
�
��
)
�
!

)
�
)
�
'

*

+
*�
,
�
�
��
)
�
!

)
�
)
�
'

*

+
*�
,
�
�
��
)
�
!


'
�
,
�
�

*

+
*�
,
�
�
��
)
�
!

- % � &

� . � , � . �

) � / . � * , � �

� "  #

� "  !

� "  "

Figure 1: A filter-and-sum beamforming framework for subband speech en-
hancement.
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Figure 2: Uniform modulated analysis (a) and synthesis (b) filter bank for K
subbands using a factor D decimation. hp(n) and gp(n) are the analysis and
synthesis prototype filters.
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The subband filter-and-sum operation is expressed in a compact format by
vector formulation as

Yk(l) = WH
k Xk(l), (4)

Wk = (W1,k,W2,k, . . . ,WM,k)T
, (5)

Xk(l) = (X1,k(l),X2,k(l), . . . , XM,k(l))T
. (6)

The subband output signals are transformed back to time domain via the
inverse transformation

y(n) =
K∑

k=1

ID {Yk(l)} ∗ gp,k(n), (7)

gp,k(n) = gp(n)ej2π(k−1)n/K . (8)

Here ID { } represents a factor D interpolation and gp,k(n) corresponds to
filters created by a demodulation of the synthesis prototype filter gp(n).

2.2 A Subband Normalized Kurtosis Measure

The kurtosis is a statistical measure that numerically quantifies the ”sharp-
ness” of a signal’s PDF [14]. Kurtosis may also be assigned the measure of
tail weight [23]. The normalized kurtosis of a zero-mean fullband signal x(n)
(so far assumed real valued) is defined as

κ {x(n)} =
E
{
x4(n)

}
E2 {x2(n)} − 3. (9)

Here, E { } corresponds to the expectation operator. While kurtosis provides
a numerical quantity of a PDF’s shape it may also be considered a measure
of Gaussanity. Signals that are Gaussian distributed exhibit a normalized
kurtosis equal to zero. Signals with positive normalized kurtosis values are
denoted super-Gaussian, whereas signals carrying negative kurtosis values are
denoted sub-Gaussian. Speech is an example of a super-Gaussian signal and
some classes of noise such as engine or fan noise are typically Gaussian or
sub-Gaussian. The normalized kurtosis value of some acoustical signals is
provided in Table 1.

More insight in the kurtosis measure is required when the subband signals
Yk(l) are complex valued. The following kurtosis measure for complex valued
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Id Signal Average Kurtosis
1 Impulsive Noise 19.8
2 Human speech 12.1
3 Cocktail noise 2.1
4 Engine noise -0.1

Table 1: Natural acoustical signals with typical kurtosis values.

signals is proposed in [15]

κ {Yk(l)} =
E
{
|Yk(l)|4

}
E2

{
|Yk(l)|2

} − 2 −
∣∣E {

Y 2
k (l)

}∣∣2
E2

{
|Yk(l)|2

} . (10)

Power normalization, i.e. E2
{
|Yk(l)|2

}
, has been applied in order to conform

to the normalized kurtosis definition in (9). However, a derivation based on
the expression in (10) may prove very tedious and lead to lengthy expressions
which negatively influence the computational burden of the method. In effect,
by replacing the last element in (10) with the value one, the approximation
results in a direct subband reformulation of (9) with an immense reduction in
computational load, i.e.

κ {Yk(l)} =
E
{
|Yk(l)|4

}
E2

{
|Yk(l)|2

} − 3. (11)

It is indicated in the later evaluation (see Section 5) that the method’s effi-
ciency is increased if the power normalization is performed using the entire
average signal power instead of the subband signal power, i.e.

κ {Yk(l)} =
E
{
|Yk(l)|4

}
(∑K

k′=1 E
{
|Yk′(l)|2

})2 − 3. (12)

As opposed to the two first normalized kurtosis measures, (10) and (11), the
measure in (12) couples the individual subbands through its specific power
normalization. Hence, maximization of this last criterion implies that either
the subband specific fourth cumulant is maximized or the total average signal
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power is minimized. This coupling of individual subbands specifically im-
pacts the behavior of a modification introduced to the Newton optimization
procedure in order to avoid minima, see Section 3.4.

The performance of the three kurtosis measures outlined here, i.e. (10),
(11), and (12), are compared in the later evaluation. The kurtosis measure in
(12) is used when deriving the blind adaptive method.

2.3 Validity of the Normalized Kurtosis Measures

Fullband normalized kurtosis is a well defined statistical property. This sec-
tion discusses the validity of the subband normalized kurtosis measures in
(10), (11), and (12) compared to the fullband normalized kurtosis in (9).
Two signals s(n) and i(n) are mixed according to x(n) = s(n) + αi(n), where
α represents a real valued mixing factor and controls the Signal to Interference
Ratio (SIR) of the mixture (assuming that the two sources are statistically
independent). The signal s(n) corresponds to human speech and i(n) repre-
sents interfering engine noise from an Atlantic ferry. The normalized kurtosis
of the individual signals and the mixture are provided in Fig. 3. The figure
illustrates the theoretical performance of the subband normalized kurtosis
measures compared to the fullband counterpart. The measure corresponding
to (12) bears closer resemblance to the fullband measure. It is also much
steeper than the other subband measures in (10) and (11). Hence, an opti-
mization method based on (12) is much more ”rewarding” (with regard to
increased kurtosis value) if it manages to increase the SIR, as opposed to
those based on (10) and (11). The higher performance of the later measure
is in fact indicated in the evaluation, see Section 5. Furthermore, this figure
also reveals that the normalized kurtosis of (10) is overlapping that of (11).
Hence, the introduced approximation appears valid.

3 Blind Adaptive Beamforming

The proposed method utilizes Newton’s optimization procedure for maximiz-
ing the kurtosis measure in (12). Newton’s method for optimization approxi-
mates the objective cost function locally around a point Wk(l) using the two
first terms of a Taylor series expansion [24]. The optimum of the quadratic
approximation around the point Wk(l) is exactly solved to yield the optimal
point Wk(l + 1). The optimum of the kurtosis measure is found by iterating
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the Newton procedure according to

Wk(l + 1) = Wk(l) −
[
∂2κ {Yk(l)}

∂W∗
k
2

]−1
∂

∂W∗
k

(κ {Yk(l)}) . (13)

This iteration is commonly referred to as a filter coefficient update equation.
The first and second derivative, with respect to the complex conjugate of the
filter coefficients W∗

k, are defined using notation from [24], as

∂

∂W∗
k

=
1
2

(
∂

∂Re {Wk} + j
∂

∂Im {Wk}
)

, (14)

∂2

∂W∗
k
2 =

∂

∂W∗
k

[
∂

∂W∗
k

]H

, (15)

where Re{ } and Im{ } represent the real and imaginary operators, respec-
tively. To exemplify, consider the following two cases

∂

∂W∗
k

(
WH

k Xk

)
= Xk, (16)

∂

∂W∗
k

(
WH

k XkXH
k Wk

)
= XkXH

k Wk. (17)

The first derivative of the cost function is commonly referred to as the gradi-
ent, and the second derivative is denoted the Hessian matrix.

The Newton method is, however, not always suitable in its original form
to optimize a non-quadratic cost function such as the kurtosis measure. The
fact that Newton’s method does not distinguish a minimum from a maximum
yields that a naive utilization of this optimization method may result in error,
where an optimal solution finds a minima (here it is desired to maximize
the output signal’s kurtosis value). The Hessian matrix is positive definite
(semi-definite) for a minima and negative definite for a maxima [24]. The
definiteness of the Hessian matrix is formalized by using any non-zero vector
v as

H− : Re

{
vH

[
∂2κ {Yk(l)}

∂W∗
k
2

]
v
}

< 0, (18)

H+ : Re

{
vH

[
∂2κ {Yk(l)}

∂W∗
k
2

]
v
}

� 0, (19)
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where H− corresponds to the Hessian matrix being negative definite and H+

represents the Hessian matrix being positive semi-definite. Hence, the defi-
niteness of the Hessian matrix is utilized in this paper to indicate whether a
maximum or a minimum is located. If the solution in a particular subband is
indicated to correspond to a path towards a minimum, the coefficient update
of that subband is halted until a path towards a maximum commences. The
modified filter coefficient update equation is now

Wk(l + 1) = Wk(l) −
{

∆k(l), if H−
0, if H+

, (20)

∆k(l) =
[
∂2κ {Yk(l)}

∂W∗
k
2

]−1
∂

∂W∗
k

(κ {Yk(l)}) . (21)

It must be stressed that this approach of halting the coefficient update does
in fact reduce the computational burden of the algorithm. Details on how to
assess the definiteness of the Hessian matrix are provided in Section 3.4.

3.1 Subband Gradient Estimate

The gradient of the subband kurtosis measure in (12) is evaluated as

∂

∂W∗
k

(κ {Yk(l)}) =
∂

∂W∗
k

 E
{
|Yk(l)|4

}
(∑K

k′=1 E
{
|Yk′(l)|2

})2

 ≈

≈ 2gk(l)(∑K
k′=1 E

{
|Yk′(l)|2

})3 Xk(l), (22)

where

gk(l) = |Yk(l)|2 Y ∗
k (l)

K∑
k′=1

E
{
|Yk′(l)|2

}
− Y ∗

k (l)E
{
|Yk(l)|4

}
. (23)

An approximation is employed from the first to the second line in the kurtosis
gradient (22). The approximation is common in deriving stochastic gradient
methods and constitutes replacing the gradient of an expectation with its
sample based approximation, i.e. ∂

∂W∗
k

(
E
{
|Yk(l)|4

})
is approximated by

∂
∂W∗

k

(
|Yk(l)|4

)
and ∂

∂W∗
k

(
E
{
|Yk(l)|2

})
is approximated by ∂

∂W∗
k

(
|Yk(l)|2

)
.
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3.2 Subband Hessian Matrix Estimate

The Hessian matrix is formulated by inserting the kurtosis gradient (22) into
(15) and invoking the previously introduced approximations, as

∂2κ {Yk(l)}
∂W∗

k
2 =

∂

∂W∗
k

 2g∗k(l)XH
k (l)(∑K

o=1 E
{
|Yo(l)|2

})2

 ≈

≈ 2hk(l)(∑K
o=1 E

{
|Yo(l)|2

})3 Xk(l)XH
k (l), (24)

where

hk(l) = 2 |Yk(l)|2
K∑

k′=1

E
{
|Yk′(l)|2

}
+ 3

|Yk(l)|2 E
{
|Yk(l)|4

}
∑K

k′=1 E
{
|Yk′(l)|2

} −

4 |Yk(l)|4 − E
{
|Yk(l)|4

}
. (25)

3.3 Coefficient Update Equation

The inverse of the Hessian matrix in (24) is required to form the Newton
coefficient update equation. However, it is clear that the inverse of the Hessian
matrix is undefined at this point, due to the single rank matrix Xk(l)XH

k (l).
Hence, the matrix Xk(l)XH

k (l) is instead updated recursively to form a full
rank matrix using an auto-regressive average according to

P−1
k (l) = λkP−1

k (l − 1) + Xk(l)XH
k (l), (26)

where λk is a positive constant representing a forgetting factor and P−1
k (l)

designates a data covariance matrix. Further, the inverse covariance matrix
Pk(l) is computed by utilizing the matrix inversion lemma [25] as

Pk(l) = λ−1
k Pk(l − 1) − λ−2

k Pk(l − 1)Xk(l)XH
k (l)Pk(l − 1)

1 + λ−1
k XH

k (l)Pk(l − 1)Xk(l)
. (27)

Inserting the recursive matrix inverse (27) into the inverse of the Hessian
matrix, yields

[
∂2κ {Yk(l)}

∂W∗
k
2

]−1

=

(∑K
o=1 E

{
|Yo(l)|2

})3

2hk(l)
Pk(l). (28)
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Now, the coefficient update equation (13) is expressed using (22) and (28) as

Wk(l + 1) = Wk(l) − gk(l)
hk(l)

Pk(l)Xk(l), (29)

where gk(l) is from (23) and hk(l) is from (25). All expectation operators
in the Newton coefficient update equation (29) are approximated by auto-
regressive averages in order to facilitate a realizable implementation, according
to

E {|Yk(l)|p} ≈ ap,k(l), (30)

where

ap,k(l) = αp,kap,k(l − 1) + (1 − αp,k) |Yk(l)|p . (31)

The positive constant αp,k is associated with the integration time of the auto-
regressive average ap,k(l) and p represents the exponent in |Yk(l)|p. The reason
for selecting auto-regressive averages in approximating expectation operators
resides in their relationship to actual integration times in seconds, see Ap-
pendix A. Hence, applying the approximation provided by the auto-regressive
averaging in (30) to (23) and (25) yields a modified coefficient update equation

Wk(l + 1) = Wk(l) − g̃k(l)

h̃k(l)
Pk(l)Xk(l), (32)

where

g̃k(l) = |Yk(l)|2 Y ∗
k (l)

K∑
k′=1

a2,k′(l) − Y ∗
k (l)a4,k(l), (33)

and

h̃k(l) = 2 |Yk(l)|2
K∑

k′=1

a2,k′(l) +
3 |Yk(l)|2 a4,k(l)∑K

k′=1 a2,k′(l)
− 4 |Yk(l)|4 − a4,k(l). (34)

The method is made further resilient to abrupt changes in the environment
by incorporating an auto-regressive smoothing of the coefficient update, i.e.

Wk(l + 1) = γkWk(l) − (1 − γk)
g̃k(l)

h̃k(l)
Pk(l)Xk(l), (35)
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where γk is a parameter controlling the time constant. The coefficients are
post normalized in order to avoid the trivial solution Wk = 0 as

W+
k = γkWk(l) − (1 − γk)

g̃k(l)

h̃k(l)
Pk(l)Xk(l), (36)

Wk(l + 1) =
W+

k∥∥W+
k

∥∥
2

, (37)

where ‖ ‖2 denotes the Euclidian norm.

3.4 Enforcing a Maximum Solution

Returning to the previously stated issue regarding the incapability of New-
ton’s method to distinguish a minimum from a maximum. To remedy this
issue, the definiteness of the Hessian matrix is utilized as an indicator for
activating/deactivating the subband specific coefficient update equation. The
definiteness of the Hessian matrix is, in this case, easy to compute while the
Hessian matrix is expressed in the form h̃k(l)P−1

k (l) (the always positive power
normalization factor is removed for the sake of clarity). Here, P−1

k (l) repre-
sents the data auto covariance matrix and is by definition positive definite.
Hence, whether the Hessian matrix is positive definite or negative definite
is indicated by the sign of the preceding function, h̃k(l). In other words, if
h̃k(l) < 0 the Hessian is negative definite and the solution corresponds to a
maximum. The two cases, H− and H+, outlined earlier in this section may
now be formalized according to

H− : h̃k(l) < 0, (38)

H+ : h̃k(l) � 0. (39)

The final version of the proposed subband beamforming method for recursive
kurtosis maximization is outlined in Table 2, where the indicator of definite-
ness is used as a switch for activating/deactivating the subband coefficient
update.

4 Non-blind Optimal Beamforming

An optimal Signal to Noise and Interference ratio Beamformer (SNIB) and
an optimal Wiener beamformer [5,7] are used as references in the evaluation.
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Initialization for each k ∈ [1, 2, . . . ,K]:

Wk(0) = (1, 0, . . . , 0)T
,

Pk(0) = σI, where σ is a small value,
a2,k(0) = 0,
a4,k(0) = 0.

Adaptation for each k ∈ [1, 2, . . . ,K] and for l = 1, 2, . . .:

Yk(l) = WH
k (l)Xk(l),

a2,k(l) = α2,ka2,k(l − 1) + (1 − α2,k) |Yk(l)|2 ,

a4,k(l) = α4,ka4,k(l − 1) + (1 − α4,k) |Yk(l)|4 ,

g̃k(l) = |Yk(l)|2 Y ∗
k (l)

K∑
k′=1

a2,k′(l) − Y ∗
k (l)a4,k(l),

h̃k(l) = 2 |Yk(l)|2
K∑

k′=1

a2,k′(l) +
3 |Yk(l)|2 a4,k(l)∑K

k′=1 a2,k′(l)
− 4 |Yk(l)|4 −

a4,k(l),

Pk(l) = λ−1
k Pk(l − 1) − λ−2

k Pk(l − 1)Xk(l)XH
k (l)Pk(l − 1)

1 + λ−1
k XH

k (l)Pk(l − 1)Xk(l)
.

If H− : h̃k(l) < 0

W+
k = γkWk(l) − (1 − γk)

g̃k(l)

h̃k(l)
Pk(l)Xk(l),

Wk(l + 1) =
W+

k∥∥W+
k

∥∥
2

.

If H+ : h̃k(l) � 0
Wk(l + 1) = Wk(l).

Table 2: Subband filter-and-sum beamformer for recursive kurtosis maximiza-
tion.
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The optimal beamformers are based on second order statistics, i.e. correlation
metrics. The speech and interfering noise at the receiving sensors for subband
k have the spatial auto covariance matrices R̂ss,k and R̂ii,k, respectively. The
speech auto covariance matrix is estimated offline in each subband for a signal
of length L when only speech is present as

R̂ss,k =
1
L

L−1∑
l=0

Xs,k(l)XH
s,k(l), (40)

where Xs,k(l) denotes the subband representation of the speech. Similarly,
when the speech is not present, the interfering noise auto covariance matrix
is estimated as

R̂ii,k =
1
L

L−1∑
l=0

Xi,k(l)XH
i,k(l), (41)

where Xi,k(l) corresponds to the subband representation of the interfering
noise.

4.1 The Optimal SNIR Beamformer

The optimal SNIR Beamformer (SNIB) maximizes the Signal to Noise and
Interference Ratio (SNIR) of each individual subband in the filter-and-sum
beamformer, see Section 2, according to

Wk,SNIB = arg max
Wk

{
WH

k R̂ss,kWk

WH
k R̂ii,kWk

}
, (42)

Qk,SNIB =
WH

k,SNIBR̂ss,kWk,SNIB

WH
k,SNIBR̂ii,kWk,SNIB

. (43)

The optimal set of filter coefficients Wk,SNIB corresponds to the eigenvector
associated with the dominant eigenvalue, Qk,SNIB , of a generalized eigenvalue
problem. The SNIB solution provides an upper limit in the measure of SNIR
for any linear filter-and-sum topology. Hence, the performance of an optimal
SNIB constitutes a natural benchmark for evaluation.

4.2 The Wiener Beamformer

The Wiener solution is an optimal linear estimator of a signal added with
noise in the least mean square sense. The optimal Wiener filter is readily
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computed as

Wk,Wiener =
(
R̂ss,k + R̂ii,k

)−1

r̂sd,k. (44)

When formulating the Wiener solution a reference is required in the cross
covariance vector, r̂sd,k. In this paper, the speech sensed at the first mi-
crophone acts as this reference. Consequently, the cross covariance vector
r̂sd,k corresponds to the first column of the speech auto covariance matrix,
R̂ss,k, [9].

5 Evaluation

This evaluation analyzes the performance of the proposed subband kurto-
sis maximization method. Various environmental conditions and parameter
settings are included in the evaluation.

This paper focuses on a plausible and applied method for blind speech
enhancement. With this in mind, it would be neither realistic nor fair to
express any parameter value without assigning it a physical quantity. While
all parameters used in the proposed method control the behavior of auto
regressive averages, the time constants (in seconds) associated with the auto
regressive averages are used to determine the parameter choices. A brief
analysis of how the integration time of an auto regressive average is coupled
to its parameters is provided in Appendix A, where the constant A is set to
0.95 (95 %) throughout this evaluation.

5.1 Evaluation Setup

For the sake of simplicity and convenience, a two-microphone configuration
is used in the evaluation according to Fig. 4 and is situated in a room of
size 2.5 × 3.5 × 2.5 m. However, it is expected that the performance would
improve considerably by increasing the number of microphones used. The
target speech source is situated at radius RD and angle θD, and an interferer
is located at radius RI and angle θI .

The desired source consists of male and female speech from the TIMIT
speech corpus. Sound from an Atlantic ferry engine constitutes interfering
noise. The two sources are measured on a real microphone array and combined
offline in the evaluation. This is done in order to be able to practically access
the evaluation measures.
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Figure 4: Two microphone setup for method evaluation.

5.2 Filterbank Configuration

A uniformly modulated filterbank is used in this paper. The number of sub-
bands is K = 128 and a two times oversampling is employed, i.e. the decima-
tion factor is D = K

2 . A Fast Fourier Transform (FFT) is used for efficient
computation of the Discrete Fourier Transform (DFT) while the number of
subbands is a potence of two, i.e. K = 27. Hamming windows of length
4K, i.e. with eight taps for each polyphase component, are used as prototype
filters both in the analysis and synthesis sections. No effort is made, in this
paper, to optimize the prototype filters for minimizing the introduced alias-
ing distortion. Instead, this contribution relies upon the twofold oversampling
which in itself reduces the aliasing distortion.

5.3 Performance Measures

The performance measures utilized in this paper are assessed after the method
has converged to a steady state. Then, snapshots of the beamformer filters
are taken and are used for filtering the input signals. A measure of the SNIR
improvement is employed. This measure quantifies the performance of the
proposed method to reject interference and noise combined with respect to
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the target speech. This measure is benchmarked to the SNIR performance of
the optimal SNIB and the Wiener solution in Section 4. Finally, a Normalized
Speech Distortion (NSD) quantity is used. The speech distortion measure
assesses the deviation of the speech spectrum sensed at the first microphone
relative to the speech spectrum of the processed output signal. This measure
is assessed on the clean speech signals when the interfering noise is absent.

According to (1), the signal perceived by the first microphone is modelled
as a sum of individual components as

x1(n) = s1(n) + i1(n). (45)

Similarly, the output signal constitutes individual parts related to the speech
ys(n) and interfering noise yi(n) according to

y(n) = ys(n) + yi(n). (46)

5.3.1 Signal to Noise and Interference Ratio Improvement

The SNIR improvement assesses the amount of interfering noise suppression
the method is capable of with respect to the target speech. The SNIR is nor-
malized by the SNIR at the first microphone (the SNIR at the first microphone
acts as a power reference) which is denoted CSNIR. The SNIR improvement
is computed as

QSNIR =

∫ +π

−π
P̂ys

(ω)dω

CSNIR

∫ +π

−π
P̂yi

(ω)dω
, (47)

where

CSNIR =

∫ +π

−π
P̂s1(ω)dω∫ +π

−π
P̂i1(ω)dω

. (48)

Here, P̂s1(ω), P̂i1(ω), P̂yi
(ω), and P̂ys

(ω) represent Power Spectral Density
(PSD) estimates of the speech and noise in the first microphone’s signal and
the enhanced speech and suppressed noise of the output signal, respectively.
The SNIR improvement of the proposed method should preferably match that
of the optimal SNIB, which represents an upper bound of achievable SNIR.
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5.3.2 Normalized Speech Distortion

The NSD is defined as the spectral deviation in power of the clean speech in
the first microphone’s signal and the processed speech signal at the output.
To establish a power reference level, the enhanced output signal is normalized
by the target speech signal gain of the beamforming structure. The power
normalization constant Cd is computed as

Cd =

∫ +π

−π
P̂s1(ω)dω∫ +π

−π
P̂ys

(ω)dω
. (49)

The normalized speech distortion is computed as

QNSD =
∫ +π

−π

∣∣∣CdP̂ys
(ω) − P̂s1(ω)

∣∣∣ dω. (50)

The NSD should preferably be small.

5.3.3 Spectral Estimation

The PSD’s of the various signal parts are estimated on the fullband signals
after recomposition using the synthesis filter bank. Hence, effects due to filter
bank decomposition are included in the distortion measures. The FFT-based
Welch Periodogram is utilized with a block size of 256 samples, using the
Hanning window and 128 samples (50 %) overlap between consecutive blocks.

5.4 Parameters’ Impact on Performance

The recursive kurtosis maximization method provided in this contribution
is in essence controlled by two sets of parameters; optimization factors and
structural parameters. The optimization factors stem from the selected op-
timization method and the implementation thereof, i.e. Newton’s method,
and include the forgetting factor λk and the smoothing factor γk. Struc-
tural parameters originate from the approximations introduced in the method
derivation and include the parameters α2,k and α4,k. Associated with these
parameters are their time constants which are denoted Tλ,k, Tγ,k, T2,k, and
T4,k. An analysis is conducted in this section to establish how these parame-
ters impact on performance.

The interfering SIR is set to 0 dB during the evaluation. The speech
source and the interfering source are located 0.5 m from the array center,
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i.e. RD = RI = 0.5 m, and at various combinations of directions θD, θI ∈
{0o, 22.5o, 45o, 67.5o, 90o} with θD �= θI , in total 20 combinations. At the end,
the outcomes from all 20 combinations of directions are averaged.

5.4.1 Optimization factors’ Impact on Performance

At this initial analysis, the time constants T2,k and T4,k associated with the
structural parameters α2,k and α4,k are T2,k = 0.010 s and T4,k = 0.125 s, re-
spectively. The time constants associated with the tested optimization factors
λk and γk are denoted Tλ,k and Tγ,k, respectively. Table 3 presents the result-
ing SNIR improvement and normalized speech distortion. It is preferable to
have as high interference suppression and as low speech distortion as possible.
From this analysis it is evident that the time constant associated with the
forgetting factor plays a vital role in the method performance. The analysis
indicates that the normalized speech distortion is reduced as the time con-
stants increase, which coincides with a reduced adaptation speed. However,
longer time constants also result in reduced SNIR improvement.

5.4.2 Structural Parameters’ Impact on Performance

This section evaluates the impact of the parameters α2,k and α4,k on perfor-
mance. Associated with these parameters are their respective time constants
T2,k and T4,k. Results from previous analysis are utilized where the time con-
stants of the forgetting factor and the smoothing factor are Tλ,k = 0.1 s and
Tγ,k = 3 s, respectively. Table 4 presents the resulting SNIR improvement
and normalized speech distortion. These results point out that the method
parameters, α2,k and α4,k, have some impact on performance. However, the
structural parameters appear to be less influential upon performance than the
optimization factors, λk and γk.

5.5 The SIR Level’s Influence on Performance

This section tests how various levels of SIR influence the performance of the
proposed kurtosis maximization method based on equations (10), (11), and
(12). The performance is benchmarked to the optimal beamformers of Sec-
tion 4. During this part of the evaluation, the optimization factors and pa-
rameters are assigned values according to previous results. The time constants
of the forgetting factor and the smoothing factor are set to Tλ,k = 0.1 s and
Tγ,k = 3 s, and the time constants associated with the method parameters
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Input SIR = 0 dB
SNIR Improvement NSD

[dB] [dB]
Wiener 14.87 -16.78
SNIB 48.22 -7.16
Tγ,k [s] Tλ,k = 0.1 s

0.1 14.19 -9.18
0.7 13.82 -8.98
3.0 14.53 -8.87

Tγ,k [s] Tλ,k = 0.7 s
0.1 14.84 -8.96
0.7 16.30 -8.45
3.0 11.07 -9.17

Tγ,k [s] Tλ,k = 3.0 s
0.1 16.36 -8.20
0.7 9.51 -9.51
3.0 6.63 -11.70

Table 3: Impact of the time constants Tλ,k and Tγ,k associated with forgetting
factor λk and smoothing factor γk on performance measures; Signal to Noise
and Interference Ratio (SNIR) improvement and normalized speech distortion
(NSD). An optimal Wiener beamformer and an optimal SNIR Beamformer
(SNIB) are provided as references.
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Input SIR = 0 dB
SNIR Improvement NSD

[dB] [dB]
Wiener 14.87 -16.78
SNIB 48.22 -7.16
T4,k [s] T2,k = 0.01 s

0.01 14.31 -8.37
0.125 16.04 -8.50
0.65 14.53 -8.87

T4,k [s] T2,k = 0.125 s
0.01 11.59 -8.64
0.125 14.24 -8.72
0.65 13.48 -8.86

T4,k [s] T2,k = 0.65 s
0.01 9.11 -8.73
0.125 11.42 -8.64
0.65 12.97 -8.84

Table 4: Impact of the time constants T2,k and T4,k associated with respective
structural parameters α2,k and α4,k on performance measures; Signal to Noise
and Interference Ratio (SNIR) improvement and normalized speech distortion
(NSD). An optimal Wiener beamformer and an optimal SNIR Beamformer
(SNIB) are provided as references.
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SNIR Improvement [dB]
Input SIR [dB] → -20 -7 7 20

SNIB 48.22 48.22 48.22 48.22
Eq. 10 12.71 10.91 7.83 4.10
Eq. 11 15.20 14.95 10.84 4.99
Eq. 12 19.28 17.40 12.88 5.76
Wiener 29.61 18.90 11.36 4.19

Normalized Speech Distortion [dB]
Input SIR [dB] → -20 -7 7 20

SNIB -7.16 -7.16 -7.16 -7.16
Eq. 10 -9.75 -9.76 -10.08 -10.21
Eq. 11 -9.20 -9.45 -9.17 -9.35
Eq. 12 -8.74 -8.46 -8.39 -8.72
Wiener -11.19 -13.86 -20.60 -27.87

Table 5: Analysis of how various levels of input Signal to Interference Ra-
tio (SIR) influence the Signal to Noise and Interference Ratio improvement
(SNIR) and normalized speech distortion. The proposed method is based on
equations (10), (11), and (12). An optimal SNIR Beamformer (SNIB) and
an optimal Wiener beamformer are provided as reference.

are selected as T2,k = 0.01 s and T4,k = 0.125 s. The desired speech source is
situated at a distance of RD = 0.5 m from the array center and at an angle
of θD = 22.5o. The interfering noise source is located at distance RI = 0.5 m
and angle θI = 67.5o.

The resulting SNIR improvement and normalized speech distortion mea-
sure are evaluated in Table. 5. For some values of SIR the performance of
the proposed method exceeds that of the optimal Wiener beamformer. In all
cases, the distortion introduced is lower than that of the optimal SNIR beam-
former. It must be stressed that the optimal beamformers are offline methods
whose beamformer filters are computed analytically using a priori knowledge
and not adaptively derived as in the proposed method. It may also be noted
that the proposed equation (12) provides the highest SNIR improvement when
compared to (10) and (11), with low excess speech distortion.
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SNIR Improvement [dB]
Input SIR [dB] → -20 -7 7 20

Wiener 29.61 18.90 11.36 4.19
Eq. 12 19.28 17.40 12.88 5.76

Eq. 12 (naive) 13.74 10.94 6.49 1.46
Normalized Speech Distortion [dB]

Input SIR [dB] → -20 -7 7 20
Wiener -11.19 -13.86 -20.60 -27.87
Eq. 12 -8.74 -8.46 -8.39 -8.72

Eq. 12 (naive) -9.52 -8.97 -8.79 -8.75

Table 6: Comparison of the proposed approach using (12) where the defi-
niteness of the Hessian matrix is considered versus a naive approach which
always assumes negative definiteness of the Hessian matrix on Signal to Noise
and Interference Ratio (SNIR) improvement and normalized speech distortion.
The input Signal to Interference Ratio (SIR) is varied. An optimal Wiener
beamformer is provided as a reference.

5.6 The Performance of a Naive Approach

An extension to Newton’s method is presented in this paper to avoid the risk
of converging to any minima. The impact of this introduced modification on
performance is evaluated in this section. The proposed method is compared
to a ”naive” variant where the beamformer filter update is not halted, i.e.
this corresponds to an assumption that the Hessian matrix is always negative
definite. The results of the analysis are provided in Table 6. It is evident that
the performance of a naive utilization of Newton’s method for subband kur-
tosis maximization is worse than that of the proposed modified approach. It
should also be noted that, not only does the introduced modification increase
performance, it also reduces the computational load of the algorithm.

6 Conclusions

This contribution proposes a method for blind beamforming in subband speech
enhancement. The method is based on recursive maximization of normalized
kurtosis in the subband domain. A comprehensive evaluation is provided in
which the influence of various structural parameters and environmental factors
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on the performance are analyzed. The results from the analysis point out
that the parameters have a large influence on performance. Parameters that
control the kurtosis cost function (i.e. α2,k and α4,k) are shown to be of less
significance to performance in relation to optimization parameters originating
from the selected optimization structure (i.e. λk and γk).

The evaluation shows that the proposed method does, in some cases, out-
perform the optimal Wiener beamformer with respect to Signal to Noise and
Interference (SNIR) improvement. In all cases, the proposed method intro-
duces less speech distortion than the optimal SNIR beamformer. It must be
stressed that the filters of the optimal beamformers are analytically computed
and not adaptively derived, as in the proposed method. A modification to the
selected optimization method, i.e. Newton’s method, is shown to increase the
SNIR improvement by up to 6 dB. In effect, the introduced modification does
not only increase interference suppression, it also reduces the computational
load of the algorithm. Subjective listening tests provide evidence that the
proposed implementation produces the performance required for a range of
applications for speech enhancement.

This paper acts as an initiative towards a robust and reliant structure
for blind speech enhancement. By providing a framework based on filter
bank technology and a high resolution optimization method, this contribution
broadens the field for further research.

A On Auto-regressive Averaging

This section presents a short analysis of how parameters of a first order Auto-
Regressive (AR) average may be selected such that a desired integration time
is obtained. Starting by defining a first order AR low pass filter acting upon
an input signal x(n) producing an output signal y(n) as

y(n) = αy(n − 1) + βx(n), (51)

where the parameter 0 � α < 1 characterizes the AR-filter by controlling the
integration time and β is a scaling factor. The transfer function (where we
assume zero initial conditions, i.e. y(n) = 0 and x(n) = 0 for n < 0) and the
corresponding impulse response function of this AR-filter is

H(z) =
β

1 − αz−1
, (52)

h(n) = βαnu(n). (53)
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Heaviside’s step function is designated by u(n). Denoting the desired inte-
gration time in samples by N , it defines the sample index in which a certain
amount A ∈ [0, 1] of the power in the impulse response function is met, ac-
cording to

+N∑
n=−∞

|h(n)|2 = A

+∞∑
k=−∞

|h(k)|2 . (54)

There exists a parameter α that balances the above equation and this param-
eter is solved for, as

β2

1 − α2

(
1 − α2(N+1)

)
= A

β2

1 − α2
, (55)

α = (1 − A)
1

2(N+1) . (56)

The integration time may also be expressed in seconds by utilizing the rela-
tionship N = FST where FS denotes the sampling frequency in Hz, and T
the integration time in seconds, according to

α = (1 − A)
1

2(FST+1) . (57)

The following observations are made: An approximation to (57) which pro-
duces small errors for T � 1

FS
is α = 1

FST . Furthermore, if the AR-filter is
applied to a decimated signal the sampling frequency must be scaled to match
that of the decimated signal. I.e. if the decimation factor is D the decimated
sample rate FS

D should be used instead.
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Blind Beamforming Using Parallel
Single-channel Speech Enhancers

Benny Sällberg, Nedelko Grbić and Ingvar Claesson

Abstract

This paper presents an idea concerned with the extension of a cer-
tain class of single channel speech enhancement algorithms to include
the spatial domain. The resulting blind beamformer does not rely on
a-priori knowledge of source and sensor positions and it enhances one or
more speech sources based only on received data. This approach is based
on the fact that speech signals are short time stationary. Provided that
the single channel speech enhancers attenuate unwanted sources and
whilst simultaneously preserving the short time stationarity of speech
signals, a summation of a small array of such single channel processors
constitutes a coherent spatial speech enhancement. As opposed to tra-
ditional beamforming (whereby phase alteration is pre-specified), the
phase alteration of the proposed structure is controlled by the received
data. Using a two microphone array, the evaluation indicates that the
proposed method increases the signal to interference ratio for a variety
of source positions, with only an insignificant decrease in speech quality.

Keywords - Blind Speech Enhancement, Adaptive Gain Equalizer,
Beamforming.

1 Introduction

Methods for blind speech enhancement can be separated into two dominant
groups; Single channel methods and multiple channel methods. The ideas
underlying these two method groups are somewhat different: whereas single
channel methods operate in the time-frequency domain (e.q. [1, 2]), multiple
channel techniques also consider the spatial domain (e.g. [3]). The lack of
spatial diversity in the single channel techniques make them, in some cases,
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unsuitable. This contribution investigates the beamforming capabilities when
using a set of single channel blind speech enhancers in parallel, forming a
multiple channel blind speech enhancer. The key feature of the proposed
structure is that the phase alteration is controlled by the received data. This
technique is different from traditional beamforming which uses pre-specified
phase alterations. Two versions of the proposed structure are evaluated and
compared to a single channel method. The evaluation assesses the Signal
to Inference Ratio (SIR) enhancement and speech quality using the Percep-
tual Evaluation of Speech Quality (PESQ) measure from the International
Telecommunication Union [4].

The outline of this paper is as follows; a single channel speech enhancer
is formulated in Section 2. Blind beamforming using several single channel
methods is presented in Section 3. The setup for evaluating the proposed
structures is presented in Section 4 and performance measures are introduced
in Section 5. Measured results are presented in Section 6. A short summary
and conclusions are given in Section 7.

2 Single Channel Speech Enhancement

In this paper the Adaptive Gain Equalizer (AGE) [5] is used for blind speech
enhancement. The AGE is selected mainly due to its simplicity and good
performance. Further, its robustness and scalability and the fact that it does
not require supplementary structures like Voice Activity Detectors (VAD)
make the AGE a suitable method for speech enhancement. The AGE has also
been shown to fit in a variety of implementations [6, 7]. The input-output
signal assembly of the AGE is presented in Fig. 1.

2.1 AGE Input-Output Signal Assembly

The signal received at a single channel sensor is modelled as

x(n) = s(n) + v(n), (1)

where s(n) denotes the speech component and v(n) denotes the noise compo-
nent. A filter bank is used to transform the input signal into time-frequency
domain, according to

xk(n) = hk(n) ∗ x(n), (2)
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Figure 1: The Adaptive Gain Equalizer for blind speech enhancement.

where k ∈ [1, 2, . . . ,K] designates the subband index, hk(n) is the subband
selective filter and ∗ denotes convolution. It should be noted that a more
efficient filter bank would also employ decimation of the subband signals and
incorporate a synthesis filter bank [8]. However, for the sake of readability,
a decimation scheme is not used here. A nonlinear gain function Gk(n) is
employed in the AGE. The gain function utilizes two exponential averages to
track bursts of speech, Ak(n), and the background noise level, Ak(n). The
adaptive gain function is formulated as

Ak(n) = (1 − αk)Ak(n − 1) + αk|xk(n)|, (3)
P k(n) = (1 − βk)Ak(n − 1) + βk|xk(n)|, (4)

Ak(n) =
{

P k(n), if P k(n) � Ak(n)
Ak(n), if P k(n) > Ak(n) , (5)

Gk(n) = min

(
Ak(n)
Ak(n)

, Lk

)
. (6)

The variable P k(n) is a prototype variable for temporary use, αk and βk

are time constants controlling the integration time of the two averages. The
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function min (a, b) gives the minimum value of the two parameters a and b.
The upper gain function limit Lk in combination with (5) makes the effective
range of the gain function to become 1 � Gk(n) � Lk for ∀n, k. Thus, the
AGE focuses on boosting speech rather than suppression of noise. The output
of the AGE method is the weighted combination of all subband signals, i.e.

y(n) =
K∑

k=1

Gk(n)xk(n). (7)

3 Blind Beamforming

The proposed approach uses several single channel speech enhancers coupled
in parallel to create a blind beamforming system. Three cases are presented:

• CASE I: A blind speech enhancer is attached to a single microphone.
This corresponds to the single channel method described in Section 2
and is provided as a reference.

• CASE II: A fixed beamforming is carried out prior to the individ-
ual speech enhancers. The beamforming matrix is denoted U and
the input to the speech enhancers are x′(n) = Ux(n) where x(n) =
(x1(n), . . . , xM (n))T . The output of all speech enhancers are combined
in the total output, see Fig. 2.

• CASE III: A speech enhancer is attached directly to each input signal.
The outputs of all speech enhancers are combined in the total output,
see Fig. 3.

4 Evaluation Setup

A two channel implementation of the Case II and Case III approaches de-
scribed in Section 3 are compared to a single channel AGE, i.e. Case I. The
test signals are recorded in a high-reverberant office room of size 2×4×2.5 m
where loudspeakers represent the speaker and the interference, respectively. A
sampling frequency of 8 kHz is used while it corresponds to standard telephone
bandwidth.
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Figure 2: An M -channel speech enhancement system according to the Case II
approach, here U denotes a beamforming matrix.

� � � � � �

� � � � � � � �

� � � � � �

� � � � � � � �

� � � � � �

� � � � � � � �

( " % � &

( # % � &

( � % � &

- " % � &

- # % � &

- � % � &

- % � &

Figure 3: An M -channel speech enhancement system according to the Case
III approach.
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Figure 4: The points pS1 through pS5 denote possible speaker and interference
positions. The microphone positions are designated by pM1 and pM2.

4.1 Microphone and Source Positions

In the first part of the evaluation, only one speaker and one interference is
present at each time. Two loudspeakers represent the speaker and interfer-
ence, respectively, and five different loudspeaker positions are considered here.
The setup is presented in Fig. 4, where −→pS1 to −→pS5 denotes possible loudspeaker
positions and −−→pM1, −−→pM2 designates the positions of the two microphones. The
source and interference positions are −→pSi : (cos(2π(i− 1)/5), sin(2π(i− 1)/5))
m, for i = {1, 2, 3, 4, 5}. The two microphones are situated 6 cm apart at
positions −−→pM1 : (−0.03, 0.00) m and −−→pM2 : (+0.03, 0.00) m, respectively.

4.2 Test Signals

The speech signals used are two male and two female speakers from the TIMIT
database concatenated into one sequence with half a second of separating
silence. The noise is white Gaussian with zero mean. Three different Signal
to Interference Ratios (SIR) are used in the evaluation corresponding to low,
medium and high SIR according to SIR = {5dB, 15dB, 25dB}.

4.3 Speech Enhancer Settings

The time constant of the speech tracking average is set to 50 ms and the
background noise tracking average time constant to 3 s. The maximal amount
of speech enhancement was set to Lk = 1015/20 to put a constraint on the
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maximum amount of artifacts introduced by the speech enhancer itself. Other
recommended AGE settings can be found in [5]. This setting was used for all
speech enhancers independently of configuration, i.e. CASE I, CASE II and
Case III.

4.4 Case II Beamforming Matrix

The beamforming matrix U in the Case II setup is set to

U =
(

1 1
1 −1

)
, (8)

which forms two beams; A spatial low pass filter and an orthogonal spatial
high pass filter. The sum of the two beamformers gives a spatial all-pass
characteristic.

5 Performance Measures

Assessing the performance of speech enhancement algorithms is not a straight-
forward task. The measure should cover various aspects, such as the amount
of actual noise reduction, as well as including the quality of speech. It is hard
to find one measure that covers all desired performance aspects and two mea-
sures are used herein, motivated by [9, 10]. The first measure is the classical
objective Signal to Interference Ratio (SIR), or rather a normalized version
thereof where the SIR after enhancement is normalized with the SIR before
enhancement. The second measure is the Perceptual Evaluation of Speech
Quality from ITU-T (PESQ) [4]. The PESQ is also an objective measure but
is based on cognitive models of the human hearing organ to form pseudo-
subjective scores and it has high correlation with real subjective tests.

5.1 Differential SIR

The output of the speech enhancement structure is segregable into two com-
ponents as

y(n) = ys(n) + yv(n), (9)

where ys(n) includes enhanced components of speech and yv(n) includes com-
ponents of noise and are both of length N . The differential SIR, ∆SIR,
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Figure 5: Setup for evaluating a system with environmental noise using the
ITU-T PESQ P.862 measure.

is defined as the ratio of speech and noise in the signal before (the average
SIR perceived by the set of microphones) and after the speech enhancement,
according to

SIRbefore =
1
M

M−1∑
m=0

V̂ ar{sm}
V̂ ar{vm}

, (10)

SIRafter =
V̂ ar{ys}
V̂ ar{yv}

, (11)

∆SIR =
SIRafter

SIRbefore
. (12)

Here, V̂ ar{ } is an estimator of variance, i.e.

V̂ ar{x} =
1
N

N−1∑
n=0

|x(n) − mx|2 , (13)

mx =
1
N

N−1∑
n=0

x(n). (14)

5.2 Differential PESQ

According to the ITU-T recommendation P.862 [4], it is possible to evaluate
the speech performance using PESQ even for signals with noise. However,
the reference signal must be clean. The setup for evaluating a system with
environmental noise using the PESQ P.862 standard is presented in Fig. 5.
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The PESQ of Case I is used as a reference to form a differential PESQ for
Case II and Case III, i.e.

∆PESQX = PESQX − PESQI . (15)

6 Measurement Results

The following measured results are obtained by using the evaluation setup
presented in Section 4 and the performance measures differential SIR and
differential PESQ presented in Section 5.

6.1 Differential SIR

Differential SIR measures are plotted as a function of different speaker and
interference positions for three input SIR levels in Fig. 6. This analysis in-
dicates that we have approximately the same level of speech enhancement
in the Case II as in the Case I approach. The Case III approach yields an
overall gain of approximately 2 dB SIR enhancement compared to the single
microphone approach in Case I.

6.2 Differential PESQ

Measures from the PESQ analysis are presented in Fig. 7. The results indi-
cate that the maximal PESQ MOS deviation never exceeds ±0.15 MOS when
comparing the Case II to Case I, and Case III to Case I. This, in turn, high-
lights that the speech distortion is minimal when introducing the proposed
approaches (Case II and Case III), compared to the Case I approach.

6.3 Several Sources

An experiment with several sources (two speakers at positions −→pS2, −→pS3 and
one interference at position −→pS5) is evaluated using the differential SIR and
differential PESQ. Measurements show that the differential SIR enhancement
was approximately 1.5 dB per speaker with insignificant PESQ degradation
for the Case III approach. The structure in Case II does not show any increase
in SIR enhancement, consistent with previous results.
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Figure 6: Differential SIR enhancement for Case I (stars), Case II (circles)
and Case III (boxes) as a function of different speaker and interference posi-
tions when the input SIR is 5 dB (upper plot), 15 dB (mid plot), and 25 dB
(lower plot).
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7 Summary and Conclusions

This paper presents an alternative approach to classical beamforming. Spatial
diversity is achieved by using several single channel speech enhancers coupled
in parallel. As opposed to classical beamforming where the phase alteration
is pre-specified, the structure provided in this paper alters the phase based
on the received data. Two different approaches are evaluated; one with a
preprocessing fixed beamformer and one with a direct summation of the out-
puts of the single channel processors. While the first structure fails to provide
a significant increase in performance, the other proposed structure provides
approximately 2 dB of SIR improvement, with only an insignificant decrease
in speech quality, i.e. the PESQ measure, at all evaluated source positions.

The two sources evaluation in Section 6.3 indicates that the structure in
Case III is not only capable of blindly enhancing a single source but also two
sources simultaneously.

References

[1] S. F. Boll. Suppression of acoustic noise in speech using spectral sub-
traction. IEEE Trans. Acoust. Speech and Sig. Proc., ASSP-27:113–120,
1979.

[2] Y. Ephraim and D. Malah. Speech enhancement using a minimum
mean-square error short-time spectral amplitude estimator. IEEE Trans.
Acoust. Speech and Sig. Proc., ASSP-32:1109–1121, 1984.

[3] W. Kellerman. A self-steering digital microphone array. IEEE ICASSP,
5:3581–3584, 1991.

[4] ITU-T. Perceptual evaluation of speech quality (PESQ): An objective
method for end-to-end speech quality assessment of narrow-band tele-
phone networks and speech codecs, p.862 edition.

[5] N. Westerlund, M. Dahl, and I. Claesson. Speech enhancement for per-
sonal communication using an adaptive gain equalizer. Elsevier Signal
Processing, 85(6):1089–1101, 2005.
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Implementation Aspects of the
Adaptive Gain Equalizer

Benny Sällberg, Nedelko Grbić and Ingvar Claesson

Abstract

The quality of speech, or important speech parameters such as the
intelligibility, clearness or naturalness of speech, can be emphasized by
signal processing. Such processing for improving speech quality can be
found in telecommunication applications, e.g. mobile telephony, inter-
net telephony or personal intercom. Blind methods are preferable over
conventional because they do not require calibration schemes and are in-
dependent of environmental variations. By careful selection of hardware
domain for realization, i.e. digital, analog, or hybrid, implementation-
specific benefits can be utilized to increase the speech quality or perfor-
mance. This report stresses some implementation aspects when imple-
menting a blind method for speech enhancement in digital, analog, and
hybrid digital-analog hardware.
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1 Introduction

The objective of speech signal processing is to improve the overall quality, or
selected qualitative measures, of speech. A typical application is in telecom-
munication, where the perception of a human speech communication can be
improved by speech signal processing, see Fig. 1. The spectral subtraction
method is a classic example of an algorithm for increasing the speech Signal
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Figure 1: Human speech communication over a radio link.

to Noise Ratio (SNR) by reducing the level of interfering noise [1,2]. Digital or
analog hardware can be used for realizing speech enhancement algorithms [3].
Some specific algorithms are also suitable for a hybrid (mix between analog
and digital) domain implementation [4]. The choice of implementation domain
and the specific characteristics thereof may be intentionally utilized to increase
the overall performance and efficiency. In this context, performance implies
not only implementation specific performance, e.g. power consumption, but
also qualitative speech performance, e.g. naturalness or intelligibility [5, 6].
However, the choice of implementation domain may lead to restrictions on the
signal processing algorithm.

This report discusses selected advantages (and disadvantages) when imple-
menting a robust, low-complexity speech enhancement algorithm (see [7–10])
in various hardware domains. The report reflects experience gained by the
authors during the implementations and is a collection and extension of ma-
terial provided in [11–13].

The outline of this report is as follows:

Chapter 2 A general discussion of implementation aspects is provided in this
chapter. The discussion puts emphasis on speech enhancement related
issues.

Chapter 3 A speech enhancer is employed for implementation in various
domains. The Adaptive Gain Equalizer (AGE) is the selected speech
enhancer and is outlined in this chapter, in its original digital form.
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Chapter 4 Aspects of implementing the AGE in the digital, analog, and
hybrid analog-digital domain are presented in this chapter.

Chapter 5 This chapter acts as a proof of concept, where the conducted
evaluation indicates that the AGE carries the robustness and flexibility
required for implementation in various domains.

Chapter 6 A short summary and some conclusions drawn from the work
collected in this report is presented in this chapter.

2 A General Discussion of Implementation As-
pects

Two major design approaches exist for the implementation of an algorithm
in hardware; A speech enhancement algorithm is given with the objective to
implement it in a specific domain. Alternatively, the implementation domain
is outlined in advance and the objective is to find a speech enhancement algo-
rithm that fits the given constraints. Independent of approach, the solution
must consider the requirements of the selected speech enhancement algorithm
with respect to the hardware, e.g. constraints on signal delay, speech signal
quality and real time performance.

Digital and analog hardware implementations of speech enhancement meth-
ods exhibit both advantages and disadvantages. With a hybrid solution main
benefits of the two domains may be utilized, while drawbacks can be circum-
vented to some extent. This section provides a general discussion regarding
some aspects of implementing speech enhancement structures in hardware.
The underlying configuration for the various domains is illustrated in Fig. 2.

2.1 The Digital Domain

Digital domain refers to the use of digital processors or embedded systems,
such as Digital Signal Processors (DSP), Micro Controllers (µC) or digital Ap-
plication Specific Integrated Circuits (ASIC). The requirement for an Analog
to Digital Converter (ADC) and Digital to Analog Converter (DAC) is com-
mon to any digital solution interfacing with the real world. This requirement
is due to the sampling process, see Fig. 2 a.
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Figure 2: Implementation of a Speech Enhancer (SE) in the digital domain
(a), the analog domain (b), and the hybrid domain (c). Analog-to-Digital
Conversion (ADC) and Digital-to-Analog Conversion (DAC) includes anti-
alias and reconstruction filtering. The signal x(t) include speech and noise,
and y(t) contains enhanced speech.

2.1.1 Advantages

The main advantage of digital solutions is their high degree of software config-
urability for programmable units. The implementation problem is normally
well defined in the digital domain. Digital implementations may also be easily
adjusted to fit the specific environment or given hardware capabilities. Math-
ematically advanced and complex algorithms and structures can be realized
within a digital processor. A digital solution can most often also perform sev-
eral consecutive tasks, sometimes even in parallel, e.g. both noise reduction
and speech coding. The possibility to implement filters with a linear phase
property is a vital advantage of the digital domain.

2.1.2 Disadvantages

When digital solutions are designed, some disadvantages of digital domain
implementation need to be taken into account. For example, algorithms can
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be limited by processor clock rate (for synchronous systems), word length,
type and number of on chip peripherals. In the worst case scenario, the
computational load is too high and introduces timing problems resulting in
poor speech quality. Limitations in word length can introduce errors if not
considered in the design phase. For example, there is a significant differ-
ence in short-multiplications (16 bit) and long multiplications (32 bit). The
differences in fixed point and floating point arithmetic also require special
attention. The sampling process in digital solutions requires good dynamic
range utilization, e.g. additional circuitry such as expanders or automatic
gain control units may be employed. A poor dynamic range utilization may
lead to inadequate speech quality. Digital solutions often introduce delays
in the signal path due to analog anti-alias filtering in the sampling process,
Analog to Digital Converter (ADC) schemes such as sigma delta may also
contribute negatively to the overall signal delay. Another factor included in
digital domain disadvantages is clock system power consumption. Up to one
third of the total power dissipation of digital circuitry relies on the power
consumption of the clocking network [14].

2.2 The Analog Domain

Analog solutions utilize passive components or discrete semi-conductors, e.g.
resistors, capacitors, inductors, transistors and diodes, to perform specific
tasks. However, operational amplifiers and multipliers/dividers may be em-
ployed to implement more sophisticated methods. Analog solutions do not
require signal sampling and operate directly on the received analog signals,
see Fig. 2 b.

2.2.1 Advantages

Similar to the digital domain, the analog domain has some key features worth
mentioning. Data in an analog solution is not quantized, and often it is less
restricted in bandwidth compared to a digital solution. For a speech signal
processing application, the high bandwidth and lack of quantization of data
may lead to very high quality of speech. The implementation is not restricted
by clock rates or word length related issues, since the ”operations” are per-
formed in continuous time. Due to the continuous time signal processing, the
group delay introduced by the analog domain is likely to be extremely short
as opposed to corresponding digital structures. It is also likely that an analog
solution is more power efficient than a corresponding digital solution while it
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does not in general require an inefficient clocking network.

2.2.2 Disadvantages

A set of bottlenecks inhibit the usability of analog solutions for signal pro-
cessing implementations. Some mathematical operations can be hard to im-
plement using pure analog hardware. Workarounds may include inexact ap-
proximations which introduce errors, e.g. bias, offset etcetera. Nonlinear
phenomena are reoccurring in analog solutions which can make complex im-
plementations hard to predict and to simulate, e.g. diodes and transistors
are nonlinear by nature. The implementation problem is harder to define in
comparison to digital solutions, while voltages in analog solutions are contin-
uous and bound mainly by the supply voltages. Analog solutions may also be
sensitive to variations in component values, and component ageing, leading
to unpredictable results if neglected. In all, the implementation of an analog
solution often requires significant engineering skills and hands-on experience.

2.3 The Hybrid Domain

By definition, a solution in the hybrid domain incorporates a mixture of digi-
tal and analog hardware. Key features of the two domains should be utilized
in the design of hybrid solutions, whilst trying to eliminate the drawbacks of
each domain. An advanced algorithm may, for example, be split into several
parts in a hybrid solution, e.g. by putting computationally immense tasks in
the digital domain and simpler tasks in the analog domain. For speech signal
processing applications one could put the control logic in digital hardware and
the actual signal processing in analog hardware, see Fig. 2 c. To illustrate the
outstanding performance achievements in hybrid solutions: When speech is
not present, the control logic can be put in sleep mode (low power consump-
tion) to conserve energy. In a hybrid approach, the overall solution is likely
to be highly robust, while the two domains (analog and digital) may comple-
ment each other. For example, even though digital control logic is suffering
from dynamic range related issues, the actual analog signal processing is still
producing high fidelity speech. However, designing a hybrid system requires
special attention to ensure that analog and digital sections do not interfere
with each other. Digital interference in analog audio signals may contribute
negatively to the overall quality of speech. Utilization of separate ground
planes and separate power supply lines for digital and analog hardware is a
rule of thumb to achieve high fidelity speech quality.
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3 A Speech Enhancer

The Adaptive Gain Equalizer (AGE) has been shown to be a highly effective
method for the enhancement of speech [7–10]. Low complexity and high flexi-
bility makes the method suitable for a wide range of implementations [11–13].
Furthermore, the AGE is scalable and does not require a Voice Activity De-
tector (VAD), as opposed to similar methods such as the spectral subtraction
method. Here, the scalability of the AGE implies that the underlying struc-
ture is the same, independent of the number of subbands.

3.1 The Adaptive Gain Equalizer

The AGE may be viewed as an intelligent volume control, in which the vol-
ume is rapidly boosted when speech is present. Hence, the method focuses
on boosting speech rather than on suppression of noise. One fundamental
assumption constitutes the foundation of the AGE, namely; the stationarity
time for speech is significantly lower than that of the interfering noise [15]. The
method has been verified using traditional DSP technology [8], a mixed sig-
nal processor, analog hardware [11], and hybrid analog-digital hardware [12].
However, the original formulation of the AGE is in the digital domain.

3.1.1 Input-Output Signal Assembly

An analysis filter bank is employed for division of the input signal, x(n), into
frequency selective subbands, xk(n). Each input subband signal is weighted
by a gain function, Gk(n). Finally, all weighted subband signals are combined
to form the total output, y(n), according to

xk(n) = hk ∗ x(n), (1)

y(n) =
K∑

k=1

Gk(n)xk(n). (2)

Here, hk(n) designates the impulse response of the subband selective filter
of the analysis filter bank, k ∈ [1,K] is the subband index and ∗ denotes
convolution. The input-output signal assembly of the AGE is illustrated in
Fig. 3, where the block for calculating a subband specific gain function is
denoted a kernel (KERNELk for the kth subband).
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Figure 3: Digital domain Adaptive Gain Equalizer (AGE). Each KERNELk

computes a subband-specific gain function.
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3.1.2 A Kernel for Computing a Gain Function

Each kernel employs two measures for calculating the gain function; a Short
Term Average (STA) and a Noise Floor Level Estimate (NFLE). The measures
are derived according to

STA: Ak(n) = (1 − αk)Ak(n − 1) + αk |xk(n)| , (3)
Prototype: P k(n) = (1 − αk)Ak(n − 1) + αk |xk(n)| , (4)

NFLE: Ak(n) = min (P k(n), Ak(n)) . (5)

Here, Ak(n) and Ak(n) denotes the STA and NFLE measures respectively.
Pk(n) is a prototype variable for temporary use and the function min (a, b)
gives the minimum of the two real valued parameters a and b. The parameters
αk and αk control the tracking performance of the STA and NFLE measures,
where the corresponding time constants are denoted Tk and T k, respectively.
The subband-specific gain function is a constrained quotient of the two mea-
sures where an upper limit, Lk, imposed on the gain function constitutes a
constraint according to

Gk(n) = min

(
Ak(n)
Ak(n)

, Lk

)
. (6)

Hence, the upper limit, in combination with Eq. (5), forces the gain function
to be bounded to the interval 1 � Gk(n) � Lk, i.e. the AGE focuses on
boosting speech.

Research has been conducted using frequency dependent parameters for
the AGE [9], i.e. sets of different parameters αk, αk, and Lk are used for
different subbands. However, the parameters can be set to the same values
for simplicity. Parameters which have been shown to be suitable for many
applications are: Tk = 30 ms, T k = 3 s, and 20 log Lk = 10 dB, ∀k.

4 Adaptive Gain Equalizer Implementation As-
pects

The speech enhancer outlined in Section 3 will be used as a platform to illus-
trate implementation aspects from the different domains given in Sections 2.1,
2.2 and 2.3. The AGE will be reformulated to suit the analog domain and
hybrid domain. General comments will also be given regarding selected issues
thereof.
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4.1 A Digital Domain Implementation

Although the original formulation of the AGE occurs in the digital domain,
this section will comment on the implementation of the AGE in this same
domain.

4.1.1 Implementation Details

There are two sensitive aspects of a digital domain AGE implementation which
require special attention. According to Eq. (3) and (4) the two measures STA
and NFLE are implemented as recursive digital filters. By improper selection
of coefficients a digital recursive filter has the risk of being unstable and may
suffer from drawbacks such as limit cycle oscillations. Furthermore, when cal-
culating the gain function in Eq. (6) a division operation is required. Division
on digital circuitry is often tedious and time consuming. An approximation
can be made by using a look-up table.

4.2 An Analog Domain Implementation

An analog domain implementation of the AGE is topologically identical to the
digital domain implementation of the AGE (see Fig. 3). The main difference
is that the time is now continuous, i.e. the sampled time index, n, is replaced
by the continuous time t. To facilitate an analog domain implementation, the
AGE requires reformulation using analog (continuous time) operators.

4.2.1 Algorithm Reformulation

As in the digital solution, an analysis filter bank is employed for division of
the input signal into K subbands according to

xk(t) =
∫ ∞

0

hk(τ)x(t − τ)dτ. (7)

Here hk(t) is the impulse response function of a continuous time band pass fil-
ter, i.e. corresponding to a subband selective filter. A vital difference between
digital and analog implementation of the AGE involves the ways in which the
STA and NFLE are computed. In the digital case, auto regressive averages
are employed. In the analog case, integrators are used to compute the STA
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and NFLE according to

STA: Ak(t) =
∫ ∞

0

ak(τ) |xk(t − τ)| dτ, (8)

NFLE: Ak(t) = min

(∫ ∞

0

ak(τ)|xk(t − τ)|dτ,Ak(t)
)

. (9)

The time constants associated with the impulse response functions of the
STA and NFLE, i.e. ak(t) and ak(t) respectively, should match those of the
corresponding digital structure in (3) and (5). The analog domain AGE gain
function is computed as

Gk(t) = min

(
Ak(t)
Ak(t)

, Lk

)
. (10)

The output signal, y(t), is the sum of all weighted subband signals according
to

y(t) =
K∑

k=1

Gk(t)xk(t). (11)

4.2.2 Implementation Details

The implementation of the analog domain AGE algorithm is made on a
Printed Circuit Board (PCB). The design of the PCB is a fairly straightfor-
ward task while each individual AGE kernel is identical to one another. While
the AGE supports modularized design, a multi-band structure can easily be
implemented. The only structural difference between individual subbands lies
in the subband-selective filters and in the subband-specific parameters, i.e.
the time constants of the STA and the NFLE and the value of the upper
limit, Lk.

Rudimentary electronic components are used in the PCB design such as
Operational Amplifiers (OPAMP), resistors, capacitors, diodes, transistors
and analog multipliers. The classical OPAMP µA741 is selected as it is cheap,
well known and whose performance is suitable for many general analog elec-
tronic building blocks. For division and multiplication a wide bandwidth pre-
cision analog multiplier MPY634U from Texas Instruments [16] is selected.
The components are powered by a positive, VDD = +5V , and a negative,
VEE = −5V , supply voltage. The design is separated into four major building
blocks: Full–wave rectification, integration, a compare and dump sub-circuit,
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Figure 4: Full-wave rectifier where the output is the absolute value of the input.

and gain calculation. The PCB building blocks should be compared to the
AGE structure presented in Fig. 3. Fig. 4 illustrates the full–wave rectifier
sub-circuit. The implementation of STA and NFLE integrators, ak(t) and
ak(t), is illustrated in Fig. 5. The lower gain limit is implemented by a com-
pare and dump circuit illustrated in Fig. 6. The compare and dump sub-circuit
compares the level of the NFLE to the level of the STA. If the NFLE level is
greater than or equal to the STA level the comparator signals and drives the
base of an NPN-BJT transistor, which, in turn, short circuits (dumps) the
NFLE integrating capacitor towards the ground. Thus, the level of the NFLE
is inhibited as to never exceed the STA level. Two sub-circuits are used for
gain calculation as illustrated in Fig. 7. The first sub-circuit uses an MPY634
circuit in divider mode for calculating the STA and NFLE quotient. Secondly,
an upper gain limit is imposed by a zener diode inhibiting the voltage level of
the quotient to not exceed the zener diode voltage. Finally, the output of the
AGE kernel is formed by multiplication of the gain function and the original
input subband signal by using an MPY634 multiplier, see Fig. 8.

4.3 A Hybrid Domain Implementation

A hybrid implementation of the AGE has been shown to be very effective,
giving high quality speech [12]. However, the AGE needs some reformulation
to fit the hybrid domain. In the current implementation, the AGE uses digital
and analog analysis and pure analog synthesis, i.e. a digital and an analog
signal path are used in parallel. The split analysis and synthesis scheme of
the AGE algorithm is illustrated in Fig. 9.
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Figure 5: Short Term Average integrator (STA) and a Noise Floor Level
Estimate integrator (NFLE) applied to the full wave rectified input signal.
The Dk(t) wire is for inhibiting the NFLE to never exceed the STA.
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Figure 6: A compare and dump sub-circuit composed of a Short Term Average
(STA) and a Noise Floor Level Estimate (NFLE) comparator. The level of the
NFLE is ensured to never exceed the STA by pulling the Dk(t) wire towards
ground.
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Figure 7: Gain function calculation where a Zener diode constitutes an upper
gain function limit.
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Figure 8: Applying the subband-specific gain function to the subband input
signal.

4.3.1 Algorithm Reformulation

The aim of the hybrid domain AGE implementation is to utilize advantages
from analog and digital solutions, such as high signal bandwidth, no quantiza-
tion of data, reconfigurability, etcetera. Thus, the implementation is split into
two parts; digital analysis and analog synthesis. A mapping function, fk{·},
maps the digital analysis gain function, Gk(n), to a corresponding analog syn-
thesis gain function, Gk(t), according to Gk(t) = fk{Gk(n)}. The structure
of the mapping function depends on implementation-specific parameters, such
as the maximal gain function value, Lk. The analog analysis and synthesis
of the AGE algorithm constitutes an analog signal chain from input, x(t), to
output, y(t).

4.3.2 Implementation Details

The main issues regarding a hybrid implementation of the AGE, are the design
of an analog filter bank, and the control interface between the digital analysis
and the analog synthesis. The novel solution to the filter bank issue involves
the use of a custom integrated circuit, the Mitsubishi 7-band graphic equalizer
M5289P, where the gain in each subband can be individually controlled. The
corresponding filter bank in the digital analysis is designed by conventional
digital filter design methods. The control interface between the digital analysis
and analog synthesis constitutes digitally steered potentiometers controlling
the gain in each subband of the analog filter bank.
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Figure 9: Hybrid domain implementation of the Adaptive Gain Equalizer
(AGE) employing digital and analog domain analysis and pure analog syn-
thesis.

Digital Analysis The digital analysis is performed on a Texas Instrument
Mixed Signal Processor (MSP) MSP430F149. A filter bank is implemented in
the MSP for approximation of the analog filter bank in the synthesis (see Sec-
tion 4.3.2). Two-poles and two-zeroes infinite impulse response filter sections
form the digital filter bank. The digital subband-selective filters, hk(n) in (1),
are designed so that they match the corresponding analog subband selective
filters, hk(t). All parts (except for the actual summation of the output signal)
are implemented in the MSP, i.e. full wave rectifying, STA integrator, NFLE
integrator, lower- and upper gain limiting, and gain function calculation.

While the MSP is a low speed micro controller, a two–level priority scheme
is required to ensure full functionality of the processor, constituting a high
priority stream and a low priority stream. The high priority stream is running
at full sample rate, i.e. Fs. The subband filtering, full wave rectifying, STA
estimation, and gain steering via a control interface are operations with high
priority. The low priority stream uses a Round–Robin time sharing algorithm
in which one subband is managed at a time. Calculation of the subband
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specific NFLE, upper- and lower gain limiting, and gain function calculation
are time shared with low priority.

Analog Synthesis The Mitsubishi Electric M5289P integrated circuit is
used as an analog synthesis filter bank. The M5289P is an analog electronics
Hi-Fi 7-element graphic equalizer, and employs seven potentiometers for gain
control in each subband. The gain of each subband of the M5289P can be
controlled in a span of 10−13/20 to 10+13/20, by altering the value of the
subband-specific potentiometer. Additional capacitors and resistors are used
in a subband filter selection network.

Control Interface The digital potentiometer, X9C104P, from Xicor is used
for individual control of the M5289P subband specific gains. The X9C104P
has a resolution of one hundred steps spanning 100 kΩ and is steered by
the MSP via a three wire digital control interface: U/D - Up/Down, INC -
Increment, and CS - Chip Select. The analog synthesis gain function, Gk(t),
corresponds to a potentiometer value and is mapped from the digital analysis
gain function, Gk(n), using a mapping function, fk{·}.

5 Implementation Evaluation

This evaluation is conducted in two parts; First, the analog solution is eval-
uated and secondly the hybrid solution. These are then compared to a cor-
responding digital solution. Short term power estimates of the original and
enhanced signals are used as a benchmark in the evaluation.

5.1 Performance Measures

The performance and quality of a speech enhancement algorithm is not easily
quantified. Several objective- and subjective tests exist today as presented
in [6]. Examples of objective tests are: Itakura-Saito (IS) Distortion measure,
Log-Likelihood Ratio (LLR) measure, Log-Area-Ratio (LAR) measure, and
Segmental Signal-to-Noise Ratio (SNR) measure. Examples of subjective tests
are: Modified Rhyme Test (MRT), Diagnostic Rhyme Test (DRT), and Mean
Opinion Score (MOS). An objective test is selected for evaluation in this
report; a short term power estimate. The power measure, Γx(n), of a signal,
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x(n), is computed using an auto regressive average and is herein defined by

Γx(n) = (1 − γ)Γx(n − 1) + γ |x(n)|2 , (12)

where γ = 1/ (FsTγ) (this relationship is valid for Tγ � 1/Fs) is a constant
controlling the integration time, Tγ (in [s]), of the power measure. The inte-
gration time is set to 25 ms in this evaluation. For comparing the signal before,
x(n), and after speech enhancement, y(n), a power measure quotient is used,
defined as Γy(n)/Γx(n). This quotient is also referred to as the differential
short term power estimate.

5.2 Analog Domain AGE Evaluation

While all individual subband kernels are identical in their structure, only
one kernel is evaluated at a time. The circuit implementation is adjusted
before evaluation such that it fulfills recommended algorithm settings, see
Section 3.1. Experiments indicate that, for many practical cases, the rec-
ommended algorithm settings ensure natural-sounding speech. The analog
implementation is evaluated by real time, on–site measurements. The eval-
uation setup constitutes a noisy speech signal, which is band pass filtered
digitally by a linear phase FIR filter, prior to being presented to the analog
circuitry. Several subband filtered signals are processed by the analog AGE
structure and relevant signals are recorded by a multi channel Digital Audio
Tape (DAT) recorder. The recorded signals are synchronized and summed
off–line to form the output signal. In Fig. 10, short term power estimates for
an input speech signal are presented before and after enhancement, and in
Fig. 11 a corresponding differential short term power estimate is presented in-
dicating the level of speech enhancement. A speech enhancement performance
comparison of the analog method and a corresponding digital implementation
is illustrated in Fig. 12.

5.3 Hybrid Domain AGE Evaluation

This part of the evaluation aims to compare the hybrid AGE implementation
to a corresponding digital implementation. Transfer function comparisons
show that the filter bank in the digital implementation matches the filter
bank in the hybrid implementation. Furthermore, the time constants of the
STA and NFLE are in the same order of magnitude in both the hybrid im-
plementation and the digital implementation. A maximal gain of 10+13/20 is
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used in the digital implementation, i.e. corresponding to 13 dB maximal gain
in the hybrid solution.

In Fig. 13 the speech enhancement performance of the hybrid method is
illustrated. The performance evaluation shows a speech enhancement of max-
imum 13 dB speech gain, confirmed by the differential short term power mea-
sure in Fig. 14. A speech enhancement performance comparison of the hybrid
method and a corresponding digital implementation is illustrated in Fig. 15.
The performance of the hybrid method and the digital implementation are
remarkably equal. Subjective listening tests confirm the good performance
and high quality of the hybrid speech enhancement implementation.
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Figure 10: Short term power estimate of a speech signal disturbed by additive
noise (dashed) and corresponding power estimate after enhancement by the
analog AGE implementation (solid).
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Figure 11: Differential short term power estimate indicating the level of speech
enhancement of the analog implementation.
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Figure 12: Short term power estimate of a speech signal enhanced by the analog
AGE implementation (solid) and a corresponding MATLAB implementation
(dashed).
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Figure 13: Short term power estimates of an unprocessed speech signal
(dashed), and corresponding speech signal processed by the hybrid implemen-
tation (solid).
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Figure 14: Differential short term power estimate for the hybrid method.
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Figure 15: Short term power estimates of a speech signal processed by the
hybrid implementation (solid), and processed by a MATLAB implementation
(dashed).
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6 Summary and Conclusions

Algorithms for speech enhancement can be realized on digital, analog, and
hybrid hardware. The different domains have unique advantages (and disad-
vantages). When implementing a speech enhancement algorithm the advan-
tages and disadvantages should be taken into consideration. Generally, not all
algorithms for speech enhancement are suitable for implementation in a wide
range of domains. Special constraints may be put by a specific domain which
can not be fulfilled by the algorithm without introducing errors. The algo-
rithm, or alternatively the implementation domain, should be selected with
care.

A low complexity speech enhancement method that has been successfully
implemented in all three domains is the Adaptive Gain Equalizer (AGE). The
predominant advantage of implementing the AGE in the digital domain is its
scalability and reconfigurability. It is often important to have the possibility to
use digital circuitry for more than one purpose. A major benefit of the analog
domain implementation is the continuous time processing which leads to high
quality of speech. The hybrid implementation of the AGE is a combination
of many advantages. While the analysis is performed in the digital domain,
the main advantages of this domain are utilized; such as reconfigurability of
the implementation. Due to the analog domain synthesis, the signal path
from input to output is completely analog. Hence, the hybrid solution draws
benefits from the analog domain such as avoiding quantization of data in
the input-to-output signal path. It also introduces negligible restrictions in
bandwidth.

In all, the inbound simplicity and ingenuity of the AGE algorithm makes
it suitable for implementation in all three domains.
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Active Noise Control for Hearing
Protection using a Low Power Fixed

Point Digital Signal Processor

Benny Sllberg, Lars Hkansson and Ingvar Claesson

Abstract

This contribution presents a fixed point implementation for acousti-
cal active noise control in hearing defenders. The well known filtered-x
least mean squares structure is conformed to fixed point arithmetic and
evaluated in real time. The measured performance of the implemen-
tation is 20dB to 30dB attenuation of broad band noise and ca 60dB
for sinusoidal interference. The implementation uses a low power fixed
point digital signal processor and is well suited for industry application.

1 Introduction

The emission of sound and noise from a work place often reach levels haz-
ardous to human hearing. Enduring such noise may cause irreversible damage
to hearing and impair the overall health of personnel. Workers are thereby re-
quired (occasionally by legislation) to use hearing protection. Traditional pas-
sive circumaural ear defenders give good attenuation in the upper frequency
range, but, for lower frequencies (below 500Hz), the passive protection is in-
adequate (see Fig. 6) and active methods are necessary [1,2]. In Active Noise
Control (ANC), signals are actively emitted so that the sound pressure level
is minimized within the ear cups. Hence, an ANC implementation requires
sensors measuring the reference signal and the error signal (the signal to be
minimized). One or more supplementary exciters are also required for pro-
ducing the noise cancellation signal. Analog control systems are predominant
today, since they introduce minimal delays in the control loop as well as often
being highly cost effective. However, analog solutions tend to be static, and
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Figure 1: Acoustical Active Noise Control (ANC) employing a Digital Signal
Processor (DSP) for application in circumaural ear defender.

reconfigurable digital solutions based on Digital Signal Processors (DSP) are
desired. A basic setup of ANC using a DSP in an ear defender is illustrated in
Fig. 1. DSPs of today can use either floating point or fixed point arithmetic.
An implementation using fixed point arithmetic requires more attention than
the floating point counterpart. However, the fixed point approach is likely to
be more oriented towards industry, since it is often more cost effective and
less power consuming. In [3] an ANC implementation using a floating point
processor is presented. Digital initiatives for ANC are, in many cases, based
on the popular Least Mean Squares (LMS) algorithm invented by Widrow et
al. in 1956 [4]. Variants and applications of the original LMS structure exist
in a bundle today [5–7], where the Filtered-X LMS (FXLMS) is a commonly
used algorithm. The FXLMS compensates for the delays introduced in the
physical medium between the exciter(s) and the error signal sensor(s).

This contribution presents and evaluates a fixed point acoustical ANC
implementation for hearing protection in ear defenders using a low power
digital signal processor.

The outline is as follows: Active noise control is theoretically outlined
in Section 2 and a corresponding fixed point ANC formulation is given in
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Figure 2: Active control of noise in ear-cups introducing a primary path,
H(ω), and a forward path, C(ω).

Section 3. The experiment setup is given in Section 4, and Section 5 highlights
important measured results. Finally, Section 6 summarizes this contribution
and introduces future work.

2 Active Control of Noise Using FXLMS

The basic setup illustrated in Fig. 1 is presented in detail in Fig. 2 where the
primary path, H(ω), constitutes a transfer function from the reference micro-
phone to the error microphone. Similarly, the forward path, C(ω), denotes a
transfer function from the input of the loudspeaker to the error microphone.
The model assumes a linear summation of two acoustical signals, the noise
signal and the anti-noise signal, in the error microphone. Due to the damping
of the ear-cups, we assume that the path from the loudspeaker to the external
reference microphone can be neglected. The FXLMS approach is illustrated
in Fig. 3, where a forward path estimate, Ĉ(ω) with impulse response ĉ(n),
is introduced to compensate for the delays introduced by the forward path.
Derivation of the FXLMS structure leads to the following expressions
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Figure 3: Model of active noise control using the Filtered-X Least Mean
Squares (FXLMS) structure where a forward path estimate, ĉ, compensates
for the forward path.

y(n) =
K−1∑
k=0

wn(k)x(n − k) = wT
nxn, (1)

xc(n) =
M−1∑
m=0

ĉ(m)x(n − m) = ĉT x′
n, (2)

where the adaptive filter coefficients and forward path estimate are denoted

wn = (wn(0), . . . , wn(K − 1))T
, (3)

ĉ = (ĉ(0), . . . , ĉ(M − 1))T
. (4)

The vectors xn and x′
n contain present and former reference signal values and

are of size K and M , respectively. The adaptive filter coefficient update for
the FXLMS structure is given according to

wn+1 = wn + µe(n)xc,n, (5)

where xc,n = (xc(n), . . . , xc(n − (K − 1)))T and µ is the algorithm step size.
The forward path estimate, ĉ, is estimated prior to active noise control by
using a supplementary system identification LMS structure. It is notable that
the robustness of the FXLMS structure to forward path estimate errors is
high, as the adaptive filter, wn, and the forward path estimate, ĉ, interact.
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3 Fixed Point FXLMS Implementation

The proposed implementation uses a fixed point processor for implementing
the FXLMS structure. The processor uses 16 bit arithmetic for calculations,
but has extended capabilities of up to 48 bit Multiply and accumulate and 32
bit Multiplications.

Two main parts are identified in the FXLMS structure: Filtering and
Adaptation. Adaptation is the more sensitive of the two parts, since overly
low values could lead to stalling in the algorithm, i.e. the filter coefficient
update halts, and this is undesirable. To minimize the risk of stalling, the
adaptive filter coefficients are stored in an extended 32 bit format,

wn = 216whi
n + wlo

n , (6)

where each component of whi
n and wlo

n is of 16 bits. The full 32 bits are used in
the adaptation phase but only the higher 16 bits are used in the filtering phase.
The filtering part (using the extended coefficient format) can be expressed as

y(n) =

⌊
2−8

K−1∑
k=0

whi
n (k)x(n − k)

⌋
=
⌊
2−8whi

n

T
xn

⌋
, (7)

where the floor-operator 
 � in conjunction with the constant, 2−8, extracts
the middle word, i.e. bit 8 to bit 23, of a 32 bit number. By using the floor-
operator, the high word of the filter coefficients can virtually be expressed
as 2−8whi

n , hence the filter coefficients are in the interval whi
n (k) ∈ [−(27 −

2−8), 27] with the resolution 2−8. The adaptive filter coefficient update is
according to

wn+1 = wn + µqe(n)xc,n, (8)

where the fixed point adaptive filter step size is µq =
⌊
28µ

⌋
. Hence, the actual

step size used is µ = 2−8µq.

4 Experimental Setup

For evaluation of the fixed point FXLMS implementation, a Printed Circuit
Board (PCB) is manufactured. A block diagram of the PCB is given in
Fig. 4. The PCB supports two input channels and two output channels. A
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Figure 4: Two channel in two channel out prototype circuit board. (LPF
denotes low pass filter.)

micro controller from Texas Instruments (MSP430F169) is situated on the
PCB. The maximum clock rate of the processor is 8MHz with an average
execution rate of about two Million Instructions Per Second (MIPS). The mi-
cro controller has eight 12 bit Analog-to-Digital Converters (ADC) of type
Successive Approximation Register (SAR) and dual 12 bit Digital-to-Analog
Converters (DAC) on board. Properly configured 10th order low pass filters
from Linear Technology (LTC1569-6) are situated prior to ADC and after
DAC for aliasing reduction and signal reconstruction. The input and out-
put signal dynamic range is ±1.25 V. Microphones are powered by external
microphone amplifiers, and the anti-noise loudspeaker by using an external
driver. The microphones and loudspeaker are positioned in the ear-cup ac-
cording to Fig. 5. The passive attenuation performance of the ear-cup is
illustrated in Fig. 6, where the attenuation is greater than 20dB for frequen-
cies above 500Hz. Hence, the sampling frequency of the experiment is set to
Fs = 1000Hz. The maximum number of filter coefficients for the adaptive
filter and the forward path estimate is 48 in the current platform.

5 Results

After convergence, the adaptive filter, Wopt(ω), and the forward path, C(ω),
shall equal the primary path, H(ω), with opposite sign, i.e. Wopt(ω)C(ω) =
−H(ω). Here, Wopt(ω) is the Fourier transform of the adaptive filter coeffi-
cients after convergence. In Fig. 7 the filter chain is presented after conver-
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Figure 5: The reference microphone, loudspeaker, and error microphone posi-
tioned in the ear defender.

gence. Power spectral density of the error microphone signal is presented in
Fig. 8 with and without the control algorithm applied in a broad band noise
case. Corresponding power spectrum is given in Fig. 9 for suppression of tonal
interference (sinusoidal at 200Hz).
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Figure 6: Transfer function estimate of the primary path, H(ω), from refer-
ence to error microphone.
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Figure 7: Filter chain of the converged adaptive filter and the forward path
(solid), i.e. Wopt(ω)C(ω), and the primary path (dashed), −H(ω).
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Figure 8: Power spectral density of the error signal without (dashed) and with
(solid) active noise control. Broad band noise.
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Figure 9: Power spectrum of the error signal without (dashed) and with (solid)
active noise control. Tonal interference sinusoidal at 200Hz.
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6 Summary and Future Work

This contribution shows the derivation of the FXLMS structure for imple-
mentation on a fixed point processor running on a few MIPS only. The imple-
mentation is evaluated online and the performance of the fixed point FXLMS
is 20dB to 30dB in the frequency interval 100Hz to 375Hz for broad band
noise and ca 60dB for tonal interference (sinusoidal at 200Hz).

The implementation is suitable for use in active hearing protection, since
the processor used is of low power yet high performance.

Future work involves applying the algorithm to environments other than
an acoustical ANC. One such application for ANC is active control of noise
and vibrations in a lathe [8]. In adaptive feedback control of tool vibration
this fixed point FXLMS controller is likely to be suitable. It would also be
interesting to further elaborate on combining analog and digital control in
order to utilize the main features of the two domains.
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Acoustic noise has a pronounced negative impact 
on human vocal communication and user comfort. 
Interfering noise that is transmitted between com-
municating users may not only disturb telephone 
conversation and supporting technical mecha-
nisms (such as speech coders), but may also strain 
and eventually damage hearing and vocal organs of 
the users. Furthermore, a user subjected to con-
sistently high levels of noise (such as those emit-
ted by heavy machinery or electrical hand-held 
tools) may suffer discomfort and health risks. In 
many cases it is desirable to reduce the level of 
noise transmitted over a network, as well as con-
trolling and minimizing the level of noise that the 
local user is subjected to through the utilization of 
methods for active noise control. 

This thesis provides applied methods to combat 
noise in human communication. The active hearing 
defender is one key application for which the in-
troduced methods may be suitable. The fi rst three 
parts of this thesis comprise methods for noise 
reduction in user-to-user vocal communication. In
particular, blind methods are investigated. As op-

posed to conventional (non-blind) methods, blind 
methods are stand alone and do not require a pri-
ori information or knowledge of the spatio-tem-
poral environment. A method based on statistical 
kurtosis is provided, in which an adaptive, blind 
subband beamformer is derived and evaluated. The 
performance of this approach supports speech en-
hancement in a wide range of applications. A new,
low complexity method for blind beamforming is 
introduced, in which several single channel blind 
speech enhancers are linearly combined. The non-
linear nature of the blind speech enhancers mean 
that speech sources add coherently, i.e. perfor-
ming blind beamforming. Important aspects of im-
plementing a single channel blind speech enhancer 
in analog, digital and hybrid (mixed analog-digital) 
hardware are also analyzed. The fi nal section of 
this thesis outlines an application for active noise 
control for the purposes of hearing protection. A 
low-power fi xed point digital signal processor is 
used as an implementation platform as it supports 
battery powered apparatus. The broad band noise 
reduction is 20 dB to 30 dB and the tonal interfe-
rence rejection is 60 dB.
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