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Abstract 

This research is mainly concerned with a robust method for an improved performance of a 

real-time speech enhancement and noi se cancellation in a real reverberant environment. 

Therefore, the thesis titled, "A Kepstrum Approach to Real-Time Speech Enhancement" 

presents an application technique of a kepstrum method to a speech enhancement method. The 

kepstrum approach is based on a fundamental theory of kepstrum analysis, which gives a 

mathematical construct to the application of a speech enhancement. Kepstrum analysis is 

applied to the system identification application of unknown acoustic transfer functions between 

two microphones. This kepstrum method provides a mathematical representation with FFf 

based processing and is independent of acoustic path model order. The front-end application of 

the kepstrum method to speech enhancement methods provides an improved performance in 

speech enhancement and noise cancel1ation with several favourable effects. 
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Chapter 1 
Introduction 

Chapter 1 :  Introduction 

During the last several decades, a speech signal and array processing technology has been 

developed in various application areas. Therefore, improved performance has resulted from 

several modified or hybrid methods mostly based on conventional approaches, such as 

adaptive noise cancelling, spectral subtraction, beamforming technique and cepstrum 

method. However, a poor performance normally comes from signal distortions due to signal 

leakage into the reference input, uncorrelated noises between two microphones, and also 

reverberation. In addition, we have to consider the physical dimensions in the size of the 

microphone array and computational complexity of the software. Therefore, for a real-time 

application in real environments, three main limiting factors have been considered. Those 

are signal distortions, computational complexity in processing and a l arge dimension of 

microphone array size. 

.. Research objective 

The objective of this thesis is to simplify the use of microphones and reduce the 

complexity of processing so as to provide a robust method with an improved performance 

for real-time processing in a real reverberant environment. In the thesis, the kepstrum 

approach is proposed, which uses the kepstrum method and its front-end application to a 

speech enhancement method with a modified application from theoretical assumptions of 

adaptive noise cancelling and beamforming. It provides an improved speech enhancement 

with efficient, robust and real time processing in a real environment as shown in Fig.  1 - 1 .  

.. Kepstrum approach 

The kepstrum approach uses a modified application from a conventional adaptive noise 

canceller (ANC) and the Griffiths and Jim (G-J) beamformer. The modified approach to an 

adaptive noise cancelling is to use a small separation (say 20cm) between two microphones 

and a voice activity detector (VAD) (to get access to the noise statistics) during the noise 

periods. It gives benefits of a reduced adaptive filter size and minimized reverberation. In 
addition, the modified application to G-J beamformer uses direct speech path in front of two 

microphones and employs sum and subtract functions (after phase alignment) for signal 

1 



Chapter 1 : Introduction 

blocking. This gives increased speech directivity in the primary input and a refined noise 

reference in a reference input (Fig. 1 -2). 

Modified application 

' -" 

- a small 
separation 

- a voice 
activity 

detector 

Adaptive noise 
cancelling 

Kepstrum method 

G;5 
Fast 

Robust 
Real-time processing 

Real reverberant environment 

Fig.l-l Research objective 

Front - end kepstrum application 
--------------------

- real-time estimation 
- -

. 

Beamfonning 

- a fast and efficient processing technique 

- an application technique 
for kepstrum coefficients 

--------------

-----

Kepstrum method 

'-':�":":�"'---'-- --\;. .. ' .-------- -- � L 

Kepstrum approach 

Adaptive noise canceller Beamforming 

Fig. 1-2 Kepstrum approach: 

Modified application 
.. �--

- direct 

speech 

- sum and 
subtract 

function 

.... ..... � .. 

Modified application from conventional main approaches and kepstrum method. 
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Chapter 1 :  Introduction 

Based on these modifications, the front-end application of a FFf based kepstrum method 

provides a fast and efficient real-time estimation and processing technique for a system 

identification of unknown acoustic transfer functions between two microphones, and also an 

application technique for kepstrum coefficients by virtue of the V AD. 

• Contributions to knowledge 

In the thesis, the following original main contributions have been made: 

1 .  The front-end kepstrum application has shown an improved performance for a speech 

enhancement with several favourable effects. 

2. It has been implemented in real-time and its performance has been compared in a real 

reverberant environment. 

3. Nonminimum phase terms can be directly identified from the cascaded RLS filter 

after front-end minimum phase kepstrum application for the noise-free case. 

• Performance with fav ourable effects 

The kepstrum approach has provided an improved performance with several favourable 

effects to the two-microphone approach, such as: 

1 .  The system allows i nvertibility, which gives stable minimum phase transfer function 

on application of the inverse of a room impulse response. 

2. A highly reduced adaptive filter size can be used because most of the minimum phase 

part is absorbed in the front-end kepstrum estimate. 

3 .  A small number of kepstrum coefficients are required because the minimum phase 

property shows highly concentrated energy around time zero. 

• 
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Chapter 2: Literature review 
1 .  Introduction 

A speech signal and array processing technology has been introduced and progressively 

developed with further modifications to achieve a goal of a speech enhancement and noise 

cancellation as a far-field solution in various environments over the last several decades. 

For the near-field applications where the user can wear a headset, close-talking 

microphones can provide a noise cancelling solution using omnidirectional ,  unidirectional or 

bidirectional microphones. As new microphone technologies are also being developed, 

microphones do not only provide a near-field solution for a noise cancellation but also can 

add a better performance in  far-field applications .  

Therefore, applications may be considered as  two main solutions (Fig. 2- 1 ) . One i s  a near­

field solution, which uses noise cancelling microphones. The other is a far-field solution, 

which utilizes a speech and array signal processing technique. It is mostly based on main 

approaches, such as: 

• Adaptive noise cancelling 

• Spectral subtraction 

• Beamforming 

• Complex cepstrum or kepstrum 

The chapter will cover a general reVIew of microphone technology, main approaches, 

adaptive algorithms and spectral estimation algorithms. 

Near-field 

Noise cancelling 
microphone 

� Omnidirectional i r I 

i I Unidirectional ; h 
I 

L--__ --' 

i 
'-, Bidirectional I 

I Speech sih'1lal processing 

J Adaptive noise 

I I cancell ing 
1 1 -----H Spectral subtraction I 

Fig. 2-1 Application solutions 

Far-field 

Microphone arrays 
processing 

- Beamforrning 

• 
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Chapter 2 :  Literature review 
2.  Microphone technology 

A microphone is a generic term that refers to any element that transforms an acoustic 

energy (sound) into an electrical energy (electricity (audio signal)). The word 'microphone' 

comes from Greek words, micros (small) and phone (sound) and the short form of the word 

is mike ( 1 927) or mic ( 1 96 1 )  (Online etymology dictionary). 

The first microphone was invented by Emil e  Berliner but the first practical carbon 

microphone was commercialized by Thomas Edison in 1 876. It has been developed as 

several different types but the most commonly used element is a thin and flexible diaphragm 

in it (Fig. 2-2). This thin piece of material vibrates when it is struck by sound waves. These 

vibrations are converted into electrical signals from the acoustic wave sound by various 

methods (Media college). 

� Diaphragm 

Sound waves • ��/ ______ _ 

� 
\.d:,A Microphone 

Audio signal • 

Fig. 2-2 Structure of microphone 

There are a number of different types of microphone. However, they can be broadly 

classified in two ways. One uses sensitivity polar patterns and the other u ses physical 

materials .  

2.1 Classification by sensitivity polar pattern 

Microphone types are classified as non-directional (ornni-directional) and directional (bi­

directional and unidirectional) according to sensitivity (pickup) patterns as illustrated in Fig. 

2-3 (Sweetwater). 

• Omni-directional 

Its diaphragm is designed to be sensitive to signals emanating from any direction (Fig. 2-

3(A)). It can not discriminate between a direction of arrival (DOA) and a distant sound 

source. On a close-talking application, such as in a headset, it will give an output directly 

proportional to the acoustic signal it measures. 
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d-

(A) (B) (C) (D) 
Fig. 2-3 Sensitivity polar patterns: (A) omnidirectional (B) unidirectional (cardioid) (C) 

unidirectional (hypercardioid) (D) bidirectional (Figure-8) 

• Unidirectional 

A unidirectional microphone, which is simi lar to a pressure gradient microphone (bi­

directional), incorporates an internal acoustic time delay which biases the d irectional 

response of the microphone towards a preferred direction. Their noise cancel l ing properties 

come from the fact that they are more sensitive to acoustic waves arriving from a forward 

direction and are less sensitive to waves arriving from behind the microphone. This  

microphone typically exhibits cardioid (Fig. 2-3(B)) or hypercardioid directivity (polar) 

patterns (Fig. 2-3(C)). It is popular in  computer applications involving desktop 

microphones, similar to a close-talking microphone. 

• Bi-directional (Figure-8) 

This  i s  a noise-cancelling microphone, also known as a pressure gradient microphone and 

uses properties of a gradient microphone to achieve a noise cancellation (Fig. 2-3(D)). 
Sound pressure never arrives at the front and the back of the microphone at the same time. 

However, any noise which arrives from the side is cancelled. 

This microphone is very sensitive to placement and cannot be used interchangeably with 

recognition systems. 

• 

2.2 Classification by physical material 

A variety of physical materials can be used i n  building microphones. The two most 

commonly encountered microphones are made by dynamic (electromagnetic) and variable 

condenser (electrostatic) models (Sound on Sound; University of Salford). 
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• Dynamic microphone 
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One of the most commonly used microphones, a dynamic microphone, is much like a 

miniature loudspeaker. A flexibly-mounted diaphragm is coupled to a coil of fine wire. The 

coil is mounted in the air gap of a magnet such that it is free to move back and forth within 

the gap. When sound strikes the diaphragm, the diaphragm surface vibrates in response. 

The motion of the diaphragm couples directly to the coil, which moves back and forth in the 

field of the magnet. As the coil cuts through l ines of magnetic force in the gap, a small 

electrical current is induced in the wire. The magnitude and direction of that current is 

directly related to the motion of the coil, and the current thus is an electrical representation 

of the incident sound wave. 

This is highly dependable, rugged, and reliable and extremely common in stage use and is 

used extensively in outdoor applications. 

.. Condenser microphone 

This is the most common type of microphone and has a capacitor consisting of a pair of 

metal plates separated by an insulating material called a dielectric. One of its plates is free to 

move in response to change in sound pressure. The sensitivity of the microphone is related 

to its polarizing voltage and the distance of separation between these plates. This 

microphone needs an external power supply. This power system is known as phantom 

power, sending a voltage of +48Vdc through pins two and three of the microphone cable to 

the microphone capsule. The return voltage comes back via the shield. 

This is slightly less durable than a dynamic microphone. It is mostly used in a studio 

application. It is a bit cleaner and more predictable than a dynamic microphone, but 

generally more expensive. 

• Electret condenser microphone 

This is a variant of the condenser microphone, which does not need phantom power to 

charge the diaphragm, but does require a power supply for the in-microphone preamplifier. 

An electret is a dielectric material that has been permanently electrical ly charged or 

polarized. This is small, cheap, durable, and offers a good performance at high frequencies. 

Most modern telephone handsets use electrets. 
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There are several other types of microphones, but they are rarely used III sound 

reinforcement. 

Ribbon microphones are very fragile  and carbon microphones have poor sound quality. 

• 
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3. Main approaches 

This section will review main approaches, which cover adaptive noise cancelling, spectral 

subtraction, complex cepstrum and kepstrum, and beamforming techniques. 

3.1 Adaptive noise cancelling 

The principles and analysis of adaptive noise cancelling are reviewed from the reference of 

Widrow et al . (Widrow et aI., 1 975) and Widrow and Stearns (Widrow and Stearns, 1 985). 

This covers the concept of adaptive noise cancelling, Wiener solution to statistical noise 

cancelling problems and the effect of signal components in the reference input. 

3.1.1 The concept of adaptive noise cancelling 

An adaptive noise canceller (ANC) has been proposed by Widrow et al . (Widrow et aI., 

1 975). It uses two or more microphones based on the availability of reference channel(s). 

The method uses noise statistics in reference channel(s), which are characteristics of 

correlated samples or references of the contaminating noise. 

An adaptive filter operates on the reference microphone output and produces an e stimate 

of the noise. Its output is then subtracted from the primary microphone output (signal plus 

noise). The overall output of the canceller is used to control the adjustments applied to the 

tap weights in the adaptive filter. Using an adaptation algorithm, the ANC tends to minimize 

the mean square value of the overall output. It gives the output that is the best estimate of 

the desired signal in the minimum mean square error (MMSE) sense. 

The ANC operates on the outputs of two microphones, a primary microphone that supplies 

a desired signal of interest buried in noise, s + no' and a reference microphone that supplies 

noise alone, n) as shown in Fig. 2-4. 

The basic concept of adaptive noise cancelling is available under two main assumptions that 

tit The signal and noise at the output of the primary microphone are uncorrelated 

• The noise at the output of the reference microphone is correlated with the nOIse 

component of the primary microphone output. 

9 



Chapter 2: Literature review 
3. Main approaches 

The reference microphone provides the reference input to the canceller. The noise n l  is 

filtered to produce an output n� that is as close a repl ica as possible of no ' Thi s  output i s  

subtracted from the primary input s + no to produce the system output e = s + no - n � . 

Noise 
source 

Primary microphonc:r----------------- -------------------, 
I 
I 
I 
I 
I 
I 
I 
I 

+ I 

L--z ___ .. r-J1 __ '-,-11_��--1 Filter output n� : e 
r -- "--1 L...--r----' Estimate of noise System: output 

Reference microphqne : 
I I 
I I 
I I 
I I 
I I 
I I 
I I 
L ____________________________________ J 

Adaptive noise canceller 

Fig. 2-4 The concept of ANC 

Assuming that s ,  no , no and 11.1 are statistically stationary and have zero mean, and by 

squaring and expectation of e = s + no - n�, the system output power £[e2] is written as (2-

1 ) .  

£[e2] = £[S 2] + £[(120 - n �) 2] + 2£[s(no - n �)] = £[S 2] + £[(no - n � ) 2] (2- 1 )  

The signal power £[S2] will not be affected because the filter i s  adjusted to minimize 

£[e 2]. Accordingly, the minimum output power is written as (2-2) . 

(2-2) 

When the filter is adjusted so that £[e2] is minimized, £[(no - n� ) 2] is therefore, also 

minimized. The filter output y is then a best least squares estimate of the primary noise no ' 
. 2 2 Moreover, when £[(120 - no )] is minimized, E[(e - s)] is also minimized since 

(e - s) = (no - n �) .  

Adjusting or adapting the filter to minimize the total output power thus provides the 
system output e to be a best least squares estimate of the signal s for the given structure and 
adjustabil ity of the adaptive filter and for the given reference input. 

The output will contain the signal s plus noise n .  The output noise is given by ( no - n �) . 

Since minimizing £[e2] minimizesE[(no - n�) 2], minimizing the total output power 
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mlfllmlzes the output noise power. Since the signal in the output remains constant, 

minimizing the total output power maximizes the output SNR. 

The smallest possible output power is £[e2 ] = £[s2 ] .  When this is achievable, 

. 2 . 
£[(110 - 110 ) ] = o .  Therefore, 110 = 110 and e = s .  In this case, minimizing output power 

causes the output signal to be perfectly noise free. 

3.1.2. Wiener solution to statistical noise cancelling problems 

The objective of an optimal unconstrained Wiener solution to certain statistical nOIse 

cancel 1 ing problems is to increase performance in SNR using a noise cancelling technique. 

The analysis is based on the assumption of an infinitely long, two-sided noncausal tapped­

delay line. However, finite length of fi1ter and causalty are important in practical 

applications. 

Fixed filters are not applicable in  noise cancel l ing because the auto correlation and cross 

correlation functions of the primary and reference inputs are generally unknown and often 

variable with time. On the other hand, adaptive filters are required to ' learn' the statistics 

initially and to track them if they vary slowly. 

For stationary stochastic inputs, the steady-state performance of adaptive filters shows 

close approximation to that of fixed Wiener filters. Wiener filter theory thus provides a 

convenient method of mathematical ly analyzing statistical noise cancelling problems. 

1 )  The Wiener filter theory 

For the least mean square filtering problem, Kolmogorov (Kolmogorov, 1 94 1 )  studied the 

discrete time problem and original ly solved it by using the Wold decomposition (Wold, 

1 938).  On the other hand, Wiener (Wiener, 1 949) studied the continuous time problem and 

derived the famous Wiener-Hopf integral equation, which requires knowledge of correlation 

functions of the signal processes of interest. 

The equivalent of this integral equation in the d iscrete time case is known as the normal 

equation. The continuous time solution to the Wiener-Hopf integral equation and the 

discrete time solution to the normal equation are known collectively as Wiener fi lters. 

Fig. 2-5 shows that for the classic  single-input single-output (SISO) Wiener filter with 

input s ignal x" ' the output signal y" , and desired response d" , the input and output signals 

are assumed to be discrete in time, and the input signal and desired response are assumed to 
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be statistically stationary. The error signal is ell = d" - y" . The filter is linear, discrete and 

designed to be optimum in the MMSE sense. 

Desired response 

Od n 
input 

df--x----1 n 

J 
H(z) �--�.6 error 

.. 
. Yn - en 

Fig. 2-5 Single-channel Wiener filter 

It i s  composed of an infinitely long, two sided tapped delay line. 

The discrete autocorrelation function of the input signal X" ' and the cross-correlation 

function between xn and the desired response d" are defined as (2-3) and (2-4) respectively. 

Rxx (k) == E[xnxn+k ] 
RXd (k) == E[xnd,,+k ] 

(2-3) 

(2-4) 

The optimal impulse response h(k) can then be obtained from the discrete Wiener-Hopf 

equation (2-5) .  

-

RXd (k ) = Ih(l)Rxx (k - I) = h(k ) * Rxx (k) (2-5) 
1=-00 

This form of the Wiener solution i s  unconstrained in that the impulse response h(k )  may 

be causal or noncausal and of finite or infinite duration. 

The transfer function of Wiener filter may now be derived as the ratio between the auto 

power spectral density (PSD) (2-6) of the input signals and the cross PSD (2-7) between the 

input signal and a desired response are the z -transforms of Rxx (k ) and RXd (k ) respectively. 

-

c;I>xx (z) == IRxx (k)z -k (2-6) 
k=-

-

c;I>xd (Z) == IRxd (k)z·k (2-7) 
k=-oo 

The transfer function of the Wiener fi lter is written as (2-8). 

(2-8) 
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2) The application of Wiener filter theory to adaptive noise cancell ing. 

An example of a single-channel ANC with correlated and uncorrelated nOIses In the 

primary input (2-9) and reference input (2- 1 0) is considered as shown in Fig. 2-6. 

dn = sn + (ml" + n,, ) (2-9) 

(2- 1 0) 

where h2n i s  impulse response of channel whose transfer function i s  H 2 (z) . The noises nIl 
and nIl * h2n have common origin ,  and they are correlated with each other, and are 

uncorrelated with s" . The noises ml" and m2" are uncorrelated with each other, with s" , 

1 

mln I Primary inpu� _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ l 
d l  

I 
I 
L _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _  J 

Output 

Adapti ve noise canceller 

Fig. 2-6 Single channel ANC with correlated and uncorrelated noises in the primary and 
reference inputs (Widrow et aI., 1 975) 

If one assumes that the adaptive process has converged and the MMSE solution has been 

found, then the adaptive fil ter is equivalent to a Wiener filter. 

4> xx (z) = 4> mlml (z) + 4> nn (z)IH 2 (z)1
2 

4> xd (Z) = 4> nn (z)H 2 (Z-I) 
Therefore, the Wiener transfer function is 

H (z) = 
4> xd (z) = 4> nn (z)H 2 (Z -I) 
4> xx (Z) 4> m,m, (Z) + 4> nn (Z)IH 2 (zf 

( 2- 1 1 ) 
(2- 1 2) 

(2- 1 3) 

Note that this is the two-sided Wiener fi lter, i .e. , it has a part of its impulse response which 

is uncausal though this does not affect the arguments which follow. 

From the (2- 13), H (z) is independent of the primary s ignal spectrum 4> .IS (z) and of the 

primary uncorrelated noi se spectrum 4> m)m) (z) . 
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An interesting special case occurs when the additive noise m2n in  the reference input is  

zero. Then <l> 
"'2m2 (z) = o .  Therefore, the optimum transfer function is 

1 H(z) = -­H2 (z) 
provided of course that H 2 (z) i s  a minimum phase. 

(2- 1 4) 

The adaptive filter, as in the balancing of a bridge, causes the noise nn to be perfectly 

nulled at the noise canceller output. However, it shows that the primary uncorrelated noise 

mln remains uncancelled. 

From the above analyses, it shows that the application violates main assumptions to be 

perfectly applied to a noise cancellation. Therefore, it cannot be cancelled if an uncorrelated 

noise in primary input exists. In addition, it does not guarantee a stable performance because 

of a nonminimum phase property. 

3.1.3 Effect of signal components in the reference input 

In addition to analyses of a noise cancellation, an effect of speech signal components in the 

reference input is now investigated when it is applied with a speech signal . 

It i s  based on an application in a real environment, where in a certain circumstance the 

available reference input to an ANC may contain low-level unwanted signal components 

including the usual correlated and uncorrelated noise components, which will cause some 

cancellation of the primary input signal . 

Three main analyses (an unconstrained Wiener filter theory as SNR, signal distortion, and 

noise spectrum at the cancel1er output) have been investigated (Widrow et aI., 1 975). 

Fig. 2-7 shows an ANC, where reference input contains signal components and where 

primary and reference inputs contain additive correlated noises. The z-transforms of auto 

and cross PSD are expressed as (2- 1 5) and (2- 1 6) respectively. 

<l> J..< (z) = <l> .H (z )IG 2 (z )1 2 + <l> nn (z )IH 2 (z )1 2 

<l> xd (Z) = <l> ss (Z)G2 (Z -I ) + <l> nn (z)H 2 (Z -I) 

(2- 1 5) 

(2- 1 6) 
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I 
Reference �nput 

I 
I 
I 
L _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _  J 

Output 

Adaptive noise canceller 

Fig. 2-7 ANC with signal components in the reference input (Widrow et aI., 1 975) 

When the adaptive process has converged, the unconstrained Wiener transfer function of the 

adaptive filter i s  

H(z) = <1> ..., (z)G2 (z-I ) + <1>nn (z)H2 (z-l ) 
<1> SJ (z )IG2 (zf + <1> nn (z )IH 2 (z)1

2 

1 )  Anal ysi s on SNR at the noise canceller output, SNRe (z ) 

(2- 1 7) 

The transfer function of the propagation path from the signal input to the noise canceller 

output is 1 - G2 (z)H (z) and that of the path from the noise input to the canceller output is 

I - H2 (z)H(z) . 
The spectrum of the signal component in the output is 

<1> ( ) = <1> ( )I I - G ( )H( )1
2 = <1> ( ) [H2 (z) - G2 (z)]<1>III1 (z)H2 (z-J ) " z rs Z 2 Z Z u Z 2 2 . .  , .  

. <1> .fS ( z)IG2 (z)1 + <l> III1 (z)IH2 (z)1 
and that of the noise component is 

Therefore, the output SNR is 

2 
(2- 1 8) 

2 
(2- 1 9) 

(2-20) 

The spectrums of the signal component in the reference input and that of noise components 

in the reference input are (2-2 1 )  and (2-22) respectively. 

<l> ", (z) = <1> .I.I (z )IG2 (zf 

<l> /111 , (z ) = <1> Ill/ (z )IH 2 (z)1
2 

(2-2 1 )  

(2-22) 
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The SNR at the reference input i s  thus 

SNR ( ) = <I> S.I (z)\G2 (zf 
x Z 2 <I> Ill/ (z)\H 2 (z)\ 

Therefore, the output SNR i s  

SNR (z) = 1 
e SNRx (z) 
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(2-23) 

(2-24) 

Assuming that the adaptive solution is to be unconstrained and the noise in the primary 

and reference inputs are mutually correlated, it shows that the SNR at the noise canceller 

output provides the reciprocal relations with one at the reference input at al l frequencies. 

2) Analysis on signal distortion (SD) at the noise canceller output 

The transfer function of the propagation path through the filter is  

- G2 (z)H (z) = -G2 (z) <I>,, (z)G2 (Z -1;+ <I>'1Il (z)H2 (z-1; 
<I>.u (z) \G2 (z)1 + <I> Ill/ ( z)\H 2 (z)\ 

(2-25) 

When \G2 (z) \ i s  small because of small amount of signal leakage, this function can be 

approximated as 

(2-26) 

The spectrum of the signal component propagated to the noise canceller output through the 

adaptive filter i s  thus approximately 

(2-27) 

The combining of this component with the signal component in  the primary input involves 

complex addition and is the process that results in signal distortion. The worst case occurs 

when the two signal components are of opposite phase. 

Let ' signal distortion' SD(z) be defined as a dimensionless ratio of the spectrum of the 

output signal component propagated through the adaptive filter to the spectrum of the signal 

component at the primary input. 

(2-28) 

When G2 (z) is small ,  (2-28) reduces to (2-29) .  
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(2-29) 

The expression may be rewritten in a more useful form by combining the expressions for 

the SNR at the primary input, 

and the SNR at the reference input , 

Therefore, (2-29) can be expressed as (2-32). 

SD(z) :: SNRx (z) 
SNRd (z) 

(2-30) 

(2-3 1 )  

(2-32) 

With an unconstrained adaptive solution and mutually correlated noises at the primary and 

reference input, (2-32) shows that the condition of a low signal distortion results from a high 

SNR at the primary input and a low SNR at the reference input. 

3) Analysis on the spectrum of the output noise at the noise canceller output 

The noise nil propagates to the output with a transfer function . 

1 - H 2 (z)H (z) = 1 - H 2 (Z)[ <I> ,IS (z)G2 (Z-1: + <I> 1111 (z)H 2 (z-1 ;] 
<I>H (z)IG2 (z)1 + <I> Ill. (z)IH 2 (z)1 

_ <I>H (z)G2 (Z-1 )[G2 (Z) - H2 (z )] 
- <I> H (z)IG2 (zt + <I> Ill. (z)IH 2 (zt 

When IG2 (z)1 is small ,  

1 - H2 (z)H(z) :: - <I> ,,, (Z)G2 (Z�1 )  
<I> Ill. (z)H2 (z- ) 

The output noise spectrum is 

<I> ON (z) = <I> /1/1 (z)1 1 - H 2 (z)H (zt 
When IG2 (z)1 is small ,  

(2-33 )  

(2-34) 

(2-35)  
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(2-36) 

From the above result, it can be understood that the first factor 1) implies that the output 

noise spectrum depends on the input noise spectrum and the second factor 2) i mplies that i f  

SNR at the reference input is  low, output noise will  be low. That is, the smaller the signal 

component in the reference input, the more perfectly the noise wil l  be cancelled. The third 

factor 3) implies that if the SNR in the primary i nput is low, the filter will be trained most 

effectively to cancel the noise rather than the signal and consequently output noise will be 

low. 

• 

3.2 Spectral subtraction 

The spectral subtraction is a noise reduction method in a frequency domain.  It is based on 

restoration of the magnitude spectrum or power spectrum of signal observed i n  an additive 

noise, by subtracting an estimate of the noise spectrum from the noisy signal spectrum (Fig. 

2-8).  It uses a simple underlying concept effectively by using one microphone. Therefore, it 

may be particularly of interest in the application areas of mobile phones or hearing aids 

where the applications are limited because of the number and position of microphones. 

Assuming that the discrete noisy input signal x" is composed of the clean speech signal s" 

and the uncorrelated additive noise signal n" , then it can be expressed in time and frequency 

domain forms as (2-37) and (2-38) respectively. 

x" = s" + n" 

Spectral 
IFFT 

detector estimation 

Fig. 2-8 block diagram of spectral subtraction algorithm 

The equation describing the spectral subtraction may be expressed as 

s 

(2-37) 

(2-38) 
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(2-39) 

where IS k I b is an estimate of the original signal spectrum and INk Ih i s  an estimate of the 

time-averaged noise spectrum. The subtraction factor a controls the amount of noise 

subtracted from the noisy signal .  The flooring factor f3 is a noise floor that is a positive 

constant. For a magnitude spectral subtraction (Boil, 1 979), the exponent b is 1 ,  and for a 

power spectral subtraction (Lim, 1 979), the exponent b i s  2.  

From the above process,  the performance could be achieved in a better SNR but found the 

subtraction process introduces an annoying artifact called musical noise, due to a residual 

noise in the enhanced speech. The other disadvantages are an application l imitation to 

environmental conditions where: 1 )  noise signal is greater than speech signal ,  2) 

nonstationarity and 3)  speech-like noise environments. 

• 

3.3 Beamforming techniques 

This section reviews beamforming techniques, which cover a basic beamforming operation 

and analysis of classified typical beamformers. It has been reviewed from the references of 

Van Veen and Buckley (Van Veen and Buckley, 1 988), Haykin et al. (Haykin et aI., 1 985) 

and Widrow and Steam (Widrow and Stearn, 1 985) .  

3.3.1 Beamforming operation and spatial filtering 

The term beamforming, "forming beams" seems to indicate a radiation of energy of a 

signal, but i t  can be applicable to either a radiation or a reception of energy (Van Veen and 

Buckley, 1 988) .  It derives from the fact that early spatial fi lters has been designed to form 

pencil beams to receive a signal radiating from a specific location and attenuate signal s from 

other locations. 

The beamforming structure consists of an array of sensors and beamformer. The array of 

sensors collects spatial samples of propagating wave fields and a beam former is a processor 

to provide a versatile form of spatial filtering, which separates signals that have overlapping 

frequency content but originate from different spatial locations. The objective of a 
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beamformer i s  to estimate the signal arriving from the 'look' direction (i.e., a desired speech 

direction) in the presence of noise and interfering  signals arriving at a different angle. 

The systems designed to receive spatial ly propagating signals often have problems with 

interfering signals .  If the desired signal and interferers occupy the same temporal frequency 

band, then temporal filtering cannot be used to separate signal from interference. However, 

provided that the desired and interfering signals originate from different spatial locations ,  

spatial separation can be used to  separate a signal from interference using a spatial filter a t  

the receiver. 

Spatial filter is used to process data collected over a spatial aperture. A beamformer 

processes the spatial filtering with a discrete spatial sampling. 

The output of a typical beamformer linearly combines the spatially sampled time series 

from each sensor to obtain a scalar output in a time domain.  However, two principal 

advantages of spatial sampling with an array of sensors are spatial discrimination capability 

and versatility offered by discrete sampling. 

1 )  Beamformers for narrowband and broadband signals 

There are two typical beamformers. The first one is called narrowband beamformer (Fig. 

2-9). It samples the propagating wave field in space for processing narrowband signals. The 

output Y k at time k is given by a l inear combination of the data at n sensors at time k .  The 

output in this case can be expressed as (2-40). 

n 

Yk = � X:hi (2-40) 
i=l 

• 
• + 
• 

Fig. 2-9 Typical narrowband beamformer 

where H represents Hermitian transposition. 
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Most propagated RF (radio frequency) waveforms are narrowband signals and have well 

defined nominal wavelength. Time delay can be compensated by a simple phase shift. 

The second one is called broadband beam former (Fig. 2- 10) .  It samples the propagating 

wave field in both space and time and it is often used when signals of significant frequency 

extent (broadband) are of interest. 

Audio (30- 1 5KHz), acoustic vehicles (20-2KHz), seismic vehicles (5-500Hz) and 

vibrating machinery are broadband signals and have no characteristic wavelength. Time 

delay must be obtained by interpolation of the waveform. 

The output in this case can be expressed as (2-4 1 ) . 

(2-4 1 )  

where p - 1  is the number of delays in each of the n sensor channel s. If the signal at each 

sensor is viewed as an input, then a beamformer represents a MISO (multiple-input single­

output) system. 

Fig. 2-10 Typical broadband beam former 

Assume that h and xk are N dimensional, which implies that N = pn is for broadband 

and N = n is for narrowband.  
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2) FIR (finite impulse response) fi lter response and beamformer response 

The frequency response of an FIR filter with tap weights hj , 0 � j � p - 1  and a tap delay of 

T seconds is given by 

p 
H(w) = Lh: e-jwT( j-J ) 

j=J 
alternatively, it can be expressed in  a vector form. 

H(w) = h H p(W) 

h h H 
- [I" * h * h* ] d ( ) - [1 jwT j2wT j(P-J )wT ] w ere - ''1 ' 2 , . . . . . P an p w - , e  , e  , . . . .  e . 

(2-42) 

(2-43) 

H(w) represents the response of the filter to a complex sinusoid of frequency w and pew) 

is a vector describing the phase of the complex sinusoid at each tap in the FIR filter relati ve 

to the tap associated with hJ • 
Similarly, beamformer response i s  defined as the amplitude and phase presented to a 

complex plane wave as a function of location and frequency. Fig. 2- 1 1 illustrates the 

manner in which an array of sensors samples a spatially propagating signal . 

$(1) Sensor 11 1 -
Reference 

( =H z-' � 

----

TIO) 

-8--

Fig. 2-1 1  lllustration of spatial and temporal sampling 

Assume that the signal is  a complex plane wave with a DOA e and frequency w. For 

convenience let the phase be zero at the first sensor. This implies xk J = ejwk and 
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Xk; = ejW(k-Tj ( B» , 2 � i � n. 1'; CB) represents the time delay due to propagation from the first 

to the i -th sensor. 

Therefore beamformer output Yk i s  

n p-I 
_ jwk " " h* -jw(Tj(8)+j) _ jWk H CB ) Yk - e  � �  ;,je - e  , W  

;=1 j=O 
(2-44) 

where 1'1 CB) =0. H CB, w) i s  the beamformer response and can be expressed in vector form as 

H(B, w) = hHp(B, w). 

The elements of pCB, w) correspond to the complex exponentials e-jw(Tj (B)+j) . In general , it 

can be expressed as p(B, w) = [l, e.iwT2 (B) , ejwT, (B) , . . . .  ejWTN (B)t where the 1'; (B) , 2 � i � N ,  are 

the time delays due to propagation and any tap delays from the zero phase reference to the 

point at which the i -th weight is applied. 

We refer to p(B, w) as the array response vector, also known as the steering vector or 

direction vector. Non-ideal sensor characteristics can be incorporated into p(B, w) by 

multiplying each phase shift by a function Q; (B, w) , which describes the associated sensor 

response as a function of frequency and direction. 

The beampattern is defined as the magnitude squared of H (B, w) . Note that each weight 

in h affects both the temporal and spatial response of the beamformer. Historically, the use 

of FIR filters has been viewed as providing frequency dependent weights in each channel . 

However, as a MISO system, the spatial and temporal filtering that occurs is a result of 

mutual interaction between spatial and temporal sampling. 

3) Correspondence between FIR filtering and beamforming 

The correspondence between FIR filtering and beamforming is closest when the 

beamformer operates at a single temporal frequency Wo and the array geometry is linear and 

equi-spaced as i l lustrated in Fig. 2- 1 2 .  

Letting the sensor spacing be 1 ,  propagation velocity be c ,  and B represent DOA relative 

to broadside Cperpendicular to the array), we have 1'; CB) = (i - 1 )(1 / c) sin B . 
In thi s  case we i dentify the relationship between temporal frequency w in  pew) (FIR filter) 

and direction B i n  p(B, wo) (beamformer) as w = Wo Cl / c) sin B .  Thus, temporal frequency in 

a FIR filter corresponds to the sine of direction in a narrowband, linear equi-spaced 
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beamformer. Complete interchange of beamforming and FIR filtering methods is possible 

for this special case provided the mapping between frequency and direction is accounted for. 

I 

�I--� 
I 

epJ-@-----.I 
+ 

(a) (b) 

Fig. 2-12 The analogy between an equi-spaced omni-directional narrowband line array and a 
s ingle-channel FIR filter 

3.3.2 Beamformer classification 

Beamformers can be classified into data independent, statistically optimum or adaptive 

beamformer depending on how the weights are chosen (Van Veen and Buckley, 1 988).  The 

weights in a data independent beamformer do not depend on the array data or data statistics 

but are chosen to present a specified response for all signal/interference scenarios. The 

weights in a statistically optimum beam former are chosen based on the statistics of the array 

data to 'optimize' the array response. In general , the statistically optimum beamformer 

places nulls in the directions of i nterfering sources to maximize the SNR at the beamformer 

output. The statistics of the array data are not usually known and may change over the time 

so adaptive algorithms are typically used to determine the weights. The adaptive algorithm is 

designed so the beamformer response converges to a statistical ly optimum solution. 

Based on the method used to choose the weights, a delay and sum (DS) beam former is 

classified as data independent, a minimum variance di stortionless response (MVDR) 

beamformer is classified as statistically optimum, and a generalized sidelobe canceller 

(GSC) is classified as adaptive beamformer algorithm, where these will be reviewed 

respectively. 
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DS beamformer is data i ndependent and provides the simplest operation in beamforming. 

Delaying the microphone signals appropriately to bring all signals arriving from the angle 8 

i n  phase and summing the signals produce an increased performance in  the SNR because in­

phase components act constructively and the out-of-phase components act destructively .  

The weights in a data independent beamformer are designed so  the beamformer response 

approximates a desired response independent of the array data or data statistics. It could be 

considered that the design for approximating a desired response is the same as that for 

classical FIR. filter design by exploiting the analogies between beamforming and FIR. 

filtering in Fig. 2- 1 3 , which can be applied to the problem of separating a single complex 

frequency component from other frequency components using the n tap FIR. filter. 

If frequency Wo is of interest, then the desired frequency response is unity at Wo and zero 

elsewhere. A common solution to this problem is to choose h as the vector p(wo) . Since 

h = p(wo)  , each element of h has unit magnitude. Tapering or windowing the amplitudes of 

the elements of h permits trading of main lobe or beam width against sidelobe levels to form 

the response into a desired shape. Assuming that array response vector p(80 ' wo) is from the 

signal arriving from a known location point 80 and narrowband (frequency wo ) ,  the 

resulting array and beam former i s  termed a phased array since the output of each sensor is  

phase shifted prior to summation. Amplitude tapering can be used to control the shape of the 

response, i .e . ,  to form the beam. 

If the array i s  narrowband and the sensors lie on a l ine, then methods evolving from 

continuous spatial aperture design can be employed. And if the array is planar and 

factorable, the l ine array techniques can be used to synthesize the overall response as the 

product of two linear array responses. 

If the beamformer is broadband and employs FIR. filters, the tapering can be applied 

independently to both the sensor outputs and FIR. filters as shown in Fig. 2- 1 3 . The taper 

weights are chosen to shape the spatial response and the FIR. filter coefficients to present a 

desired temporal response. This  shows that a spatial and temporal response interacts so it 

can not be synthesized completely independently. 
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\ + 

Output 

Delay and sum beamformer 

Fig. 2-13 A classical broadband beamformer for l ine arrays 

DS beamformer i s  one example using the structure of Fig. 2- 1 3, where the FIR filters 

approximate the propagation delays (linear phase over the frequency band of i nterest) and 

the taper weights are chosen to shape the main beam and sidelobe structure of the spatial 

response. 

2) MVDR and LCMV beamformer 

The poor performance of the DS beamformer is mainly due to the fact that i ts response 

along a direction of interest depends not only on the power of the incoming targeet signal 

coming from desired source but also depends on interfering noise signal coming from 

undesired sources. To overcome this limitation of the DS beamformer, the MVDR 

beamformer has been proposed by Capon (Capon, 1 969). The weights at each element are 

chosen to minimize the variance (i .e . ,  average power) of the output beam former while the 

gain to the looking direction (i .e. , direction of target source) i s  maintained at a specific level . 

In 1 972, a l inearly constrained minimum variance (LCMV) beamformer has been 

alternatively proposed by Frost (Frost, 1 972) to compensate for sensitivity of sensor gain 

and delay errors from MVDR beamformer. 
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Steering element 

Linearly constrained 
Adaptive algorithm 

Fig. 2-14 Direct form implementation of l inearly constrained adaptive 
array processing algorithm 

The basic idea behind LCMV beamformer is  to constrain the response of the beam former 

so signals from the direction of interest are passed with specified gain and phase. The 

weights are chosen to minimize output variance or power subject to the response constraint. 

This has the effect of preserving the desired signal while minimizing undesirable 

contributions from interfering signals and noise arriving from directions other than the 

direction of interest. The analogous FIR filter has the weight chosen to minimize the filter 

output power subject to the constraint that the fi lter response to signal s of frequency Wo be 

unity. 

As the beamformer response to a source at angle f) and temporal frequency w is given by 

hH p(f), w) , thus, by l inearl y constraining the weights to sati sfy hHp(f), w) = g ,  where g i s  a 

complex constant, we ensure that any signal from angle f) and frequency w is passed to the 

output with response g .  
Minimization of undesirable contributions to the output from interference (signal not 

arriving from f) with frequency w) is accompli shed by choosing the weights to minimize the 

expected value of output power or variance £[1 Y1 2 ]  = h H R x h .  The LCMV problem for 

choosing the weights i s  thus written as (2-45) .  

min[h H R xh] subject to pH (f), w)h = g * 
h 

(2-45) 

The equation (2-45) can be solved by using the method of Lagrange multipliers, which 

results in (2-46) . 
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h _
. R;'p(B, w) 

- g 
pH (B, w)R �p(B, w) 

(2-46) 

The resulting weighting vector is often referred to as the maximum likelihood (ML) 

weight vector (Hodgkiss, 1 979). 

It shows that if g = 1 , then above weight is often termed MVDR beamformer. 

3) GSC 

The GSC represents an alternative formulation of the LCMV problem, which essential 1y 

provides a mechanism for changing a constrained minimization problem into unconstrained 

form. The first application of this concept can be found in Hanson and Lawson (Hanson 

and Lawson, 1 969), where a procedure for transforming constrained least squares problems 

to unconstrained least squares problems is given. Gri ffiths and J im (Griffiths and Jim, 

1 982) has applied the same concept to LCMV beamforming and named the term GSc. 

It consists of a fixed beamformer, f , a signal blocking matrix,  B n '  and an unconstrained 

adaptive weight vector h n  as il lustrated in Fig. 2- 1 5 . 

Suppose we decompose the weight vector h into two orthogonal components f and - y 

that lie in the range and null space of B , respecti vely. Since B H Y = 0 ,  a fixed beamformer 

can be expressed as (2-47) i f  we assume that the constraints are as given in (2-45) 

f = g' p(B, w) 
(2-47) 

pH (B, w)p(B, w) 

Non - adaptive path d n 
(fixed beamformer) f---'------------, 

f 

Adaptive filters + 
f--..Lu--+( 

hn 

Fig. 2-1 5  Block diagram of the GSC 

The vector y is  a linear combination of the columns of an N by N - L matrix B n 

(y = BnhJ provided the columns of B Il form a basis for the null space of B .  B I1 can be 

obtained from B using any of several orthogonalization procedures such as Gram-Schmidt, 
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QR decomposition, or singular value decomposition . The weight vector h = f  - B nhn IS 

depicted i n  block diagram form in Fig. 2- 1 5 . The choice for f and B n implies that h 

satisfies the constraints independent of B n and reduces the LCMV problem to the 

unconstrained problem. 

The solution i s  

(2-48) 

where the weights h n  are unconstrained and a data independent beam former. f is  

implemented as an integral part of the adaptive beamformer. 

B n  satisfies p H (8, w)B n  = 0 so each column [Bn l ;  1 � i � N - L ,  can be viewed as a data 

independent beamformer with a null i n  direction 8 at frequency w : p H (8, w) [B n l  = 0 . 

Thus, a s ignal of frequency w and direction 8 arriving at the array will be blocked or nulled 

by the matrix B n .  In general , if the constraints are designed to present a specified response 

to signals from a set of directions and frequencies, then the columns of B n  will block those 

directions and frequencies. This characteristic has led to the term "blocking matrix" for B n .  

These signals are only processed by f and since f satisfies the constraints, they are 

presented with the desired response independent of h n • Signals from directions which are 

frequencies over which the response is not constrained, will pass through the upper branch 

with some response determined by f .  The lower branch chooses h n to estimate the signals 

at the output of f as a linear combination of the data at the output of the blocking matrix . 

• 

3.4 Cepstrum and kepstrum 

This section reviews a description of the fundamentals of cepstrum with a historical 

background and it is extended to complex cepstrum and kepstrum. It has been reviewed 

from the references of Oppenheim and Schafer (Oppenheim and Schafer, 1 975), Silvia 

and Robinson (Silvia and Robinson, 1 978) and Barrett and Moir (Banett and Moir, 1 986). 

Fig. 2- 1 6  shows a historical background of cepstrum, complex cepstrum and kepstrum. 
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Fig. 2-16 A historical background of cepstrum, complex cepstrum and kepstrum 

3.4.1 Cepstrum analysis 

Temporal signal s can be transformed into the frequency domain to be analyzed. But the 

combined signals with overlapping spectrum densities in the frequency domain may not be 

easily analyzed and characterized from the signal information (Fig. 2- 1 7). 

If the combined components can be separated from each other, they can be easily analyzed 

and so may be processed by a l inear system. The cepstrum processing technique gives a 

solution to signals which have been convolved or multiplied in the time domain because 

operation by the nonlinear mapping can be processed by the generalized linear system. 

Power spectral density 

Low pass filter 

Frequency (Hz) 

Fig. 2-17 Overlapping spectral densities 
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Bogert found in 1 959 that there was a spectral ripple in an echo waveform (Noli, 1 967). 

Turkey realized that it came from the computation of logarithm of power spectrum and its 

power spectrum showed a strong peak in a time response as shown in Fig. 2- 1 8  (Noli, 1 967). 

Frequency(Hz) 

Quefrency(seconds) T 
Fig. 2-18 Example of logarithmic power spectrum (top) and its power spectrum (bottom) 

It provides a statistical variation about the frequency of spectral ripple. Schroeder i n  1 962 

found that speech signals also have a spectral ripple (NolI, 1967). Bogert et al . (Bogert et 

aI., 1 963) published a paper where they called this unusual information about frequency of 

spectral ripple, a cepstrum, and the frequency of the spectral ripples were referred to as 

quefrency, where two words, cepstrum and quefrency were prevalently being used until 

recent time. Cepstrum is defined as the power spectrum of the logarithm of the power 

spectrum so the output in its time response is called cepstrum in a 'quefrency' domain.  

These new words, 'cepstrum' and 'quefrency' come from the anagram of the words, 

'spectrum' and 'frequency' respectively. Noll (NolI, 1 967) introduced an automatic pitch 

determination method for speech analysis on a short-time processing with the use of a fast 

computation algorithm, a fast Fourier transform (FFT) for the discrete Fourier transform 

(DFT) introduced by Cooley and Tukey in  1 965 (CooJey and Tukey, 1 965). 

Fundamentally, cepstrum techniques are suited to the analysis of data that contain echoes 

(wavelets) or reverberations of a fundamental wavelet ( sometimes cal led signature) whose 

shapes need not be known a priori . Therefore, it can be effective in a pitch detection, but 
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ineffective by an autocorrelation function because of problems with mu1tiple peaks or broad 

peaks. The result comes from the operational difference between a convolution of 

autocorrelation functions and an addition of cepstrum functions. It shows that the operation 

by a cepstrum gives a separation of signal components. But it has been realized that i t  is  

effective only in a single echo and was found to have limited application with multiple 

echoes. 

Oppenheim and Schafer (Oppenheim and Schafer, 1 968) have introduced the generalized 

l inear system (homomorphic system). By the logarithmic (homomorphic) transformation of 

the z -transform of the observed process, convolution of two signal components i s  mapped 

into the addition of their cepstra. 

Schafer (Schafer, 1 969) has been concerned with the recovery of signals generated by a 

convolutional process and called his method 'homomorphic deconvolution' or 

'homomorphic filtering' . Thi s  method i s  opposite to the cepstrum method using the 

determination of echo arrival times. Schafer has used the term 'complex cepstrum' to 

account for the fact that both the magnitude and phase spectra of the observed signal are 

used. The application can be found from seismic data (Ulrych, 1 97 1 ;  Stoffa et al., 1 974), 

speech (Schafer, 1 968; Oppenheim, 1 969; Flanagan, 1 972) and image processing 

(Oppenheim et al., 1 968; Gold and Rader, 1 969). Lim (Lim, 1 979) has developed a new 

homomorphic deconvolution system, essential1y the same as the logarithmic homomorphic 

deconvolution system except that the logarithmic and exponential operations are replaced 

with ( . ) '  and ( . ),v, operations. However, l imitations have been found in a practical 

application due to the effect of segmentation errors on the evaluation of complex cepstrum 

(Bees et al., 1 99 1 )  and certain numerical errors associated with the use of exponential 

weighting (Oppenheim and Schafer, 1 975) . 

For signal processing with analysis and synthesis, the phase information is needed. 

However, a cepstrum uses magnitude information only so it can not be inverted. On the 

other hand, complex cepstrum uses both magnitude and phase information so it can be 

inverted. Therefore, the minimum phase recovery technique from cepstrum information has 

been introduced and used for a homomorphic  deconvolution. 

The application areas are varied as fonows .  

• Radar and sonar (Gold and Rader, 1 969; Kemerait and Childers, 1 972) 
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• Speech processing (Noli, 1 967 ; Oppenheim and Schafer, 1 968; Oppenheim et aI., 

1 968 ;  Schafer, 1 968; Gold and Rader, 1 969; Oppenheim, 1 969; Schafer and 

Rabiner, 1 970; Rabiner et aI., 1 975;  Tribolet et aI., 1 977), 

• Seismic data processing(Bogert et aI., 1 963 ; Cohen, 1 970; Ulrych, 1 97 1 ;  Wood 

and Treitel, 1 975; Oppenheim and Schafer, 1 976) 

• Image processing (Oppenheim et aI., 1 968; Gold and Rader, 1 969) . 

2) The generalized l inear system (homomorphic system) 

In a speech signal processing, a short segmented speech signal (Fig. 2- 1 9) can be 

characterized by the output of a linear time invariant system modelled by an acoustic transfer 

function (Rabiner and Schafer, 1 983).  Therefore, a direct approach for signal separation 

can be considered by a deconvolution of the output signal . 

Window 

y(n) . 

N 
.. N 

N: frame size .. N 
m: frame number 

Fig. 2-19 Example of windowing 

One of typical deconvolution methods in a speech signal processing  is a homormorphic 

deconvolution and its system uses the property in a homomorphic signal processing where 

the desired speech component passes through the system essentially unaltered, while the 

undesired noise component is removed (Oppenheim, 1 969; Schafer and Rabiner, 1 973). 

Oppenheim (Oppenheim and Schafer, 1 968) has introduced a generalized linear system 

which gives an approximation to a linear system (Fig. 2-20). It shows that a linear system 

may be regarded as a special case of a generalized l inear system for the processing of 
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additive signals .  It shows that the multiplicative signal and the convolved signal can be 

processed in  a logarithmic time and logarithmic frequency domain respectively. It is  

composed of three systems, which are called a characteristic system, a l inear system and an 

i nverse characteristic system. In a signal processing, the first part is used for a signal 

analysis, the second part for l inear filtering and the third part for a signal synthesis . 

Generalized linear system(H) r-----------------------------------------------------------------------
(Horoomorph ic system) 

--------------------------------------------------------

Additive signal ,-----------'='--------: Linear system(L)I--------------, 

Multiplicative signal I --7---+------'-----"'--+___+1 log I exp Lr-�-------�-�--+ I L 

. . 
" " 

I , _________________________ ... -:::: __________ --::::. 

______________ _ 

Conr-olved sig�ali .I . 
I 

.' 

I: 'I 
FIT og IFIT 

Characteristic system 

1 I Signal analysis 
, �-----------------------------------------------------____ A_AA! 

1--------------: :---------------::::,,;---------:::,:-----------------------

L i FIT exp IFIT H-
: : 
j 1 

Linear j j Inverse characteristic system 

, 
filtering i : Signal synthesis 

'---------------, !..------------------------------------------------------------

� _____________________________________________________________________________________________________________ -.0 ______ -------------------------------------------_________________ : 
Fig. 2-20 The generalized linear system 

The first part, a characteristic system is named because it can be characterized in 

logarithmic components in the frequency domain.  Therefore, this part is  used for a signal 

analysis and called the characteristic system for a homomorphic deconvolution.  The 

convolved components in the time domain are transformed into addit ive log components in 

the frequency domain so resultant separated components are processed by a l inear filtering. 

The third part, an inverse characteristic system is named because it can be synthesized by 

exponential components in the frequency domain.  Therefore, this part is used for a signal 

synthesis and called an inverse characteristic system for a homomorphic deconvolution. The 

processed components can be synthesized to an original desired signal by a linear filtering. 

By analogy with the principle of superposition for conventional l inear systems, the non 

l inear system can be processed by a large class of generalized systems, which obey a 
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generalized principle of superposition where an addition is replaced by a convolution as 

shown in Fig. 2-2 1 .  

Fig. 2-21 Representation of homormophic  system for convolution 

That is ,  

H[xn ] = H[xnl * xn2 ] = H[xnl ] * H[xn2 ] = Ynl * Yn2 = Yn 

where H represents the operator of a homomorphic system. 

(2-49) 

Systems having the property expressed by this equation are termed 'homomorphic systems 

for convolution ' .  Thi s  terminology stems from the fact that such transformations can be 

shown to be a homomorphic transformations in the sense of l inear vector spaces. 

A homomorphic filter is simply a homomorphic system having the property that one 

component (the desired component) passes through the system essentially unaltered, while 

the undesired component is  removed. For example, if xnl i s  the undesirable component, we 

would require that the output corresponding to xnl be a unit sample, while the output 

corresponding to xn2 would c losely approximate xn2 . Thi s  is entirely analogous to the 

situation with conventional l inear systems where we are faced with the problem of 

separating a desired signal from an additive combination of signal and noise. 

An important aspect of the theory of homomorphic systems is that any homomorphic  

system can be represented a s  a cascade of  three homomorphic systems as depicted i n  Fig. 2 -

22. 

H 
Fig. 2-22 Canonic form of system for homomophic deconvolution 
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The first system is called the characteristic system for homomorphic deconvolution, which 

obeys a generalized principle of superposition where the input operation is convolution and 

the output operation is ordinary addition as shown in Fig. 2-22. The internal operation of z ­
transform by FFT, logarithmic function and inverse z - transform by inverse fast Fourier 

transform (IFFT) is shown in Fig. 2-23 .  

I -I  FFT ·1 log ·1 IFFr • Xn X (z) Cx (z) ex, 

LOG 

Fig. 2-23 Representation of the characteristic system for homomorphic deconvolution 

This  approach comes from the property that the logarithm of a product i s  equal to the sum of 

the logarithms, which is trivially true for real positive quantities. That is, 
A ex (z) = 10g[X (z)] = 10g[X 1 (z)X 2 (z)] = 10g[X 1 (z)] + 10g[X 2 (z)] (2-50) 

The second system is a conventional l inear system obeying the principle of superposition 

and the third system is the inverse of the first system, i .e . ,  it transforms signals combined by 

addition back into signals combined by convolution, which is shown in Fig. 2-24 by using 

z - transform by FFT and exponential function and then inverse z - transform by lFFT. 

FIT 1------,-----.:.' exp 1'(z) 
EXP 

Y(z) 
I ., IFFf ;-1 -+ ___ �. I 

Fig. 2-24 Representation of the inverse of the characteristic system for homomorphic 
deconvolution 

However, the z -transform is in general a complex quantity and there are important 

considerations of uniqueness when deal ing with the logarithm of a complex number. For 

computational purposes we shall be primarily concerned with ensuring that ex (z) i s  valid 

when evaluated upon the unit circle, Z = ejw •  However, an appropriate definition of the 

complex logarithm is 

(2-5 1 )  
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In this equation, the real part causes no particular difficulty. However, problems of 

uniqueness arise in defining the imaginary part, which is simply the phase angle of the z ­

transform evaluated on the unit circle. One approach to dealing with the problems of 

uniqueness of the phase angle is to require that the phase angle be a continuous odd function 

of w. 

Fig. 2-25 shows a block diagram which can be used to process data m a real-time 

(Childers et aI., 1 977). 

XR (Z) 1 1 2 I 1 <\(z) ow P er cepstrum 

XII 

'--

4= - log c, (n) 
FFr 2 IFFf 

+ I tan ·} \ Phase I Remove linear 

X/ (z) unwrap phase component (;/ (Z) 
c, I Filter (lifter) I 

YR (z) exp AA Y.(z) 
FFr � IFFr y" I Cosine Insert linear 

Yiz) phase component I Sine 
Y / (z) 

Fig. 2-25 Block diagram which can be used to process data in a real-time 
(Childers et aI., 1 977) 

[2 A ]' 
x .  + cx_ -

Complex cepstrum, C x. is defined as the inverse transform of the complex logarithm of the 

Fourier transform of the input and it is the output of the characteristic system for a 

convolution,  which can be written as 

(2-52) 

The output of the characteristic system ,  Cx is called the 'complex cepstrum' (the term . 

'complex cepstrum' implies that the complex logarithm is involved). 

The term 'cepstrum' can be written as 

(2-53) 

where the sequence cx• can be shown to be equal to the even part of the complex cepstrum 

A cx • .  
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The idea of the kepstrum comes from the classical works on a potential theory by Poisson 

(Poisson, 1 823) and Schwarz (Schwarz, 1 872) for solving the problem of determining a 

potential function whose a real part i s  an assigned known value on the unit circle. It has 

been applied to echo detection, geophysics, speech processing and vibration signal analysis 

etc. by Robinson (Robinson, 1 954), Bogert et al . (Bogert et aI., 1 963), Schafer (Schafer, 

1 969), Oppenheim and Schafer (Oppenheim and Schafer, 1 975), Tribolet (Triholet, 1 977), 

Silvia and Robinson (Silvia and Robinson, 1 978) and others. 

1 )  Word definition : cepstrum, complex cepstrum and kepstrum 

The word 'cepstrum' , which is an anagram of the word 'spectrum' ,  has been first 

introduced and defined as power spectrum of logarithm of power spectrum by Bogert et al . 

(Bogert et aI., 1 963) .  The word 'complex cepstrum' has been used as an extended word 

from cepstrum by Schafer (Schafer, 1 969) in 1 969. However, nowadays many texts state 

that the cepstrum is defined as the inverse Fourier transform of the logarithm of the 

spectrum. On the other hand, the word 'kepstrum',  quite similar to the word 'cepstrum' ,  has 

been coined by Silvia  and Robinson (Silvia and Robinson, 1 978) in 1 978. It comes from 

the first letters of the Kolmogorov equation power series time response, and then by adding 

the Latin singular ending 'um' to denote one kepstrum. Its plural word 'kepstra' is also used 

to denote more than one kepstrum by adding the Latin plural ending 'a' . The complex 

cepstrum of a real sequence is also a real sequence because of i ts symmetry property. 

Therefore, the meaning of the word ' complex cepstrum' may be confused with the real­

valued 'complex cepstrum' , because 'complex ' from complex cepstrum actually comes from 

the use of both magnitude and phase spectrum information in logarithm frequency domain.  

Therefore, the word 'kepstrum' has been used in  the thesis throughout because it is  the 

operation of a real sequence because of symmetry property and it comes from the 

Kolmogorov' s  fundamental work, which gives a mathematical construct. 

2) Kepstrum analysis of a minimum phase transfer function 

From the Schwarz' s classical expression (Schwarz, 1 872; Silvia and Robinson, 1 978), 

1 21C [ 1 + z- le iA J H+ (z) = - fHR (A) -l A dA , 
27r 0 1 - z e 1  Izl < 1 (2-54) 
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where A as the integration variable and z = rep., .  This equation gives the a potential 

function H + (z) whose a real part on the unit circle is HR (w) . The Schwarz expression 

follows from the famous result of Poisson on potential theory. An interesting result arises 

from the logarithm of a potential function because the application of logarithm to a potential 

function gives changes to the minimum phase property. Therefore, it may be expressed as a 

logarithm of a minimum phase transfer function, log H M (z) . 
log H M (z) = 10g\H M ( z)\ + j arg H M (Z) (2-55 )  

The real part of  the logarithmic potential evaluated on  the unit circle z = e jlV is then 

10glHM (z = ejlV )1 = 10g\HM (w)\ . In terms of the logarithmic potential, Schwarz ' s  expression 

becomes 

\ z\ < 1 (2-56) 

where 10g\H M (w) 1 is the assigned or known value on the unit circle and the function H M (z)  

has zeroes or poles inside of the unit  circle, i .e . ,  H M (z) is a minimum phase and the z-

00 

transform of a sequence h" , is defined by H± (z) = Ih"z-" . As a result, 10g H M  (z) has a 

Taylor-Maclaurin series expansion in the unit circle .  

00 

10g HM (z) = Ik"z-" , Izl < 1 
,,=0 

11=-00 

(2-57) 

The coefficients k" of this Taylor-Maclaurin series are the coefficients of a stable causal 

system. These coefficients are called the kepstrum of the minimum phase system H M (Z)  

(Silvia and Robinson, 1 978). 

The complex variable z represents a point within the unit circle (i .e. , \ z\ < 1 ). However, we 

can consider the limit of 10g H M (z) as the interior point, z approaches a point on the 

circumference of the unit circle. That is, we consider the limit of log H M (z) as z approaches 

This limit is 

00 

10g HM (w) = Ik"e-j"w (2-58) 
,,=0 

Separating the above into real and imaginary part, we obtain 
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By equating real part, it can be shown that 

for n � 1 
for n = O 

for n ::; -1 

(2-59) 

(2-60) 

1 IT 

where c" = - rlogIHM (w) l ejIlWdw for n = 0, ± 1, ± 2, . . . . . . . .  and , * , 
denotes the complex 

27r J 
-IT 

conjugate. 

By equating the imaginary parts, it can be shown that (Silvia and Robinson, 1 978) 

- 1 r (W - A) BM (W) = - p  J logIHM (A)l cot -- dA 
27r 2 

-IT 

(2-6 1 )  

where the symbol P denotes that the integral has its Cauchy principal value. The kepstrum 

can be used as an intermediate step in deriving the above equation, which shows that for a 

minimum phase system H M (z) , knowledge of only the log magnitude spectrum 10g lH M (w)1 

is sufficient to determine the phase spectrum BM (w) . 
It can also be analyzed by a mathematical representation from a minimum phase causal 

kepstrum as follows. 

Definino z = e jw t> , 

= ko + R{t,V;OW ) + ]1m(t,V;
"
" ) 

where loglH M (e;" )1 = [ko + R{t,k"e -; .. )] and arg[H M (e iw )] = [Im( t,k
"
e-;". )] 

In an exponential form, 

K ( jW ) - k k -jw k -j

2

w M e - 0 + Je + 2e + . . . . . . 

= ko + kJ (cos w- j sin w) + k2 (cos 2w - j sin 2w) + . . . . . . 

= ko + kJ cos w+ k2 cos 2w+ . . . . . . + j(- (kJ sin w+ k2 sin 2w+ . . . . . . .  ) ] 

(2-62) 

(2-63) 
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= ko + � k" cos nw + {-� k" sin nw J 
00 

where loglH M (ejW )1 = ko + kl cos W + k2 cos 2w + . . . . . .  = ko + I kn cos nw 
n=1 

argis M (e!· ) J =  -(k, sin w + k, sin 2w + . . . . . . .  ) = j( - � k" sin nw J 
For the N -point discrete form, 

The minimum phase kepstrum KM (� k) i s 
(2-64) 

From (2-62), 

KM -k = I kn cos-kn + j - Ikn sin -kn 
( 2Jl ) N-I ( 2Jl ) ( N-I 2Jl J N n=O N 11=0 N 

(2-65) 

N-I ( 1 . 2lrk 1 . 2lrk ) [N-I ( 1 .2lrk 1 . 2lrk )] }- 'n -}- 'n }- n -}- n 
= k + � -k e N +-k e N + J. � - -k e N --k  e N o L.... -n n L.... -n 

2 
n 

n=1 2 2 11=1 2 

where the magnitude of the minimum phase kepstrum is 

/Ir k N-I 2Jl 1 [N-I ( /Ir kn -/Ir kn )] 
log HM (e N ) = Ikn cos-kn = ko +- I k_n e N + kne N 

n=O N 2 n=1 N-I ( 1 . 2lrk 1 . 2lrk ) }- n -}- :n 
= k + � -k e N +-k e N o L.... 

2 
-n 

2 
n 

n=1 

and the phase of the minimum phase kepstrum is 

For the N-point discrete form, 
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(2-66) 

(2-67) 

Any causal signals (h+n ) with a minimum phase or non minimum phase can be expressed 

as a sum of even function (he ) and odd function (ha ) . 

(2-68) 

So if we know the even function of the signal , it can be recovered by multiplying it two 
times in a positive time series except a zeroth coefficient (Fig. 2-26 (A)). 

for n � 1 
for n = 0  
for n ::; -l 

(2-69) 

On the other hand, only a minimum phase signal (hM ) can be expressed as the sum of even 

and odd functions in a kepstrum time series (Fig. 2-26 (B)). 

for n � 1 
for n = 0  
for n ::; -l 

(2-70) 
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Causal kepstrum signal 

(Minimum phase) 

k+n = k, + ko 

n I • 
I T T 'Y'ii 

i k, 

• I I I I • ! I ! , . ..... . 
I ) 11 

r I . I ! , • . . . . . .  
I I I I 

) 11 
• • 

• 

(B)  

Fig. 2-26 Causal signal (A) and minimum phase kepstrum signal (B) 

1 ) Minimum phase computation 
Minimum phase term can be calculated from a Hilbert transform directly or kepstrum 

coefficients indirectly. 

i ) Direct computation by Hilbert transform relation 
It can be calculated directly from Hilbert transform relation, which has been developed 

from Schwarz formula in 1 872 (Schwarz, 1 872). 
From the description from even function only, 

� � 

H+ (z) = Lh"z-" = h; + 2Lh,�Z -1I 
n=O 11=1 

where h; and h,� are zeroth and n-th coefficients of even function respectively. 

By using that h,� = _1_ 2JH R (W)ejIlWdw 
2" 0 

1 21f � 

= - S(l + 2LejllA z -II )H R (/L)d/L 
2" 0 11=1 

(2-7 1 ) 

(2-72) 

(2-73) 
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(2-74) 

(2-75) 

In order to obtain a direct relationship between the real part and imaginary part on the unit 
circle, 

1 where U (w) = 7rO(W) + . 
l _ e-1w 

.5:( ) 1 . 1 W = 7ru W +-- J - cot-
2 2 2 

Now we obtain the relation between HR (w) and H J (w) , 

This integral is cal led Hilbert transform. 

Now, for the application of kepstrum, 

KM (W) = 10g H M (W) = KR (w) + jKJ (w) 

i i) Indirect computation by kepstrum coefficient 

ii- l )  By transfer function 

(2-76) 

(2-77) 

(2-78) 

(2-79) 

(2-80) 

(2-8 1 ) 

For the minimum phase computation, the kepstrum coefficient can be used as an 
intermediate step to calculate the phase information. The procedure is shown as fol lows. 
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KM (W) = Ikl/ e-jl/W = logHM (ejW ) = loglHM (ejw ) l + jargHM (eP.' ) 1/=0 
where 

log lH M (ejW ) 1 = (ko + k} cosw+ k2cos2w+ . . . .  ) 

argH M (e jW ) = -(k} sinw+ k2sin2w+  . . . . ) 

From the cosine series for log magnitude we have 
1 2tr 

ko = - JloglH M (e jW )ldw 
2n 0 

Using these coefficients the phase can be computed from the sine series. 

i i-2) By spectral factor 
By spectral factor from the knowledge of power spectrum, 

log IH+ (e jW ) 1 = � log<l>(w) 

(2-82) 

(2-83) 

(2-84) 

(2-85)  

(2-86) 

(2-87) 

From this, the corresponding missing phase information argH+ (ejW )  may be reconstructed 

by means of the Fourier series method. Using equation (2-87), 

It gives the same result with equations (2-85) and (2-86) by transfer function . 
Therefore, using these coefficients the phase can be computed from the sine series. 

2) Pole-zero analysis for causal kepstrum signal 

(2-88) 

(2-89) 

Any transfer functions can be specified by numerator polynomial of zeros and 
denominator polynomial of poles with a gain factor and may be resolved as its polynomial 
factorizations. 

(2-90) 
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A A A LI (1 + _
1 

Z -I + _2 
Z -2 

+ . . . .  + _m 
Z-"' ) ''0 LI LI LI LI 1 -I -2 -m 

= ___ ''0...:::..-__ '--''----'0 ____ '--''----'0 __ - _''0_ + a1 z + a2 z + . . . .  + amz 
) B B B - B (

1 b -I b -2 b -n 
B 1 -I 2 -2 n -n

) 0 + 1 Z + 2 Z + . . . .  + n Z 
o (1 + - Z  + - Z + . . . .  + - Z  BO BO BO 
1 -I -2 -m (1 -1 )(1 -I ) (1 -I ) = C  + a1 z + a2z + . . . .  + am z ) = C  - Z

I
Z - Z2Z . . . . .  - Z", Z  

o ( 1 b - I  b -2 b -n 0 (1 -I )(1 -I ) (1 -I ) + 
I
Z + 2Z + . . . .  + n Z - P1 Z - P2 Z . . . . . .  - Pn Z 

From the polynomial factorization (2-90), its logarithm of transfer function logH (z) is 

shown as a separate terms, i .e . , constant term, positive and negative exponential terms (2-

= log(Co ) + 10g(1 - ZI Z
-I ) + log(1 - Z2 Z -I ) + . . . . .  + 10g(1 - zm z-I ) 

m n 
= 10g(Co ) + Ilog(1 - Zk Z-I ) -Ilog(1 - Pk Z-I ) 

k� k� 

where log -- = h + - + - + . . . . . . .  + - + . . . . . . .  , = I - hI! 
( 1 ) h2 h3 h

k � 1 
I - h  2 3 k n=1 n 

I ( 1 J � 1 -I )
n og 

-I 
= � - (Pk Z , 1 - Pk Z n=1 n 

(2-9 1 )  

(2-92) 

(2-93) 

When all poles and zeros are inside the unit circle, the complex cepstrum is causal and can 
be expressed simply in terms of the filter poles and zeros as (2-94). { lOg(Co ), n = O  
h = N 1 M 1 n I- p; - I- z; n = 1 ,2,3, . . . . .  , 

k=1 n k=1 n 
(2-94) 

where N is the number of poles and M is the number of zeros. Note that when N > M , 
there are real ly N - M additional zeros at Z = 0 ,  but these contribute zero to the complex 
cepstrum. When M > N , there are M - N additional poles at z = 0 which al so contribute 
zero. 
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In summary, each stable pole contributes a positive decaying exponential (weighted by 
1 /  n ) to the complex cepstrum, while each zero inside the unit circle contributes a negative 
weighted exponential of the same type. On the other hand, poles and zeros outside the unit 
circle contribute anticausal exponentials to the complex cepstrum, negative for the poles and 
positive for the zeros. 

However, any spectrum can be converted to minimum phase form without affecting the 
spectral magnitude by computing its cepstrum and replacing any anticausal components with 
corresponding causal components .  It can be done by reversing the anticausal part cepstrum 
to the positive part of time zero so that it adds to the causal part. This corresponds to 
reflecting non minimum phase zeros inside the unit circle that preserves spectral magnitude. 
The original spectral phase is then replaced by the unique minimum phase corresponding to 
the given spectral magnitude. 

3) Reflection of phase zeros by reciprocal polynomial 
Any non minimum phase signal can be transformed into minimum phase signal by using 

reciprocal polynomial in the z-transform domain. The example shows that one non 
minimum phase zero outside of unit circle is reflected into the unit circle with same spectral 
magnitude (Fig. 2-27). 

x 
x 

o 
x 
x 

o 

HN (z) 

o 

o 1 
(::i�-;Ii;-:-�����:�I =+-�-;>r) H M (Z) -

.. --

-
------------ -

-
. .  -

-------
Fig. 2-27 Phase zeros reflection into minimum phase 

On the other hand, it can also be transformed into non minimum phase signal by using 
reciprocal polynomial in z-transform domain. The example shows that one minimum phase 
zero inside of unit circle is reflected to the outside of unit circle with same spectral 
magnitude (Fig. 2-28) . 
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Fig. 2-28 Phase zeros reflection into non minimum phase 

• 
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The adaptive algorithms, LMS, NLMS and RLS are reviewed. It is well known from the 
references of Haykin (Haykin, 1 996) and Widrow and Steams (Widrow and Stearns, 

1 985) .  

4.1 LMS algorithm 

The operation of an adaptive filter is mainly composed of two processes, the adaptive and 
fil tering process. The former involves the automatic adjustment of the tap weights of the 
filter in accordance with an adaptive algorithm. The latter involves 1 )  a multipl ication of the 
tap inputs with the corresponding set of tap weights resulting from the adaptive process to 
produce an estimate of the desired response, and 2) a generation of an estimation error by 
comparing this estimate with the actual value of the desired responses. The estimation error 
is then used to actuate the adaptive process, thereby closing the feedback loop. 

Fig. 2-29 shows the linear transversal filter in a block diagram form. The filter output Yn 

is expressed in the convolution form as (2-95) 

p 
Yn = Ih;xn-k+1 (2-95) 

k=l 

dll 

+ Y..+ 1 5' + ell f------0-1 1I 

Fig. 2-29 Transversal filter 

The estimation error en i s 

(2-96) 

The mean square value of the estimation error (the mean square error) , J (h) is written as 

(2-97). 

J ( h) = E[ e n e: ] (2-97) 
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The mean square error is a real and positive scalar. By minimizing J (h) I we obtain the 

optimum linear filter in the minimum mean square sense. 

The composition of the P - by - 1  tap weight vector hn of the filter at time n and that of 

the P - by - 1  input vector xn at time n ,  respectively are shown by 

x � = [xn ' xn-l ' . . . . . .  · ' xn_P+l ] 

(2-98) 

(2-99) 

where the superscript T signifies transposition . We may rewrite in the form of an inner 
product of vectors as 

(2- 1 00) 

where the superscript H signifies Hennitian transposition. 

Accordingly, we may express the estimation error as en = dn - h� xn or, m complex 

Assuming that the tap input vector xn and the desired response dn are jointly stationary, 

mean square error J (w) is precisely a second order function of the tap weight vector h . 

(2- 1 0 1 )  

where a; i s  E[dnd; ] ,  the v a  riance of the desired response dn assummg zero mean. R is 

E[x ll x� ] ,  autocorrelation vector of tap input vector xn ' P i s  E[xnd; L cross-correlation 

vector between the tap input vector x n  and the desired response dn . 

The requirement i s  to design the filter so that it operates at the minimum point of the error 
performance surface (denoted by J min ) making the transversal filter optimum in the 

minimum mean square sense 
To determine the optimum tap weight vector h ,  we first differentiate the mean square 

error J (h) with respect to the tap weight vector h ,  cal led gradient vector and denoted by V , 

and then set the resul t  equal to zero as fo] ]ows. 

V = dJ (h) = -2P + 2Rh 
dh 

(2- 1 02) 

Now, we get the discrete fonn of the Wiener-Hopf equation, which is also called the 
normal equation as (2- 1 03). 
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(2- 1 03) 
From the above equation, the computation of the optimum tap weight vector h reqUlres 

knowledge of two quantities, the correlation matrix R of the tap input vectorxn and the cross 

correlation vector P between the tap input xn and the desired response dn • 

Let V n denote the value of the gradient vector at time n and h n denotes the value of the 

tap weight vector at time n . 
According to the method of steepest descent, the updated value of the tap weight vector at 

time 11 + 1 is computed by using the simple recursive relation 

n = 0, 1, 2, . . . . . . .  , (2- 1 04) 

where 11 is a positive real valued constant. 

We call (2- 1 04) the steepest descent al gorithm and 11 IS the step-size parameter or 

weighting constant. 
To develop an estimate of the gradient vector V n = -2P + 2Rhn , the instantaneous 

estimates of R and P ,  based on sample values of the tap input vector and desired response 
are used. 

(2- 1 05) 

(2- 1 06) 

Correspondingly, the instantaneous estimate of the gradient vector is 

(2- 1 07) 

Note also that the estimate V n equals the gradient of the instantaneous square error 1 en 1 2 . 
Substituting the estimate of above equation (2- 1 07) in the steepest descent algorithm (2-
1 04), we get a new recursive relation for updating the tap weight vector. 

(2- 1 08) 

where en = dn - h: xn and en defines the estimation error and note that the second term 

2l1Xne; represents a correction that is applied to the current estimate of the tap weight 

vector, hn and the iterative procedure is started with the initial guess , ho . 

The above equation (2-1 08) i s  cal led the adaptive LMS algorithm, which was proposed by 
Widrow and Hoff in 1 960 (Widrow and Hoff, 1 960) as one of the stochastic gradient 
algorithms. 
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It is widely used as the simplest algorithm through various appl ications because of the 
non-requirement of correlation function and matrix inversion. 

The major l imitations are a relatively slow rate of convergence and sensitivity to variations 
in the eigenvalue spread, defined as the ratio of the maximum to minimum eigenvalues of 
the correlation matrix of the tap inputs. 

For the computational complexity, LMS algorithm with N real weights reqUIres N 

multiplications to compute its output and the other N multiplications to update the weight 
vector. Therefore, a total of 2N real multiplications are needed to produce each output 

sample. Thus 2N 2 real multipl ications are required for every N output samples (Shynk, 

1 992). In addition, LMS algorithm requires approximately 20N iterations to converge in 
mean square, where N is the number of tap coefficients contained in the tapped-delay-line 
filter (Haykin, 1 996). The LMS algorithm always exhibits a nonzero misadjustment. 
However, thi s misadjustment may be made arbitraril y  small by using a sufficiently small 
step size parameter f.1 . 

• 

4.2 NLMS (normalized least mean square) algorithm 

It is well known from Haykin (Hay kin, 1 996) that the performance of LMS may be 
evaluated in terms of convergence rate and stability and it is directly related to the proper 
selection of step size ( f.1 ) . It is wel l  known that a compromising effect takes place when f.1 

is too large resulting in faster convergence but less stability. On the other hand, if f.1 is 

smaller, then we get slower convergence but greater stability. Therefore conventional LMS 
has difficulties when applied to applications in a real-time processing in a real environment 
since a speech by its very nature has a wide dynamic range and may give rise to stabi lity in 
quiet utterances and conversely instabi l ity when the utterances are louder or when non 
stationary noise is added. Increasing the step size only serves to make the risk of instability 
even greater whereas a conservative estimate can have slow convergence. 

It has been shown from the performance analysis of the LMS algorithm (Haykin, 1 996) 

2 that it can be convergent or stable in the mean, if and only if 0 < f.1 < -- . Using the 
Amax 

analysis that the maximum value of f.1 depends on the largest eigenvalue Amax of the input 

autocorrelation R, which can be approximated to tr(R) and then in the same way to I lx n 1 1 2 
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(i .e. , Amax "" tr(R) "" I IX n 1 1 2 ) , it can be induced that the maximum value of j.1 depends on the 

input power signal . Accordingly, the step size for the stable adaptation has to be constrained 
according to 

2 2 2 
0 < j1 < -- "" -- "" --

Amax tr(R )  Ilx,J 
(2- 1 09) 

where, Amax is the largest eigenvalue of the tap input auto correlation matrix R ,  tr(R) i s 
p 

trace ofR , which is the sum of the elements on its diagonal (LA; ), and Ilxn 1 1 2 is the input 
;=1 

power. (2- 1 09) is often referred to as the condition for convergence in the mean-square. 
Based on the above, the NLMS (2- 1 1 0  and 2- 1 1 1 ) ,  which is called the variant algorithm of 

LMS uses the input-dependent adaptation step size so it provides a faster convergence and 
greater stability than ordinary LMS. 

11 = j1 0 <  ii < 2  rn 2 ' ,-
a + \\x n \\ 

(2- 1 1 0) 

(2- 1 1 1  ) 

(2-1 1 2) 

where f.1n is a modified input dependent step size and a i s  an infinitesimal positive value 

added to prevent the possibility of zero division in the event of a very small input value. 
For the computational complexity, NLMS requires 3N + 2 multiplications per sample 

interval (MPSI) (Homer, 2000). Thus 3N2 + 2N real multiplications are required for every 
N output samples. 

• 

4.3 RLS (recursive least square) algorithm 

The RLS algorithm uses a different adaptive method to determine the coefficients of an 
adaptive filter. The method util izes information from all the previous input data to estimate 
the inverse of the autocorrelation matrix of the input vector (Haykin, 1 996). It has been 
derived independently by several investigators, but the original reference on the RLS 
algorithm is appeared to be Plackett in 1 950 (Plackett, 1 950) . 
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The recursive method of least squares is to minimize the residual sum of squares of the error 

signal ( en )' To adjust of influence of input samples from the far past, the weighting factor is 

used in the cost function ( In ) ' 
n 

In = I p"-k e: (2- 1 1 3) 
k=1 

where P is cal led the exponential ly weighted forgetting factor to be selected between 

O < P < l . 

In a analogous way with LMS method, we now find the gradient of the cost function with 
respect to the current weights hn 

n 
V h (JJ = I pn-k (-2P + 2Rhn ) (2- 1 1 4) 

k=1 

where R is E[xnx� ] ,  autocorrelation vector of tap input vector x n ' P is E[xnd; ] ,  cross-

correlation vector between the tap input vector xn and the desired response dn • 

However, this method does not use a gradient descent method instead it uses an immediate 
search for the minimum of the cost function by setting its gradient to zero, V h (J n ) = 0 . 

The resulting equation for the optimum filter coefficients at time n is , 

n n 
where R n  = I pn-kxkX� and P n = � pn-kdk X� . 

k� k� 
Both Rn and P n can be computed recursively: 

(2- 1 1 5) 

(2- 1 1 6) 

(2- 1 1 7) 

To find the coefficient vector hn ' we need the inverse matrix R�I . Using a matrix 

inversion lemma (Haykin, 1 996), a recursive update equation for R �I is found as 

R-I = p-I R-I p-I ' 
11 n-I + f.1nxn  

Therefore, we find the weights update equation as 

(2- 1 1 8) 

(2- 1 1 9) 

54 



Chapter 2 :  Literature review 
4. Adaptive algorithms 

The RLS algorithm is found more computationally complex but it has faster convergence 
than the LMS or its variant NLMS. For the computational complexity, RLS requires 

5N 2 + 2N + 2 multipl ications (Lim and Macleod, 1 994) . Table 2-1 shows summary of 
LMS, NLMS and RLS adaptive algorithm. 

I 

Table 2·1 Summary of LMS, NLMS and RLS adaptive algorithm 

LMS l\TLMS 

: Steepest decent algorithm : Variant of LMS 
for the minimum of 
cost function h//+J = h// + j1//x//e// 

h n+J = hn  + j1xnen o < J1 < l l 
J1// = iJ 

a + llx,J O < iJ < 2  
- convergence rate and stability 

depends on step size - Stable and faster convergence 

J1 is large: faster convergence than LMS 
but unstable - Input dependent step size 

J1 is smal l :  stable but slower - More complexity than LMS 
convergence 

RLS 

Recursive algorithm: immediate search 
for the min imum of the cost function 
by setting its gradient to zero 

h// = R:Jp// 
R-J jJ-JR-J jJ-J ' " = 1/_1 + PI/x" 

h// = h"_J + P;,X,ll// 
. jJ-JR-1 _ II-l 

J1// - l + jJ-J HR-J XII "_IX,, 
ell = d// - x�h// : apriori error 
Yf// = d// - x�h//_J : aposteriori error 

- Faster convergence than NLMS 
- Computational burden 

Both algorithms have compromised effects among simplicity, performance or 
computational complexity. For a comparison test between RLS and LMS, Harrison et al . 
(Harrison et ai, 1 986) show that an exact least square method, RLS gives, on average, two­
tenths decibel of a SNR improvement over the LMS algorithm. Goubran and Hafez 
(Goubran and Hafez, 1986) describe that the advantage of using a pole-zero model is a 
significant reduction in the number of taps required, this number is nearly 1 /5 the number of 
taps in a conventional transversal filter. Pole-zero adaptive filters are, however, less stable 
and more susceptible to truncation errors. 

• 
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5. WOSA, MSC and TDOA estimation algorithms 

This section reviews WOSA (weighted overlapped segment averaging), MSC (magnitude 
squared coherence) and TDOA (time delay of arrival) estimation algorithms. It can be used 
for power spectrum estimation and its analysis, and an application to a noise reduction 
scheme using a time delay, bearing and coherence estimate. It has been reviewed from the 
references of Agaiby (Agaiby, 1 999), Knapp and Carter (Koapp and Carter, 1 976), Carter 
(Carter, 1 973) and Nuttall and Carter (Nuttall and Carter, 1 982). 

5.1 WOSA estimation algorithm 

A nonparametic method, which is based on a time averagmg over short, modified 
periodogram (Welch, 1967) has a benefit of using an FFT for a power spectrum estimation. 
The periodogram was original ly introduced by Arthur Schuster in 1 898 to study periodicity 
of sunspots and developed by Bartlett (Bartlett, 1 948), Blackman and Tukey (Blackman 

and Tukey, 1 958), Welch (Welch, 1 967) and Nuttall (Nuttall and Carter, 1 982). These 
spectral based methods make no assumption about how the data were generated and hence 
are cal led a nonparametric. 

1 )  A generalized framework for spectral based estimation 
A generalized framework for spectral based estimation has been described by Nuttal l and 

Carter (Nuttall and Carter, 1 982). It provides the fol l owing combined five steps (two­
stage) time and lag weighting method for a nonparametric spectral estimation. 

i) The signal record is partitioned into L frames. Each frame is multiplied by a time 

weighting function w, (t) such that the k -th frame becomes 

N 
Yk (t) = x(t)w, (t - - - kr) 

2 
(2- 1 20) 

where N is the frame length and r is the time shift. By a proper selection of r ,  the 
segments may be disjointed or overlapped. 

ii) The FFf is calculated for each segment, and multiplied by the complex conjugate of the 
corresponding FFf of the other signal according to the type of function required whether 
auto or cross spectrum. The computed values are then averaged over the available segments. 
In particular, the first-stage spectral estimate is 
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(2- 1 2 1 )  

i i i) The resultant spectral estimates are inverse Fourier transformed into the correlation or lag 
domain . We have the third step (2- 1 22). 

(2- 1 22) 

iv) The correlation estimate is multiplied by a lag weighting function w2 (r) . 

(2- 1 23) 

v) The result of step (iv) is transformed back again to the frequency domain to yield the 
second-stage spectral estimate. 

(2- 1 24) 

2) Analysis of nonparametric estimation technique 
According to the generalized framework, three main techniques, Blackman and Tukey 

method (Blackman and Tukey, 1 958), WOSA technique (Welch, 1 967) and the l ag­
reshaping method (Nuttall and Carter, 1982) have been analyzed. 

Blackman and Tukey method shows that i t allows for only one segment with time 
weighting, and a smooth lag-weighting function in the correlation domain. This method 
provides a good spectral resolution but requires a large number of data points to achieve a 
low estimate variance or stabi lity. 

In the WOSA method, a l arge number of overlapped segments are multiplied by a smooth 
time weighting function, and the FFf products of these segments are averaged to obtain the 
final spectral estimate. No lag weighting is used in the WOSA method. This method 
provides a reduced estimate variance but at the expense of a lost spectral resolution. 

In the lag-reshaping method, the data is segmented with a unit gain rectangular time 
weighting and no overlapping. After averaging, the resultant power spectrum is transformed 
into the correlation domain, where a smooth multiplicative lag-weighting function is appl ied 
before transforming back into the frequency domain .  It provides virtually the same stability 
as the WOSA method while requiring fewer computations. 
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However, It has been found that a fast response time is important especially in a real time 
processing but a high frequency resolution is not particularly necessary in the wide speech 
spectrum (Agaiby, 1 999) . For the computational complexity, a total computation of 50% 

overlapping windowed WOSA algorithm requires N log2 (5 . 1 2 / Lif) ,  where N is data 

length and t1f i s  frequency resolution (Proakis and Manolakis, 1 992). 

Therefore, the WOSA method can be modified to give a much faster response time by 
using a moving average similar to that used by Allen et al . (Alien et aI., 1 977) instead of a 
simple average on the spectral estimates although the lag-reshaping method provides fewer 
overall computations. 

Using a moving average, it provides an almost instant estimate of the coherence function 
as an estimate, which can be made at the end of each segment instead of at the end of the 
whole record. Using such a moving average, the auto (2- 1 25 and 2- 1 26) or cross-spectral 
densities (2- 1 27) are estimated using the foll owing recursive formula (Alien et aI., 1 977). 

<I> dd (i) = [J<I> dd (i - 1 )  + ( 1 -[J)X d (i)X; (i) (2- 1 25) 

(2- 1 26) 

<I> dx (i) = [J<I> dx (i - 1 )  + ( 1 -[J)X d (i)X; (i) (2- 1 27) 

where i is the frame number, fJ is a forgetting factor (0< fJ < 1 )  and X d and X x are the 

DFTs of the signals Xd (t) and Xx (t) respectively. The symbol fJ is a forgetting factor 

O<fJ< l ,  fJ=O.8 wil l be used in the experiments, which was found to be adequate for 50% 

overlapping processing (Le Bouquin Jeannes and Faucon, 1 994). 
Based on above, the modified WOSA method can be applicable to real-time power 

spectrum estimation. It may al so be extended to MSC and TDOA estimation accordingly . 

3) Parameters selection for WOSA, MSC and TDOA algorithm 
A proper selection of the parameter values is important because it can significantly 

increase the performance of the WOSA method as a spectral estimator. It has been shown 
that a significant improvement in the estimate variance can be achieved by a proper 
parameters selection (Carter et aI., 1 973). Other measures such as a computation cost, 
response time, and frequency resolution can also be considered for a parameters selection. 
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For any spectral analysis with finite duration records, the sampled signals are multiplied by 
a window in the time domain. To reduce the sidelobes, a smooth window can be used. The 
smoother the weighting function, the more rapidly the side lobes of its Fourier transform is 
decayed. Hence, smooth weighting functions give rise to a better power spectrum estimate, 
and consequently, better coherence and TDOA estimates. 

However, smooth weighing function has a wider mainlobe, which results in poorer 
frequency resolution for the same segment length. For better resolution, more data points 
per segment are required (Proakis and Manolakis, 1 992). 

ii) Overlapping, WOSA 
For the estimate of MSC, it has been shown that the estimate variance and bias vary 

inversely with the number of segments (Carter et aI., 1 973). Therefore for a better estimate 
of the coherence, we need to increase the number of segments. 

By increasing the number of segments while maintaining the same segment length, 
segments are overlapped to maintain the same frequency resolution. The amount of 
overlapping is a function of the used weighting function (Knapp and Carter, 1 976). Most 
of the reduction in the bias and variance of the estimate may be achieved through 50 percent 
overlap and it shows good compromise between accuracy and computational complexity 
(Carter et aI., 1 973). 

i i i) Segment length, WO�A 
A selection of the frame length is one of consideration for various factors. The longer the 

frame length, the longer the response time because no processing can be completed until the 
ful l  frame is acquired and the processing time itself is longer for longer frame length. On the 
other hand, the longer frame length gets a better frequency resolution. 

With a frame length of N and sampling frequency I" the highest achievable frequency 

resolution is I1j , which is from the equation LJj = c I, Hz , where c is a constant that 
N 

depends on the window used and is always greater that one (Orfanidis, 1 996). 
Assuming that the processed signal s are stationary random processes, segment length 

could be considered only for short time interval s, typical ly 20 - 40 ms for a speech. 
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However, the objective for a suitable selection of segment length is to find the minimum 
length that provides the required frequency resolution. 

iv) Averaging, WOSA 
It has been described how the bias and variance of the coherence function vary inversely 

with the number of segments. For that reason, a l arge number of segments are needed to 
generate a good estimate. However, a large number of segments requires long data records 
and it indicates that this makes the response time of the estimator longer. 

A segment overlapping can be used to reduce the required data record length but to a very 
limited extent. For example, the 50% overlap reduces the number of segments to a half. 
Minimizing the estimator response time is an important factor for a real time application. 
For the minimization of the response time while achieving low estimator variance and bias, a 
moving average may be used instead of a simple average. 

• 

5.2 The MSC estimation 
While the spectrum of the nOIse field is very important, it does not gIve sufficient 

information by itself for predicting the expected performance of speech enhancement 
algorithms. The coherence function is a measure that does enable such predictions to be 
made. The coherence between two signals is defined by 

(2- 1 28) 

where <l> dx (f) is the cross PSD between the signals Xd (t) and Xx (t) , <l> dd (f) and <l> xx (f) 

are the auto PSD for Xd (t) and Xx (t) respectively. 

The MSC gives a measure of the correlation between the two signal s , ranging from a value 
of zero (0) when the signals are mutual ly uncorrelated to one ( l )  when they are perfectly 
correlated. The MSC function is defined as (2- 1 29). 

(2- 1 29) 

It shows that an implementation of the MSC function requires both auto and cross spectral 
estimation for the signals Xd (t) and Xx (t) . 

The MSC function is widely used in signal detection (Carter, 1 977 a), time delay 
estimation (Carter, 1 987), SNR estimation (Fay, 1 980), a noise reduction scheme (Cron 

60 



Chapter 2 :  Literature revi ew 
5 .  WQSA, MSC and TDOA estimation algorithms 

and Sherman, 1 962; Rodriquez, 1 987; Zelinski, 1 988; Goulding and Bird, 1 990; Le 
Bouquin Jeannes and Faucon, 1 994) and V AD application (Zelinski, 1 988; Le Bouquin 
Jeannes and Faucon, 1994; Agaiby and Moir, 1 997, b). 

• 
5.3 The TDOA estimation 

A ML estimator has been developed for determining a time delay between signals received 
from two spatially separated sensors on the presence of uncorrelated noise. This ML 
estimator can be realized as a pair of receiver prefilters fol lowed by a cross correlator. It is 
defined that the time argument at which the correlator achieves a maximum is the delay 
estimate. 

The role of the prefilters is to accentuate the signal passed to the correlator at frequencies 
for which the SNR is highest and , simultaneously, to suppress the noise power. 

Various prefilter weighting functions have been proposed, including the Roth filter, the 
smoothed coherence transform (SCOT), the phase transform (PHAT), the Eckart filter and 
the Hannan and Thomson (HT) filter and the most suitable one may be applied according to 
a specific application. 

However, among various prefilter weighting functions for the GCC method, HT 
weighting function has been found to be the most advantageous in terms of reducing the 
spreading effect resulting from reverberation, and achieving good estimation accuracy. 

5.3.1 The concept of the cross correlator 
Parameter estimation techniques are based on modelling the time delay as an FIR filter. 

With this formulation, a time delay estimation becomes a parameter estimation problem, 
which is estimating the coefficients of the FIR filter (Chan et aI., 1 979). This gives the 
parameter estimation techniques which are appl icable to the time delay estimation problem. 

The most common method for estimating a time delay is the GCC method, proposed by 
Knapp and Carter in 1 976 (Knapp and Carter, 1 976). Fig. 2-30 shows the basic concept of 

a cross correlator. A hypothesized delay (b) is adjusted for one of the signals to align it 
with the other received signal . After that, the two signal s are multiplied and averaged, then 

the hypothesized delay (b) is adjusted to maximize the output J (b) . 
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�(t) I 

� 
Fig. 2-30 Concept of cross correlator 

Another similar type of method can be found from the beamformer time delay estimator 
(Carter, 1 977, b; Carter and Robinson, 1 993). It has shown that the application of 
beamformer approach is better than the GCC approach in the presence of noise only for 
detection purposes and not for estimation (Carter, 1 98 1 ) .  

5.3.2 The concept of the GCC Method 
Considering the general case where s(t) is the signal emanating from the desired speech 

source which passes through two acoustic transfer functions and noises are added to the 

signals before reaching the microphones, and then assuming that Xd (t) and Xx (t) are the 

signal s received at the two microphones then by reducing the effect of the acoustic transfer 
function to a delay D and an attenuation factor a ,  the signals can be expressed as (2- 1 30) 

and (2- 1 3 1 )  respectively. 
Xd (t) = set) + nl (t) 

Xx (t) = a s(t - D) + n2 (t) 

and the cross correlation between the two signals is defined as (2- 1 32) .  

Rd.T (r) = E[xd (t)xx (t - r)] 

(2- 1 30) 

(2- 1 3 1 )  

(2- 1 32) 

where E[ · ] denotes statistical expectation and the argument r that maximise the above 

provides an estimate of delay. 
Assuming that s(t) , nl (t) and n2 (t) are real , jointly stationary random processes and that 

s(t) is uncorrelated with nl (t) and n2 (t) , then a cross correlation function and a cross 

power spectrum are written as (2- 1 33) and (2- 1 34) respectively. 

Rdx (r) = aRss (r - D) + Rnln2 (r) 

<t> dx (f) = a<t> "" (f)e -j21rfD + <t> "1"2 (f) 

If nl (t) and n2 (t) are uncorrelated then <t> "1"2 (f) =0 and it reduces to (2- 1 35). 

<t> dx (f) = a<t> .u (f)e -j2rrjD 

(2- 1 33) 

(2- 1 34) 

(2- 1 35) 

Then, inverse Fourier transform gives cross correlation between d (t) and x(t) as (2- 1 36). 
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(2- 1 36) 

where * denotes convolution and o(t - D) is the delta function, which shows that it has 

been spread or smeared by the Fourier transform of the signal spectrum. 
If the spectral characteristic of s(t) is white, then its Fourier transform wil l be a delta 

function. However, a property of autocorrelation functions is that Rss (T) � R.u (O) . It has 

been shown that equality holds onl y  for a certain T for periodic functions, but for most 
practical applications, equality does not hold for T  :/:. 0 ,  and the cross correlation will peak at 
D regardless of any spreading. 

The above is considered for single delay. However, we can expect that the situation 
changes when multiple delays are concerned. The cross correlation in the multiple delay 
case is given by (2- 1 37).  

(2-1 37) 

In this case, the convolution with R", (r) may spread one delta function into another so it 

becomes impossible to distinguish peaks. To reduce this spreading effect, the cross power 
spectrum is prefiltered using a fil ter If/I! (f) called the general frequency weighting. The 

time delay is then estimated using the GCC function (2- 1 38) .  

-

R;I!;' (r) = fVlg (f)<Dd, (f)ej2nfrdf (2- 1 38) 

Fig. 2-3 1 shows a block diagram of time delay estimator showing the general frequency 
weighting function as prefilters. 

d(f) 

x(t) 

Fig. 2-31 A block diagram of the generalized cross correlation as time delay estimator 

The selection of If/g (f) should ensure a sharp peak in R;I!} (r) rather than a broad one to 

ensure a good time delay resolution . However, sharp peaks are more sensitive to errors 
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introduced by a finite observation time, particularly in the case of a low SNR, and therefore 

the choice of If/g (1) is a compromise between a good resolution and stabi lity. 

In addition to reduce the spreading effect, If/g (1) can be selected to optimize a certain 

performance criteria of the time delay estimator. An important performance criterion is to 
accentuate the signal at those frequencies at which the SNR is highest. 

Various weighting functions have been proposed and therefore these functions are 
reviewed. 

5.3.3 The classification of prefilter weighting function 
1 )  The Roth Filter 
The weighting function as proposed by Roth in 1 97 1  (Roth, 1 97 1 )  i s 

1 
If! K (1) = et> dd (1) 

where <1> dd (1) = et> S.I" (1) + <1> nln1 (j) , and assuming I'l l  ( t )  and n2 ( t )  are uncorrelated, 

The resulting GCC function is 

(2- 1 39) 

(2- 1 40) 

It can be seen that the Roth filter is simple to calculate and has the favourable effect of 
suppressing those frequency where et> nlnl (1) i s  large. However, it shows that the delta 

function will again be spread out unless <1> nll11 (1) equals any constant times et> "" (1) or that 

the noise term nl (t) does not exist. 

2) The Smoothed Coherence Transform (SCOT) 
Like a Roth filter, the SCOT (Carter et aI., 1 972; Carter et aI., 1 973) tries to suppress a 

part of the cross spectrum et> dx (1) that are more l ikely to be in error. 

However, the SCOT fi lter tries to give equal weight to the effect of both noise signals 

nl (t)  and n2 (t) i n order to reduce errors by either noise signals . To solve it , the SCOT uses 

the weighting function as (2- 1 4 1 ). 

] 
If! K (f) = -,===== �et> dd (1)<1> IT (f) 
Thi s  weighting function gives the SCOT 

(2-1 4 1 )  
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(2- 1 42)  

(2- 1 43) 

This gives the fo11owing cross correlation function 

(2- 1 44) 

Like the Roth fi lter, the SCOT tries to suppresses frequencies where the noise level is 

high, although it does that for n2 ( t )  as well as nl (t) . The SCaT also tries to reduce the 

spreading effect as well by acting as pre-whitening filter for d(t)  and x(t) . 

Considering the case where the received signals d(t) and x(t) are filtered through HI and 

H 2 respectively before the cross correlation 1s calculated as shown in Fig .  2-3 1 , the cross 

spectrum between d' (t) and x' (t) can be written as (2- 1 45). 

<I> ix' (f) = HI (f)H; (f)4> dx (f) (2- 1 45)  

where H '  (f) = H (-f) and the GCC is then 
� 

R ��} (r) = JHI (f)H; (f)4> dx (f )ei27ifr df (2- 1 46) 

A possible real ization of the If/g (f) is to take each value of HI (f)  and H 2 (f) as (2- 1 47) .  

(2- 1 47)  

Using the transfer functions HI (f) and H 2 (f) , the SCOT can be interpreted as pre­

whitening filters fol lowed by a cross correlation . However, even if ideal pre-whitening 
fi lters could be achieved, these filters act on d(t) and x(t) and do not pre-whiten s(t) . 

Only if s(t) has a white spectrum, the spreading can be eliminated and therefore pre­

whitening d(t) and x(t) does not guarantee the removal of spreading unless 
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3) The Phase Transform (PH AT) 
To solve the problem of spreading, the PHAT (Jenkins 1 968; Knapp 1 976) uses the 

weighting function as (2- 1 48) .  

1 
If! g (f) = 1<1> dx (f)1 
which gives the fol lowing GCC function for the outputs d ' (t) and x' (t) . 

R(� ), (r) = ooJ <i>dx (f) ej2l1jrdj d x �1<1> dx (f)1 

(2- 1 48) 

(2- 1 49) 

When <i> dx (f) = <1> dx (j) ( i .e., exact estimate), the above GCC function becomes (2- 1 50). 

R ��;, (r) = bet - D) (2- 1 50) 

This indicates that the PHAT ideally does not suffer the spreading effect, however 

practical ly the cross spectrum estimate cannot be exact, and R �R�, (r) will not be a delta 

function . On the other hand, as the cross spectrum estimate <i> dx (f) is weighted by the 

inverse of <1> dx (f) ,  any errors in the estimate are accentuated where a signal power is low. 

4) The Eckart Filter 
The Eckart filter (Eckart, 1 952) uses the weighting function as (2- 1 5 1 ) . 

(2- 1 5 1 )  

The Eckart fi lter has been developed to maximize the deflection criteria, which is defined 
as the ratio of the change in mean correlator output due to signal present to the standard 
deviation of correlator due to noise alone. Maximizing the deflection criteria will make it 
easier to detect the peak in the correlator output and thus estimate the time delay. 

Like the SCOT, the Eckart filter suppresses frequency bands with high level of noise. On 
the other hand, unl ike the PHAT, it attaches zero weight to bands where <1> ss (j) = O .  The 

Eckart fi lter however requires knowledge of the signal and noise spectra. Only when a = 1 
in equation (2- 1 3 1 ) , the filter weighting function becomes as (2- 1 52). 

(2- 1 52) 

which can be estimated using the available signal s d(t) and x(t) . 
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5) The Hannan and Thomson (HT) Filter 

Chapter 2 :  Literature review 
5. WOSA, MSC and TDOA estimation algorithms 

Hannan and Thomson (Hannan and Thomson, 1 97 1 )  and Hahn and Tretter (Hahn and 

Tretter, 1 973) have derived a ML estimator criterion of the time delay under general 

conditions. 

Using the ML, Knapp and Carter (Knapp and Carter, 1 976) and Hahn and Tretter 

(Ilahn and Tretter, 1 973) have shown that this criterion leads to a generalized correlator 

under the conditions that s(t) , n) (t) and n2 (t) are Gaussian and uncorrelated. 

The generalized correlator has the general frequency weighting function as (2- 1 53). 

(2- 1 53) 

The filter is  also shown to be optimum in the sense of maximizing the expected signal 

peak at the time delay D relative to the background noise, which facilitates the detection of 

the delay. Thi s  shows that the weighting function of the HT filter is that of the PHAT filter 

(2- 1 48) multipl ied by the function (2- 1 54). 

IYdx (f)1 2 

[l - IYdx (f)1 2 ] 
(2- 1 54) 

This  makes the HT filter, while trying to remove the spreading effect as the PHAT, does 

not suffer from the PHA T problem of accentuating the errors where signal power is smallest. 

The reason behind this is that the HT filter weights the phase according to the strength of the 

coherence. 

Following the initial assumption that the noises are uncorrelated, this will ensure that the 

cross spectrum i s  strengthen when the desired signal exists. Furthermore, with a 

multiplication factor of unity ( a  = 1 )  and for a low SNR, it can be shown that the HT filter 

reduces to the Eckart filter, which is an optimum signal detection at a low SNR. Also for a 

low SNR and for a sufficiently large observation time, HT asymptotically achieves the 

Cramer-Rao lower bound (CRLB) (Van Trees, 1 968; Kay, 1 993), which i s  the minimum 

variance of any time delay estimator so it commonly used as the performance standard for 

the time delay estimation. 

With the HT prefiltering weighting function (2- 1 53), TDOA d samples can be estimated 

by 

d = max IFFf[If/(i)<D dx (i)] (2- ] 55) 

where the term in brackets is  the GCC (Knapp and Carter, 1 976).  
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The GCC gives a better estimate of time-delay than ordinary cross-correlation, particularly 

i n  reverberant environments. In fact, ordinary cross-correlation (when ljI(i) = 1 )  only works 

well (that is, gives a well defined peak at the time-delay) with white-noise signals. 

• 
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6. Summary 

Chapter 2: Literature review 
6 .  Summary 

The main approaches (ANC, spectral subtraction, beamforming and complex cepstrum) 

have been reviewed with adaptive algorithms (LMS, NLMS and RLS) and spectral 

estimation algorithms (WOSA, MSC and TDOA). It has shown that each approach provides 

advantages under its own theoretical fundamentals but has l imitations for the applications in 

a certain environment. 

The typical one-microphone approach, a spectral subtraction method is based on a simple 

and underlying concept, which removes an estimated noise spectrum from a noisy spectrum 

in a frequency domain with a VAD application but it has limitations according to an 

environmental condit ion (see p. 1 8- 1 9) .  

Another one-microphone approach, the cepstrum method i s  based on a pitch detection and 

spectral envelope estimate for a speech analysis . On the other hand, the complex cepstrum 

method is based on a homomorphic deconvolution (homomorphic filter) and it is available 

for signal recovery from the signal analysis .  This method gives advantages of a signal 

separation and a dereverberation effect but it may give an unstable performance because of a 

segmentation error (see p. 29-48). 

The typical two-microphone approach, an ANC method uses a reference microphone for a 

speech free noise signal, where i t  i s  applied as a reference input to an adaptive filter. The 

theoretical assumptions should be met for the application in environmental conditions (see p. 

9- 1 8). 

Beamforming method uses a multiple microphones array to maximize the speech 

directivity. This method also has a problem with a speech distortion because of a mismatch 

of microphones and environmental conditions, such as a reverberation (see p. 1 9-29). 

For the spectral estimation algorithms, it has been shown that the GCC method using HT 

weighting function is appropriate for the application in a real reverberant environment. In 
addition, MSC estimate based on a power spectrum estimation method, WOSA can be used 

as a noise reduction scheme by measuring and hence predicting a coherence level between 

two microphones. Thus, TDOA and MSC functions may contribute to provide better 

performance to a speech enhancement and noise cancellation system (see p. 60-68). 

• 
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Chapter 3 
Analysis of approaches and practical applications 

1. Introduction 

Based on a general review, an analysis of exemplary approaches and several factors for 

practical applications are described i n  detai l .  Thi s  chapter will show that several modified 

approaches have been developed by remedying shortcomings from the main approaches with 

the application of adaptive algorithms, TDOA and MSC algorithms in  various application 

areas. The applications encompass various areas such as: 

• Teleconferencing (Kellermann, 1 99 ] ; Lleida et aI., 1 998; Per, 200 1 )  

• Hearing aids for the impaired (Weiss, 1 987; Greenberg and Zurek, 1 992; Kompis 

and DilIier, ] 994; Kates and Weiss, ] 996; Berghe and Wouters, ] 998; Widrow 

and Luo, 2003), Hearing aids with a binaural output (Soede et aI., ] 993 ; Welker 

et al., ] 997 ; Zurek and Greenberg, 2000) 

• Hands-free telephony in automobiles (Grenier, 1 992; Elko, 1 996; Bendjima et aI., 

1 999) 

• Automatic verification on an ATM (McCowan et aI., 200] ) 

• Robotics (Stergiopoulos and Dhanantwari, ] 998) 

• Communications (Griffiths and Jim, 1 982) 

With the wide range of far-field appl ications, speech and array processing technology can 

be classified into such research areas as : 

• speech enhancement (Widrow and Luo, 2003) 

• speaker/speech recognition (Lin et aI., 1 994; Lleida et aI., ] 998) 

• speech acquisition (Grenier, 1 992). 
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The first conventional approach to get rid of problems caused by nOIse was simple 

amplification of the signal . This amplified the noise, too. This  implies that all sounds were 

ampl ified without discriminating between a desired speech and a background noise. 

Therefore, to overcome this problem and achieve a better performance, several approaches 

have been considered in the way of not only amplifying a desired signal but also improving 

the SNR, by even reducing the effect of reverberation. 

Some exemplary approaches and application algorithms are shown in Fig. 3- 1 .  
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Fig. 3-1 Some exemplary approaches and application algorithms 
of a speech si gnal and array processing technology 
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2. Single microphone approach 

As a single microphone approach ,  spectral subtraction method (Boil, 1 979) offers the 

attraction of simplicity of processing and compactness in size but has shown l imitations 

because of speech distortion by a certain level of musical and residual noise. For the 

reduction of thi s  residual noise, the over-subtraction method (Berouti et at, 1 979) used 

over-subtraction factor and the non-l inear spectral subtraction (NSS) method (Lockwood 

and Boudy, 1 992) used frequency dependent over-subtraction and over-estimation factors. 

The other application limitation is because of an ineffectiveness in processing especially 

when the noise power is equal to or greater than the signal power, when the noise spectral 

characteristics change rapidly in time or when the noise source is a speech-like noise, e .g. , 

cocktail party. Several variant and modified methods (Sovka et aI., 1 996; Bendjima et aI., 

1 999; Virag, 1 999; Kamath and Loizou, 2002) have been proposed accordingly. 

Following is an example of single microphone approaches which has been developed as an 

independently modified method or hybrid of other methods. 

• Single microphone approach 

1 )  Multi-band spectral subtraction (Kamath and Loizou, 2002) 

2) Kalman fi ltering (Gannot et aI., 1 998) 

3) Signal subspace based technique (Ephraim and Van Trees, 1 995; Jensen et aI., 

1 995) 

4) Adaptive filtering approach for removing noise from speech (Sambur, 1 978) 

5) Cepstrum method (Oppenheim, 1 969) 

• 
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3. ANC based approach 

For the two-microphone approach, the in itial work on adaptive echo cancellers was 

originally been started around 1 965 at the Bell telephone laboratory and proposed the use of 

an adaptive fil ter for echo cancellation . It was useful in applications for the environment 

where a reference signal which contains only a correlated version of the noise in the primary 

input i s  easi ly obtained. 

Examples of such situations are echo cancellation for long distance telephone calls 

(Sondhi, 1 967), adaptive l ine enhancement (Treicher, 1 977), and adaptive antenna array 

processing (Griffiths, 1976). 

The typical two-microphone approach, a LMS based ANC (Widrow et aI., 1 975) has been 

proposed. According to the analyses, this method works well under the satisfaction of the 

two main assumptions (see p. 9). 

However, the method easily violates above assumptions and it was found that this typical 

approach does not work properly because of: 

.. Speech leakage in the reference input 

.. Uncorrelated noise between two microphones and even reverberation. 

Considering the signal leakage to noise reference input (Fig. 3-2), Widrow et al . (Widrow 

et aI., 1 975) show an important reciprocal relationship in SNR between reference input and 

output (2-24). For a low signal distortion, a high SNR at the primary input is needed and a 

low SNR at the reference input (2-32). 

Signal source ...",...----- M IC 

Noise source ....<:::.-_-=c--__ 

Fig. 3-2 Data generation model with signal leakage 

It implies that 1 )  the more noise exi sting in a reference input, the more the noise in the 

output is reduced reciprocal ly and 2) the less speech signal existing i n  a reference input, the 

less signal distortion is achieved in the output. This may be real istically applied in a 
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simulation set-up but it can result in another l imitation for the application in certain real 

environments. The relationship between a coherence level of noise and the amount of signal 

leakage shows an opposite effect in a distance relation between two microphones. 

Following are applications which should be considered for a better performance in ANC. 

3.1 Application of a longer adaptive filter in a low SNR 

A longer fi lter may be applied to improve the performance of the system with the use of a 

delay in the primary path, especially in a low SNR environment. It will  cancel noise 

reflections more effectively, but at a high SNR, it will be more prone to speech cancellation 

from speech reflection. The delay filter al lows both past and future reference samples to 

contribute to the current output. However, following are problems and possible solutions to 

be considered when a longer adaptive filter is u sed. 

• Boll and Pulsipher (Boil and Pulsipher, 1 980) needed a tapped delay line of 1 500 

taps to cancel the noise in the primary microphone adequately. Longer filter lengths 

require more computation in both estimating the filter coefficients and filtering the 

signals. It was also found that long filter lengths tend to introduce reverberation in 

the processed speech due to the feedback of the speech through the adaptive filter. 

• Harri son et a1 . (Harrison et aI., 1 986) showed that updating the adaptive fi lter 

continuously can produce a significant speech distortion because an adaptive filter 

will attempt to reproduce a signal containing speech as well as noise. The use of 

V AD could resolve the problem by updating the adaptive filter coefficients only 

during intervals when there is no speech present. In this case, the correct operation 

of V AD i s  needed otherwise this approach will treat any speech as noise, and cancel 

that too. 

• A simulation test in a laboratory environment (Boil and Pulsipher, 1 980) shows the 

two important design factors of misadjustment and noncausality, where 

approximating inverse transfer function adequately requires a large amount ( 1 500 

taps) of an all-zero FIR filter size. Such a large size of tap weights result In 

misadjustment (i.e . ,  the ratio of excess to MMSE) (Widrow et aI., 1 976). A 

noncausal fi lter is also required in a situation where the noise reaches the primary 
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microphone before reaching the reference microphone. Large misadjustment 

manifests itself as pronounced echo in the speech. This echo is removed by reducing 

the adaptation step size. Step sizes were used corresponding to misadjustments of 1 ,  

5, and 1 0  percent. The results showed that the algorithm converges to a steady-state 

noi se power reduction of -20dB in approxi mately 1 5  seconds for 1 0  percent 

misadjustment and 2 1  seconds for 5 percent misadjustment. 

• A longer filter system needs a large settling time because of the large number of taps 

and may need a multiprocessor system with extra hardware, which increases the 

complexity and the cost, and decreases the rel iabi l ity. 

• 

3.2 Application by physical environmental set-up 

• Sound absorbing materials: By  using this around the microphone position, echo 

could considerably be reduced. It implies that the required number of taps for the 

adaptive filter, which affect its settling time, could be also reduced. Goubran and 

Hafez (Goubran and Hafez, 1 986) found that the number of taps can be reduced 

when the reference microphone i s  placed inside the cabin in automobile application.  

Thi s  gives the effect of reducing sound reflection. However, if some speech is 

present at the reference microphone, the filter may tend to cancel the speech instead 

of the noise. It can be solved if V AD i s  activated during the noise period. 

• Location of the reference microphone: The performance of the adaptive noise 

reduction system may deteriorate if  the noise reaches the primary microphone before 

reaching the reference microphone. Therefore this requires the use of a noncausal 

filter. It is easily generated by delaying the primary input. But, long delays may be 

annoying to the users and may require some extra hardware. 

• Swapping the microphones or placing a reference microphone next to the nOIse 

source gives an alternative solution (Campbell and Shields, 2003) but thi s  is not a 

practical application in  a real environment. 

• 
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3.3 Application of a directional microphone 

It is evident that a proper selection of microphone contributes to a better performance in  

noise reduction, so i t  can be applied according to the application, the acoustic conditions, the 

working d istance required and the kind of sound required. 

Generally,  directional microphones can suppress unwanted noi se, reduce the effects of 

reverberation and increase gain-before-feedback. The more the microphone is directional , 

the less i t  i s  going to pick up background noise. It could i mprove performance but does not 

give a satisfactory solution in most noisy environments (Goubran and Hafez, 1 986). 

• Mikhael and Hill (Mikhael and Hill, 1 988) have experimented using a different 

microphone types (directional and omnidirectional) as reference inputs and showed 

that the ANC using directional microphones consistently performed better than the 

ANC using omnidirectional microphones. 

• Wenger (Wenger, 2003) describes that unidirectional microphones can also be 

uti l ized as far-field microphones and show approximately 4.8dB improvement in 

SNR compared to omni-directional ones for a single speaker in a reverberant 

environment. 

• Soede et a1 . (Soede et aI., 1 993) provide test results that directional microphones 

have shown improved attenuation of diffuse background noise by about 2.5dB 

compared to omnidirectional microphones. 

• In an application for the fighter cockpit environment, Harrison et a1 . (Harrison et aI., 

1 986) use two different types of microphone, one bi-directional microphone inside 

and one omnidirectional microphone on the outside of the mask. 

However, in good acoustic surroundings, omnidirectional microphones can preserve the 

sound of the recording location, and are often preferred for their flatness of response and 

freedom from proximity effects. Omnidirectional microphones are normally better at 

resisting wind noise and mechanical or handling noi se than directional microphones and also 

less susceptible to 'popping' caused by certain explosive consonants in speech,  such as 'p ' ,  

'b '  and ' 1 '  (Audio-technica). • 
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3.4 Application on estimated acoustic transfer function 

Pulsipher et al . (Pulsipher et aI., 1979) showed that using LMS ANC, a nonstationary 

acoustic noise in speech can be cancelled effectively by estimated acoustic transfer functions 

when noise energy is  possibly equal to or greater than the speech. The effectiveness of noise 

cancellation depends directly on the abi lity of the filter to estimate the acous6c transfer 

function relating the primary and reference noise channels. 

A data generation model shows that the estimated adaptive filter in the absence of 

uncorrelated noise represents an acoustic transfer function (H}H;} ) equal to the product of 

the transfer function (H} ) from the noise source to the primary microphone multiplied by the 

i nverse of the transfer function (H 2 ) from the noise source to the reference microphone (Fig. 

3-3) (Pulsipher et aI., 1 979). 

Signal source Signal source ---
Primary MIC Primary MIC 

Noise sourC.V<'---! 
Reference MIC 

Noise source �--
Reference MIC 

--��ql-----
(a) A signal generation model (b) its equivalence 

Fig. 3-3 A data generation model without s ignal leakage and its equivalence 

The difficulty in estimating the opti mal filter arises from a non-minimum phase problem 

because a data generation model is n eeded to effectively invert transfer function (H 2 ) if both 

of the transfer functions (H} ) and (H 2 ) are modelled as all-zero filters. It is expected to use a 

large size of filter length when a c lassic ANC i s  used, and pure delay often needs to be 

introduced in the primary path for the causal ity. M any pole-zero models have been proposed 

for modell ing acoustic signal paths, and have been used in appl ications such as acoustic echo 

cancellers (Long, 1 986). The advantage of using a pole-zero model is a significant reduction 

in the number of taps required. This number is nearly 1 /5 the number of taps in a 

conventional transversal filter (Hosoda et aI., 1 985). Pole-zero adaptive filters are, 

however, less stable and more susceptible to truncation errors. 

In addition to the estimation of acoustic transfer functions for a noise cancellation, 

fol lowing is theoretical analysis for a noise cancellation and a non-speech distortion in ANC 

method. 
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_ Analysis of acoustic transfer functions to a two-microphone ANC 

In the periods of no-speech of Fig. 3-4, 

Primary MIC 

dn 

Noise l1n L....---fl 
ReferenceMlC 

Fig. 3-4 Block diagram of basic noise cancellation method 

(3- 1 )  

(3-2) 

This shows that noise is cancelled if  HI (z) - H (z)H 2 (z) becomes zero, so the estimated 

acoustic transfer function is H(z) = HI (Z)H;I (z) (provided H 2 (z)  is minimum phase). 

In periods of speech with noise and with H (z) = HI (Z)H;I (z) , 

(3-3) 

(3-4) 

This  indicates that to increase SNR in speech periods by reducing noise, we could 

estimate the ratio of unknown acoustic transfer functions, H (z) = HI (Z)H;I (z) , it can 

effectively cancel noise and if the speech can be delivered in an equal distance to both of two 

microphones with a minimal attenuation, GI (z) = G2 (z) == 1 ,  the resulting speech distortion 

will be negligible. The latter condition can be taken to mean that the speech is  both close 

and directly in front of the two microphones. We must also have HI (z) :t= H 2 (z) so that the 

noise can never be directly in front of or behind the two microphones. However, the 

condition of HI (z) = H 2 (Z) is very unl ikely to occur in a real reverberant environment 

(Campbell and Shields, 2003) .  

For a stable performance, H 2 (z) should not be nonminimum phase. However, it  is  found 

that we can easily have nonminimum phase in  a room reverberant environment. A direct 

speech application in ANC can be found in Hussain et al . (Hussain et aI., 1 997) 
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From the above analysis, it shows that the condition for a noise cancell ation and non­

speech distortion in ANC method is  an estimation of the ratio of unknown acoustic transfer 

functions during the noise period, and direct speech in front of two microphones. 

• 

3.5 Small separation between two microphones using a V AD 

Harrison, Lim and Singer (Harrison et aI., 1 986) have introduced a new method in a 

modified ANe. This  uses a small separation between the two microphones with the use of 

V AD during the silence periods of speech simply by the use of delay in primary input as a 

noncausal filter. Application of a small separation between microphones, a short distance 

from the speech source and use of V AD give favourable effects that significantly reduce the 

filter length required for noise cancellation and minimize the presence of reverberation. 

Following is a comparison between distance of two microphones and taps used. 

• 367cm inter-distance in  a reverberant room environment, 1 500 taps used without 

V AD (Boil and Pulshpher, 1 980) 

• 3cm inter-distance in  a fighter cockpit environment, 1 00 taps are used with V AD 

using two different microphone, one is  directional and the other one i s  omnidirectioal 

microphone (Harrison et aI., 1 986) 

• 6cm inter-distance in  an application of mobile telephony, with the car stopped and 

the engine on, 1 28 taps used with sound absorbing materials inside the cabin using 

two directional microphones (Goubran and Hafez, 1 986) 

From the above analysis, it shows that a small separation with V AD application in  a sound 

absorbing environment can give an improved performance using a highly reduced fi lter size. 

S mall separation also gives a possible improved performance in a multiple noise source 

environment. The theoretical basis is that if the microphones are close together by zero 

length, they would both record the same signal and would be perfectly correlated with each 

other. 
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While several applications are considered and analyzed, there i s  a certain l imitation for the 

maximum cancellation in ANC according to the coherence l evel of noise between two 

microphones and also analysis of SNR between the output and the reference input. 

1 )  Analysis of a theoretical maximum cancel lation using a coherence function 

Fol lowing is a theoretical maximum cancellation calculated using coherence function 

(Goulding and Bird, 1 990) and analysis from output SNR (Widrow et aI., 1 975) in ANC. 

• Limitation in maximum cancel lation from coherence function: 

The theoretical maximum cancellation for ANC as function of MSC comes from 

the well-known equation (Rodriquez, 1 987). It shows the maximum cancel lation 

possible with a linear filter as a function of the MSC between the noise in  the primary 

and reference inputs. 

Cancellation (e jW )  in dB = l O l0g[ 1 jw 2 J 
1 - IYXd (e )1 

(3-5) 

According to (3-5), it  is  found that a s ignificant coherence is required for even 

modest noise cancel ling performance. It shows that values of MSC near 0.7 are 

required for even 5dB of attenuation (Fig. 3-5). 

It also shows that the noise cancel lation performance of ANC is highest, when the 

microphones point in the same direction (Goulding and Bird, 1 990) . 

o ���----�--��--�----+-0.2 0.4 0.6 0.8 1 .0 
MSC 

Fig. 3-5 Theoretical maximum cancellation for ANC as function of MSC 

• Limitation in maximum cancellation from output SNR 

To increase the coherence, especial ly at higher frequencies, we may decrease the 

length between two microphones. However, this tends to increase the speech present 

in the reference microphone. Widrow et al . has analyzed the problem of speech in 
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the reference microphone and has shown that the resulting output SNR i s  given by 

(2-24). This i s  called 'power inversion ' ,  which results in the cancellation of speech 

at the output (Widrow et aI., 1 975) .  

It also can be analyzed by using a coherence function according to microphone types. 

2) Coherence analysis to microphone types 

It has been shown (Cron and Sherman, 1 962) that the coherence between the 

signals received by two omnidirectional microphones in a diffuse noise field, 

separated by a distance I and at frequency w is  given by 

( ) 
_ sin(wl l c) y" . w -. wl l c  

(3-6) 

Thus, the coherence between two signals received by omnidirectional microphones 

separated by I in a diffuse noise field is given by the famil iar sinc function. 

It is  also shown that for two cardioid unidirectional microphones with axes along unit 

vectors (xl ' yp z , ) and (x2 , Y2 ' Z 2 ) ' and separated by a distance I ,  the diffuse field 

coherence is  given by 

( ) 
_ 3 [ sin(Wl l c) 

( )
( sin(Wl l c) cos(wl / C)J 

Y w - - + X x2 + y Y - ----'-----'-
X) 4 wl / c ' . , 2 

(wl l C) 3 (wl l C)
2 

( sin(WI / c) 2 cos(wl / c) 2 sin(wl / C) J 
+ Z, Z 2 + 2 - ----

wl l c (wl l c) ( wl l C) 3 

.( )( COS(WI / c) sin(wl / c» )] 
+ } z, + Z2 - ----

wl / c wl / c2 

3.6 Application of signal separation algorithm 

(3-7) 

• 

A close placement of the two microphones would reduce the order of the filter but 

correlated speech or crosstalk is induced in the reference signal . The effect of crosstalk in 

ANC has been determined for the unconstrained Wiener solution (Widrow et aI., 1 975) 

A CTRANC (crosstalk resistant adaptive noise canceller) have been introduced because of 

the problem of a small separati on between two microphones (Zinser et aI., 1 985; 

Mirchandani et aI., 1 986) (Fig. 3-6). 
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+ + 
Error 2 Error 1 

Fig. 3-6 CTRANC method 

The structure of CTRANC has been used in a SAD (symmetric adaptive decorrelation) 

algorithm (Fig. 3-7). The SAD (Compernolle and Gerven, 1 992; Gerven and 

Compernolle 1 995) is an ANC based signal separation method and deals with the problem 

of speech s ignal leakage. It also uses a decorrelation estimate based on an intermittent 

adaptation algorithm, where a decorrelation may be done between a noise free signal 

estimate and a signal free noise estimate. The least squares criterion is replaced by the 

decorrelation criterion. 

d Primary MIC 

+ 
Reference MIC ;f 

H2(z) 1------' 

Fig. 3-7 SAD algorithm 

• 

3.7 Application using sub-band method to multiple-microphone ANC 

The method using multiple adaptive filters has been introduced. Wal lace and Goubran 

(Wallace and Goubran, 1 992) provide methods using ANC in paral lel in multiple reference 

inputs (Fig. 3-8) and adding sub-band processing to its algorithm (Fig. 3-9) . 
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r---------i Adjustable delay h------------------, 

Primary 
MIC 

Refer nee 
MIC 

Fig. 3-8 Two-microphone representation from two stage beamforrrting 
multi-reference ANC 

l--------,---,----,--------1 Filter delay r---------, 
Primary 
MIC 

Fig. 3-9 Two-microphone representation from sub-banded two stage beamforming multi­
reference ANC with sub-banded second stage 

Fig. 3-9 shows that for the sub-band method, a two-microphone ANC approach needs the 

use of six adaptive filters and a sub-band processing so highly complexity in processing can 

be expected when it is extended to a multiple-microphone based ANC approach to increase 

the performance in SNR. 

• 
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4. Approach using multiple microphones array 

The main drawback of spectral subtraction and limiting factors of adaptive nOIse 

cancel l ing may be overcome by using microphone arrays based technology (beamforming), 

which mainly employs the difference in spatial domain (in location and direction) between 

the desired speech signal and the noise. Fig. 3- 1 0  shows historical background for the 

beamforming technique. 

1 969 

MVDR 
beamforrner 

1 972 1 976 1979 1 982 1 986 1 990 1 99 1  1 998 2000 2001 
Appl�baum : Gri�ths K�neda : Kelletmann L1e\da Z�re fllncoun 

a1d Hod�kiss anp Imd : : et �L �nd : and 
Cha�man i J i� qhga i i i Grefn rg iParra 

: : : i Com�molle : : :  : : � . : : : t 

���,�" L I � IA";'ORI ! I, I, !,: I :�! 
Analysis on adaptive array , , GanJ>t et aL 

processing of time and : : 1  ApplicatIOn 

frequency domain l : ofTF ratio 
: i:, to GSC 

AMNOR:  Adaptive microphone-array system for noise reduction ,..,..-----:-'--, blocking 
G-J: Griffiths and Jim matrix 
GSC: Generalized sidelobe canceller 
GSD: Generalized sidelobe decorrelator 
LCMV: Linearly constrained minimum variance 
MSC: Multiple sidelobe canceller 
MVDR: Minimum variance distonionless response 
SBAGJ: Sub-band adaptive Griffith and Jim 
TF: Transfer function 

4.1 Application using speech directivity function 
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With the use of multiple microphones, adaptive beamforming technologies using a spatial 

characteristics (i .e. , TDOA) as well as spectra] information have been introduced. 

As one of the simple methods, DS beamformer (see p. 25-26) has been introduced and 

later, it  becomes an important component with an adaptive algorithm in modified adaptive 

beamforming techniques. For the application in an ideal anechoic environment, SNR can be 

theoretical ly  increased by increasing the number of microphones to a certain level of SNR 

improvement. 

P I SNR . h . h . SNR SI\loa Wlt one mlcrop one lS one = ---
Pnoise 

so SNR with N numbered microphone arrays i s  

P 2 2 2 
SNR = signal = E[N s ] 

= N E[s ] = N(SNR ) � P 2 2 � ,  
noise NO'li 0' n 

(3-8) 

(3-9) 
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where noise variance of each microphone is (J� • 

It indicates that the more microphones with a fixed equidistance use, the greater the 

improvement in SNR proportionally.  Note that this theoretical assumption is based on non­

reverberant anechoic environment. In a certain reverberant environment, it  shows that a 

typical SNR improvement for a 4-microphone DS beamformer achieves approximately 4 dB 

improvement while a G-J beamformer can expect to give up to 8 dB improvement (Wenger, 

2003). 

Practical ly, the method of maximizing speech directivity by delaying in TDOA and 

summing its outputs gives a poor performance due to the spatial misal ignment of 

microphone signals to the direction of the speech source and reverberation in real 

environments. 

As a derived version of DS beam former, the adaptive Frost beamformer with a constrained 

adaptive algorithm has been proposed (Frost, 1 972) (see p.  26-28). The purpose is to 

preserve desired signal s  from straight ahead adaptively and also to minimize noise signals  

from other directions .  So i t s  algorithm is constrained to a c hosen frequency response in the 

look direction, Le., the direction of the desired speech source, and then it iteratively adapts 

the weights to minimize the noise power at the output. Hodgkiss (Hodgkiss, 1 979) has 

analyzed this in both the time domain and frequency domain for the adaptive signal and 

array processing. It shows a typical time domain (Fig. 3-1 1 )  and frequency domain adaptive 

array processors (Fig. 3-1 2). 
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Fig. 3-1 1  Time domain adaptive array processor (Hodgkiss, 1 979) 
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Fig. 3-12 Frequency domain adaptive array processor (Hodgkiss, 1 979) 

• 
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4.2 Application using a signal blocking function 

As an alternative i mplementation of the adaptive Frost beamformer, the G-J beamformer 

has been proposed (Griffiths and Jim, 1 982) (Fig. 3- 1 3) .  The basic structure consists of 

three bui lding blocks,  1 )  constrained, fixed beamformer in a primary input 2) blocking 

matrix to provide a noise reference input and 3) unconstrained ANC. 

Prim.ry MJ� 
• 

Rcfcn:nccMJ("s 

+ 

+ 

Bo 
• 

B. • 
• 

B,,_1 

Blocking matrix 

Fixed, constrained algorithm 
Y k Tapped delay f--_Y--'-w ___ ----, 

• 
+ • 

• + 

aptIve, unconstrame 

algorithm 

Fig. 3-13 GSC representation of l inearly constrained adaptive 
array processing algorithm 

Output 

ek 

Fixed beamformer i s  typically  designed to maximize directional ity and enhance the signal 

via the spatial filter. Blocking matrix tries to diminish the noisy acoustic power in a specific 

direction. An ANC cancels the undesired noise signal band with the predefined FIR fi lter 

coefficients derived from an adaptive algorithm, therefore provides additional benefits in 

time varying acoustic conditions .  It alleviates problems of signal cancellation and 

misadjustment that arise in the presence of strong desired signals .  

i )  Fixed beamformer 

Spati al ly  aligns the microphone signals to the direction of the speech source by delaying 

and summing the microphone signal s, i .e . ,  

(3- 1 0) 

where Ti is delays. 

The Wiener postfiltering (Fischer and Simmer, 1 996), real izing an estimation of a desired 

signal i n  a MMSE sense, sets its weights according to a wel1-known expression 
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(3- 1 1 )  

where W(e jW )  i s  the transfer function of the Wiener filter, <1>,,,, (ejW ) is  the PSD of the 

desired signal and <1> /In (ej", ) i s  the PSD of the noise at the output of the beamformer. 

i i )  B locking matrix 

The standard GSC uses the output signal of a DS beamformer as speech reference signal ,  

and creates a noise reference by  combining the delayed microphone signals using a blocking 

m atrix ,  blocking out signal s arriving from the direction of the speech source. 

B = n (3- 1 2) • 

• 

When using one reference signal for the two-microphone approach, only the first element of 

Bn is considered. 

i i i )  Unconstrained adaptive fi lters 

A multichannel adaptive filter then removes the correlation between the residual noise 

component in the speech reference signal and the noise reference s ignals .  

The weights of  the H;(ejW )  fi lters are stated by formula (3- 1 3) .  

(3- 1 3) 

where H; (ejW )  i s  the transfer function of i-th adaptive filter of ANC, <1>B;!'t (ejW)  is the cross 

PSD between the output of the Wiener filter and i -th output of the block matrix and 

<PB;B; (ejW ) i s  the PSD of the relevant blocking matrix output. 

The structure of a G-J beamformer provides a concrete basis for the versatile and refined 

methods of the modified two-microphone adaptive beamforming technology. However, a 

problem arises from the unknown transfer function between channels .  Due to this function, 

the signal blocking part does not operate properly. Thus, a weak speech signal leaks into the 

reference channel . This violates the basic assumption of the ANC that the speech signal is 
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required to be uncorrelated with reference noise. In this case, speech distortion occurs. 

However, the GSC algorithm has been referred to as one of the more effective methods i n  

solving this leaking problem in  the two microphone approach (Compernolle e t  aI., 1 990; 

Campbell and Shields, 2003). 

Several modified methods based on adaptive noise cancelling and beamforming techniques 

as well as combined hybrid methods using both benefits in adaptive algorithm and 

beam former have been proposed and show a significant improvement in maximizing SNR 

and minimizing mean square error. 

• 

4.3 Application using speech beamforming or TDOA function 

Compernolle (Compernolle, 1 990, a) has introduced a switching two stage adaptive fi lter 

using a multiple microphones. This method is based on DS beamformer and an ANC. The 

former cues in on the direct path only and neglects all multi path contributions, and the latter 

is used for the purpose of both beamsteering and a noise cancell ing function by a switching 

VAD properly (Fig. 3 - 14) .  Delay and subtract operation can be used to eliminate the speech 

from the noise reference. In a real environment, there are reverberations and the unknown 

acoustic transfer function will  be more complex, which is a pure delay and time delay plus a 

nonminimum phase transfer function. Delay 1 and 2 are to provide a physical real i sabi l ity 

when there is the possibility of an uncausal solution if the microphones are in the wrong 

position with respect to each other or with nonminimum phase acoustic transfer functions. 

Speech rame? 

Reference MIC 

Fig. 3-14 Two-microphone representation from the modified G-J beamformer 
using switching  multiple adaptive filters 

As a similar method, Berghe and Wouters (Berghe and Wouters, 1 998) have proposed a 

two-microphone G-J ANC approach in  an endfire configuration for the application of 
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hearing aids. The first section of the adaptive filter serves at i mproving the noise reference 

by el iminating speech, and may therefore only adapt when speech peak energy is dominant. 

The second section consists of an unconstrained ANC, only al l owed to adapt during absence 

of speech (Fig.  3-1 5). A three-microphone approach based on G-J ANC also has been 

introduced (Cho and Ko, 2004). 

Speech frame? Noise frame? 

Output 

Fig. 3-15 Two-microphone G-J ANC based on switching adaptive filters 
for the hearing aids appl ication 

These two methods (Fig. 3- 14  and Fig. 3- 1 5) show a speech adaptive beam steering 

algorithm based on a multiple-microphone G-J beamforming (Compernolle, 1 990, a) and a 

two-microphone G-J ANC (Berghe and Wouters, 1 998). The two LMS works for signal 

free noise reference but needs a robust V AD. Alternatively a TDOA function may be used. 

However, this scheme can suffer from a signal l eakage into the reference channel even when 

adaptation is  inhibited during speech due to reverberation and target misal ignment which 

could lead to uncontrollable speech distortion (Compernolle, 1 990, b). 

• Analysis of TDOA estimation to far field and near field sources 

When an acoustic or sei smic source is located close to the sensor, the waveform of the 

received signal is curved sound or a vibrating wave. So the curvature depends  on the 

distance and the collection of all relative time delays of the source being used to determine 

the source location (Fig. 3- 1 6) .  
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Primary MIC 

Acoustic source 

Reference MIC 

Distance (d = c o r) 
Wavefronts 

c :  Speed of sound in medium 
(meters/second) 

T :  Time delay (seconds) 

Fig. 3-16 Time delay associated with wavefronts emitted by an acoustic source 
(Carter, 1 987;  Carter and Robinson, 1 993) 

As the distance is longer, the waveform becomes planar and paral lel . Only DOA in the 

coordinate system of the source is it observable (Fig. 3- 1 7) .  
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I 
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Reference MIC 

Distance (d = c o r) () _,(c o r) 
= cos -

l 
I = Distance between two microphone 

c :  Speed of sound in medium 

(meters/second) 

T :  Time delay (seconds) 

Fig. 3-17 Geometry used to estimate the range and bearing of an acoustic source 
(Carter, 1 987;  Carter and Robinson, 1 993) 

4.4 Application using a direct speech in front of microphones 

• 

Following i s  theoretical analysis for a speech enhancement and a non-speech distortion in 

G-J beam forming method. 

• Analysis of acoustic transfer functions to a two-microphone G-J beamforming 

In the periods of no speech of Fig. 3- 1 8, 

(3- 14) 
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Primary MIC 

Noise 
lln L.---H 

Reference MIC 

t�r � � �'"; - en 

Fig. 3-18 Block diagram of speech enhancement method: Modified G-J beamformer 

This  indicates that the error IS zero when acoustic transfer function 

IS 

minimum phase). 

In the periods of speech with noise using the above expression for H (z) , 

(3-1 6) 

This  shows that error is speech signal alone when 

(3- 1 8) 

(3- 1 9) 

It shows that if we could estimate the ratio of unknown acoustic transfer functions (3- 1 8), 

it can effectively enhance a speech and if the speech can be del ivered at an equal distance to 

both microphones with a minimal attenuation, G, (z) = G2 (z) == 1 ,  the resulting speech 

distortion wi l l  be negligible. For an estimation of unknown acoustic transfer functions, the 

denominator part of a transfer function in (3- 1 8) should not be a nonminimum phase for a 

stable performance. 

However, it  indicates that for the non-speech distortion, we onl y  require (3- 1 9). For an 

application in a real environment, it shows that appl ication of both direct speech in front of 

the two microphones and a directivity function of sum and subtract function can contribute 

to an increased SNR. 
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The direct speech application in G-J beamforming can be found from (Greenberg and 

Zurek, 1 992; Campbell and Shields, 2003). In an application of a direct speech in a non­

reverberant environment, a delay and subtract part (blocking signal part) cancels the speech 

signal and produces noise signal only and it is input to an adaptive FIR fil ter whose weights 

are adjusted to minimize the power in the output signal . This minimization is achieved by 

fil tering the reference input to approximate the correlated signal in  the primary path, and 

subtracting. Ideally, a direct speech application gives a solution but reverberation creates a 

speech leakage i nto the reference input and subsequently speech cancellation.  

As described, the fol lowing needs to be considered for the appl ication. 

• SPL anal ysi s to a direct speech application 

A typical speaker speaks with the amplitude of approximately 96dB SPL (sound pressure 

l evel) at the speaker' s lip. The amplitude of voice signal decreases s ignificantly with 

distance according to an inverse square l aw. Attenuation ratio can be described in dB as (3-

20) (Speaks, 1 996; Wenger, 2003). 

dB = - I O IOg,,( �: )' (3-20) 

where d, is the di stance of interest, dn is some reference distance and dB is the difference 

in acoustic intensity between d s and d n • 

According to (3-20), it shows that as the distance from the speaker increases, the amplitude 

of the speech signal from the speaker decreases significantly from the speaker as shown in  

Fig. 3- 1 9. 
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Distance from a desired speech source(cm) 

Fig. 3-19 Acoustic SPL of speech as a function of di stance from the mouth of speaker and 
background noise level (Wenger, 2003) 
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This  indicates that the further a speaker i s  from a microphone, the more information 

content of speech is lost by a background noise (indicates that as the SPL drop off, so does 

the SNR). Humans require a SNR of greater than 1 0dB for qual ity understanding. However, 

for computer based speech recognition, a SNR of greater than 20dB is typical ly  required. 

For example, SPL in typical office environment i s  60-70dB and a personal office is 

45-50dB (Juang, 1 99 1 ). 

• 

4.5 Application using an intermittent adaptation to beamforming 

VAD application can be used for a fil ter adaptation during the noise period only. A good 

detection performance of a robust V AD may be evaluated from its capabi l ity from several 

environmental factors such as a noise type and a level with even low SNRs, a reverberation, 

and positions of the desired signal and noise sources .  However, though it works well in a 

certain environment in accordance with above combined factors, it does not properly work in 

different environment conditions because an effect of each individual factor is independently 

changed. Therefore, the proper selection of a robust V AD is particularly essential in a real 

and adverse environment. Fol lowing are examples of estimation algorithms for an 

intermittent adaptation . 

• Log energy (Compernolle, 1 990, a; Gerven and Xie, 1 997) 

• MSC and TDOA (Agaiby and Moir, 1 997, a; Campbell and Shields, 2003) 

• Correlation estimator (Greenberg and Zurek, 1 992) 

• Coherence estimate (Zelinski, 1 988 ;  Le Bouquin Jeannes and Faucon, 1 994) 

• Decorrelation estimator (Compernolle and Gerven, 1 992; Gerven and 

Compernolle, 1 995) 

• Cepstrum estimator (Haigh and Mason, 1 993; Pollak and Sovka, 1 995) 

• Variance estimator (Moir, 200 1 )  
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• 

4.6 Application using dereverberation techniques 

Dereverberation techniques are required for enhancing the intel ligibil ity of speech 

degraded through the addition of multiple echoes. Since the impulse responses of typical 

rooms are nonminimum phase and have therefore unstable inverses (Neely and Alien, 

1 979), inverse filtering based deconvolution methods have a l imited scope in practice. The 

situation i s  further complicated by the difficulty of measuring and tracking the room impulse 

response in real time applications. 

An alternative approach for the enhancement of reverberant speech is  provided by 

cepstrum fi ltering techniques (Oppenheim and Schafer, 1 975), where a low time fil tering 

or peak picking in the quefrency domain is used to remove the echo' s  cepstrum.  While 

cepstrum fi ltering has been applied successfully to the enhancement of speech degraded by 

simple echoes, its u se for the enhancement of microphone speech affected by room 

reverberation poses several practical problems. These are due mainly to the effect of 

segmentation errors on the evaluation of complex cepstrum (Bees et aI., 1 99 1 )  and to certain 

numerical errors associated with the use of exponential weighting. 

Microphone array techniques have long been proposed for the removal of room 

reverberation. AlIen et al . (Alien et ai, 1 977) have introduced a two-microphone technique 

to remove room reverberation from speech signals .  This approach, which is a form of delay 

and sum beamforming, takes advantages of the uncorrelated nature of reverberant speech 

tai ls  at different locations. Other multi-microphone techniques for room dereverberation can 

be found from the references (Pirz, 1 979; Flanagan et aI., 1 985). 

Following are typical methods for dereverberation techniques. 

• Sub-band method (Goulding and Bird, 1 990; Toner and Campbell, 1 993; 

Darlington and Campbell, 1 996; Hussain et aI., 1 997; Campbell and Shields, 

2003 ; Shields and Camp bell, 2003 ; Zheng et aI., 2004) 

• Neural network method (Lin et aI., 1 990; Yin et aI., 1 993 ; Knecht et aI., 1 995; Beh 

et aI., 2006) 

• Inverse filtering (Miyoshi and Kaneda, 1 988) 
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• Inverse fil tering based deconvolution method (Neely and Alien, 1 979) 

• Cepstrum filtering (Oppenheirn and Schafer, 1 975;  Bees et aI., 1 99 1 )  

• Optimum Wiener filtering based minimum phase kepstrum method (Barrett and 

Moir, 1 984; Barrett and Moir, 1 986) 

In addition, direction finding methods have been introduced. 

• Subspace based method (Schrnidt, 1 98 1 ;  Schrnidt, 1 986; Viberg et aI., 1 99 1 ;  

Ephrairn and Van Trees, 1 995;  Hu and Loizou, 2002) 

• Maximum Entropy (ME) spectral estimation method (Burg, 1 967) 

• ML method (Schweppe, 1 968;  Ziskind and Wax, 1 988 ;  Stoica and Sharman, 

1 990) 

• 

4.7 Application using sub-band method to bearnforrning 

For the problem of multiple noise sources, the prototypical cocktaj] party is probably the 

most common approximation of the worst case. It may be reduced by adding additional 

microphones so that the number of adaptive filters equals or exceeds the number of noises 

with increasing adaptive filter sizes. To reduce the number of microphones, a sub-band 

method could be alternatively applied to a two-microphone approach and it can add 

improvement in SNR. However, both approaches increase the computational complexity. 

For a reverberant environment, it  shows that a sub-band method gives a better performance 

than the full-band method (Neo and Farhang-Boroujeny, 2002 ; Carnpbell and Shields, 

2003) .  

• 
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4.8 Application using minimum phase and a cascaded adaptive filter 

A minimum phase and all-pass filter application (Liu et aI., 1 995) is based on the joint 

use of microphone array and cepstrum processing. In thi s  technique, the microphone signals  

are first delay-steered and then decomposed into minimum phase and all-pass components. 

The former are processed in the cepstrum domain,  where spatial averaging followed by a 

low time filtering is applied. The l atter are processed in the frequency domain by 

performing spatial averaging and by retaining only the all pass component of the resulting 

output. The low quefrency filtering then removes the remaining echoes in the high 

quefrency region. 

The recursive identification of nonminimum phase systems using an adaptive all-pass filter 

together with an adaptive transversal filter is introduced (Lirn and Macleod, 1 994) . The 

algorithms basical ly identi fy the minimum phase and all -pass components of a nonminimum 

phase system separately, and should be less computationally expensive to implement than 

conventional unconstrained algorithm because of the mirror image property between the 

numerator and denominator polynomials of an IIR all-pass transfer function. The mirror 

image property of the numerator and denominator polynomials in an all-pass transfer 

function reduces the number of adaptive parameters needed compared to an unconstrained 

recursive identification scheme. (Lim and Madeod, 1 994) The computational complexity 

of the al l-pass algorithms and the conventional recursive least squares equation error 

technique is compared and it i s  shown that the al l -pass algorithm possesses sign i ficant 

advantages in this area over the RLS algorithm (Ljung and Soderstrorn, 1 983).  The 

applications can be found i n  the area of acoustic echo cancellation and nonminimum phase 

channel equation . It has shown that the digital all -pass filter is  a computationally efficient 

signal processing block which is  quite useful in many signal processing applications 

(Regalia et aI., 1 988). 

The similar method but a different multi-microphone approach shows that a recursive 

generalized singular value decomposition (GSVD) - based optimal filtering in  a DS 

beam former part of GSC structure can give the benefit of using short filter length in the post­

processed ANC (Dodo and Moonen, 2005). 

• 
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5. Analysis on sound sources, room reverberation and microphones array 

There are three important factors to be considered in  a real environment, which are 

dependent on sound sources, room reverberation and microphones array. Signal di stortions 

normally come from 1 )  reverberation from walls and cei l ings 2) the type of microphones 3) 

its position and orientation (speech leakage and microphone misalignment) 4) transmission 

media, such as telephone channel . 

5.1  Analysis on sound sources 

The movement of people ,  motor vehicles or vibrating machinery can generate either an 

acoustic or a seismic waveform. Both acoustic and seismic signal are common in a 

waveform. However, both are different at propagation speed. 

There are commonly encountered noise source types in real environments. Ambient noise 

i s  a feature of any environmental condition and can be varied according to the location such 

as office, vehicle, factory or elsewhere. However, the movement of people, motor vehicles 

or vibrating machinery can generate either acoustic or seismic waveforms.  Therefore, an 

appl ication should be differently considered because of a difference at propagation speed 

between acoustic and seismic ( i .e . ,  vibrant) sources. Acoustic propagation speed i n  air is  

known to be 345 ml s .  On the other hand, the seismic speed i s  unknown and s trongly 

depends on the propagation medium. 

• 

5.2 Analysis on a room reverberation 

In an ideal empty room or outdoor field, there is no sound reverberation. Then the 

generated sound energy decreases ideal ly as the inverse of the distance squared. In a normal 

indoor room,  there is fair amount of reverberation by reflecting sound from nearby w al l s  or 

large objects (Fig. 3-20). 
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Fig. 3-20 Example of reverberation: reflected sound reaching a directional microphone 
(multiple reflections) (Levitt, 200 1 )  

The heavy lines show the range of directions within which sound is picked up by the 

microphone without attenuation when a directional microphone is used. 

A real acoustic room environment has a mixture of direct sound with the diffuse reflected 

sound (Lehnert and Blauert, 1 992). These are dependent on 1 )  the location of the l i stener 

in the acoustic space, 2) the presence of objects and 3) the reverberant characteristics of the 

acoustic space that vary with room dimension and with absorptive wal l materials. 

A reverberation time is the time required for a steady-state sound to reach one millionth or 

-60dB of its original intensity. It can be calculated from Eyring's  formula (Ballow, 1 99 1 )  

0. 1 6 1 V · h r- 1 "  r 
T60 = - - WIt = - L., A; ; 

A In(l - r) A ; (3-2 1 )  

where T60 is the time required for SPL in the room to decay 60 dB, r i s  the average 

absorption coefficient, V is the volume of the room and A i s  the total surface area of all the 

six wal ls  from each wall numbered i , where i = 1 to 6. 

Some typical reverberation times have been measured by Ford (Ford, 1 970) and they 

range from O.S seconds for a living room to a m aximum of 2. 1 seconds for a concert hall . 

• 

5.3 Analysis on a microphones array 

5.3.1 Inter-distance between microphones 

Distance between microphones is one of important factors in appl ication. The general rule 

of inter-distance between microphones is shown as follows: 

d }cmin < -­

- 2 
(3-22) 

99 



Chapter 3 :  Analysis of approaches and practical applications 
5 .  Analysis on sound source, room reverberation and microphones array 

(3-23) 

where Amin i s  minimum wavelength, C is  the speech of sound and in is Nyquist frequency. 

As a distance is  shorter than d = }'min , the appl ication suffers from spatial discrimination 
2 

problems because directional noise sources  at small angles cannot be suppressed, compared 

to the desired signal source. If d « }'min , it suffers from poor spatial resolution because of 
2 

wide beamwidth (Fig. 3-2 1 (A)). 

If a separation is  greater than d = 
}'min , it suffers from a spatial aliasing problem because 

2 

of undersampling at the high frequency components of the signal but has narrower 

beamwidth at the low frequencies so there i s  better spatial resolution. If d » }'min , the m ain 
2 

beamwidth i s  too narrow to detect the desired signal, therefore, the output of the beamformer 

could miss the desired signal with a non-optimal DOA estimation (Fig. 3-2 1 (B)) .  
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Fig. 3-21 Example of side effects resulting from too long 
and too short distances between microphones 

Desired signal 

A compromise must be made between a l arge spatial aperture, which provide good spatial 

resolution, and a small spatial aperture, which better conforms to the far-field assumption on 

which beamforming i s  based. 
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In an application using a modified ANC, shorter inter-distance i s  preferred because of the 

possibil ity of a short length of adaptive filter and improved performance in a multiple noise 

source environment (Harrison et at, 1 986). 

On the other hand, a longer distance may be preferred in a beamforming technology from 

the fact that the nature of speech s ignals contains  high energy at low frequencies and not 

much energy at high frequencies. Performance at high frequencies can be sacrificed in 

exchange for better rejection capabil ity at low frequencies which results in better overall 

gam. 

5.3.2 Analysis on array geometry 

Spatial discrimination capability depends on the size of the spatial aperture. As the 

aperture increases, discrimination improves. 

A single physical antenna (continuous spatial aperture) capable of providing the requisite 

discrimination is often practical for high frequency signals since the wavelength is short. 

However, when low frequency signals are of interest, an array of sensors can often 

synthesize a much larger spatial aperture than that practical with a s ingle physical antenna. 

There are several ways to present sensors of array according to their application and 

environment condition . 

1 )  Planar V shape I l inear-nonlinear broadside displacement 

Widrow (Widrow, 200 ] ;  Widrow and Luo, 2003) uses a planar V shaped necklace type 

of array in application of aids for the hearing impaired which shows a dramatic improvement 

in speech perception over existing hearing aid designs, particularl y in the presence of 

background noise, reverberation, and feedback (Fig. 3-22 (A)).  

-S?<�O O O O O O O  
o 9160m �om �40r 0 0 0 0 80 

CA) Planar V shape displacement CB) l inear/nonl inear broadside displacement 
Fig. 3-22 Example of planar V shape I l inear-nonlinear broads ide displacement 
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Lleida, Fernandez and Masgrau (Lleida et aI, 1 998) show nonlinear 9 microphones array. 

Each band is composed of S microphones, microphones 0, 1 ,4,7 and 8 for band I, 

microphones 1 ,2,4,6 and 7 for band IT and microphones 2,3,4,S and 6 for band rn, (where 

band I from SOHz to 1kHz, band IT from 1 kHz to 2kHz and band III from 2kHz to 4kHz 

from total bandwidth of 4kHz) at nonlinearly distances, giving the desired distance between 

microphones to fulfil the spatial aliasing constraint (Fig. 3-22 (B)). 

For the l inear displacement, the s ize of spatial aperture shoul d  hold fol lowing the 

relationship to process narrowband signals using a microphone array (Lleida et aI., 1 998). 

D « � = 2Nc 

7rB 7if" 

}, . c 
and I < � = --

2 21" 

(3-24) 

(3-2S) 

where D is size of spatial aperture, B is the signal bandwidth, c is  sound speed, N is  FFf 
order, j, i s  sampling frequency, }'min i s  minimum wavelength and I" i s  Nyquist frequency. 

For the speech signal with a sampling frequency of 220S0Hz, these conditions impose the 

fol lowing constraint on the microphone array design, d < 0.01 Sm 

and N » 1 OSD = 1 0S(L - 1 ) 1 ,  where L is the number of microphones.  

Grenier (Grenier, 1 992) uses eight microphones for car environments that are located on 

an arc of a circle, not uniformly spaced over the arc. It has been applied to a front-end 

application for an automatic speech recognition system by one TMS C30 processor in a real 

time. 

2) Broadside / endfire displacement 

Greenberg and Zurek (Greenberg and Zurek, 1 992) show test results where performance 

is better with a broadside array with 7 cm spacing between microphones than with a 26 cm 

broadside (Fig. 3-23 (A)) or a 7 cm endfire configuration in an application of ears, top front 

glasses frame, shirt pocket and temple of eyeglass frame (Fig. 3-23 (B)). They found that 

performance degrades in reverberant environments. 

Berghe and Wouters (Berghe and Wouters, 1 998) have implemented with the use of two 

identical directional microphones mounted in an endfire configuration (with both front­

facing) within a single behind-the-ear (BTE) hearing aid.  
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(A) Broadside displacement (B) Endfire displacement 

Fig. 3-23 Example of broadside / endfire displacement 

Kompis et al . (Kompis et aI., 1 998) have introduced a combined method comprising a 

fixed and adaptive beam former. They show that for four microphones, two microphones of 

each behind-the-ear (BTE) in  an endfire configuration forming a fixed beam former ( Audio­

Zoom) are used and its resulting outputs are then post-processed by an adaptive 

breamformer. The system has been implemented in real-time on a portable digital signal 

processor system. 

• 
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6. Summary 

Most of spectral subtraction method has been developed independently using one­

microphone. However, a spectral subtraction has shown problems because of a musical 

noise and a l imitation in certain environments, hence it is onl y  applicable in a high SNR 

environment (see p. 1 9) .  The other one-microphone method, cepstrum and complex 

cepstrum method have mainly been developed for echo cancellation and dereverberation 

with speech analysis and speech enhancement. These methods also have an application 

l imitation because of segmentation and numerical errors (see p. 32). The front-end 

minimum phase application to a cascaded adaptive filter shows a favourable effect on 

computational simplicity due to the mirror image property of IIR al l-pass components of a 

non minimum phase system and i ts structure has been applied to an application for the 

identification of nonminimum phase (see. p. 97). 

Several modified approaches have been developed from the basic structure of main 

approaches, especial ly  from ANC and beamforming. For a speech enhancement and noise 

cancellation, a benefit has been found from an application of both ANC using an adapti ve 

filter at the reference input and a beamforming using a speech blocking function for the 

speech separation. B ased on the structure, several modified approaches can be found with 

the application of TDOA and MSC algorithm, which contributes to a noise reduction and 

speech enhancement schemes. 

However, a misalignment of microphones array and off-axis reflections due to a 

reverberation easi ly violate the assumption of speech qual ity at the microphones and this  

leads to  a speech leakage into the reference and subsequent speech cancell ation. Exemplary 

applications to the problems are summarized as fol lows. 

• The use of longer filter size in  a low SNR environment with a delay filter 

• The use of sound absorbing materials and a position of reference microphone to noise 

source location 

• The use of directional microphones 

• The appl ication of an estimated acoustic transfer function 
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• The application of a small separation between two microphones 

• The application of an intermittent adaptation during the noise period 

• The application of a signal separation algorithm, such as SAD, BSS and GSD 

• Sub-band appl ication 

• The use of a speech directivity algorithm 

• The application of a signal blocking algorithm 

• The appl ication of a direct speech in front of microphones 

With the above described applications and algorithms, several different approaches have 

been proposed to l imit a speech cancel lation, where most approaches can be found from the 

several variants of the standard GSC and ANC i mplementation. 

• Speech controlled adaptation algorithm (Compernolle and Gerven, 1 992; 

Greenberg and Zurek, ] 992 ; Nordholm and Claesson, ] 993 ; Le Bouquin 

Jeannes and Faucon, 1 994; Hoshuyama et aI., 1 999) 

• Norm-constrained adaptive fi l ter (Cox et aI., 1 987) 

• Adaptive blocking matrix with coefficient-constrained adaptive filters (Hoshuyama 

et aI., 1 999) 

• Spatial fi lter designed blocking matrix (Nordholm and Claesson, 1 993;  Nordebo et 

aI., 1 994) 

• Blocking matrix with coefficient-constrained sub-band adaptive fi lters (Neo and 

Farhang-Boroujeny, 2002) 
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• Incorporating a transfer function with a blocking matrix (Gannot et aI., 200 1 )  

• Postfiltering (Zelinski, 1 988; Zelinski, 1 990; Fischer and Simmer, 1 996; Meyer 

and Simmer, 1 997; Bitzer et aI., 1 999; Brandstein and Ward, 200 1 ;  Cohen and 

Berdugo, 2002; Cohen et aI., 2003) 

• GSVD-based optimal fi ltering technique (Dodo and Moonen, 2005) :  a multi­

microphone extension of the single microphone signal subspace techniqu es 

(Ephraim and Van Trees, 1 995) 

• BSS (bl ind source separation) (Parra et aI., 1 998; Parra and Spence, 2000) and 

GSD (generalized sidelobe decorrelator) method (Fancourt and Parra, 200 1 )  

With effort over several d ifferent approaches, i t  has been shown that an improved 

performance in SNR has been found, but with the added complexity of processing and hence 

few real-time applications. 
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Chapter 4 
Kepstrum approach to speech enhancement 

1 .  The research objective 

For speech enhancement and noise cancellation, the ANC approach has the attraction as a 

noise canceller by the v irtue of the fol1owing: 

• The use of an adaptive filter in the reference input, which minimizes an output power 

in a MMSE sense 

and beamforming using a multiple microphones array gives advantages on speech 

enhancement by: 

• M aximizing a speech directivity 

• Signal separation by spatial discrimination 

However, it  has been found that both methods easily violate the main assumptions (see p. 

9) because of: 

• Room reverberation 

• Microphone misalignment 

• Look direction (i .e. ,  the direction of the desired speech source) error 

• Speech leakage into reference input 

• Multiple noise sources 

Various modified methods have been derived from the ANC and beamforming, and 

provided a solution for improved performance through various approaches. The level of 

application and algorithms were varied from simple to quite complex, which requires a 
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computational burden in real-time implementation. The simple approaches give a limited 

performance but the most complex approaches provided a better performance than the 

simple approaches (see p. 1 04-1 06). 

To increase an SNR, much work has been done with simulation tests and the results give 

an improved performance, but until recently very l ittle was known of their real-time 

behaviour. For real-time applications in a real environment, it i s  found that a physical 

dimension in size of the microphone array and complexity of software computation (which 

ultimately l imits the available bandwidth) are examples to be considered. 

In the thesis, a real-time kepstrum approach is proposed for dealing with noise 

improvements in a reverberant environment. It uses the kepstrum method (Barrett and 

Moir, 1 984; Barrett and Moir, 1 986) based on a modified application from ANC (Widrow 

et aI., 1 975) and a beamforming method (Griffiths and Jim, 1 982). The objective is to 

provide an improved performance in SNR with an efficient processing technique and fast 

processing for real-time applications in a real reverberant environment. 

The following is a summarized list for the kepstrum approach, where the kepstrum method 

based on kepstrum analysis is applied to a speech enhancement method. 

• Modified application from ANC 

1 .  A small separation (20-30cm) of microphones and use of a VAD during 

noise periods (this application satisfies one of assumptions of ANC, an 

uncorrelated noise). This application gives effects of minimized 

reverberation. It allows the use of a reduced adaptive filter size for a 

multiple noise sources. 

2 .  Directional microphones may also be used for a better performance. 

• Modified application from beamforming 

1 .  Speech directly in front of two microphones and use of sum and subtract 

function (after phase al ignment) for signal blocking. This gives increased 

speech directivity III the primary input and a refined noise 
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reference. Therefore, speech distortion can be reduced. This application 

reduces problems from microphone mismatch or an acoustic path between 

speech source and microphone. 

2. The kepstrum application in front of sum and subtract function (blocking 

component for signal separation). It can improve a performance in a 

reverberant envi ronment. 

• Kepstrum method 

1 .  System identification of unknown acoustic transfer functions between two 

microphones and its front-end application in  front of signal blocking 

component. (The unknown acoustic transfer function between channels 

causes the probl em and the signal blocking component does not work 

properly because of a speech leakage). 

2. The application technique is to update noise statistics during the noise 

periods only and freeze it during speech periods (the adaptive algorithm is 

treated in the same way). 

Fig. 4-1  shows a block diagram of the kepstrum approach, where the kepstrum method 

estimates the ratio of acoustic transfer functions between two microphones and it is  applied 

to the front-end of a speech enhancement method. 

noise 
Primary MIC 

Noise Frame? dn 
/ Speech 

enhancement 

method 

Fig. 4-1 A block diagram of kepstrum approach 

Output 

Yn 
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By using a kepstrum approach, several favourable effects have been found, which will  be 

investigated. The summarized effects are: 

• Invertibil ity: application flexibility by enabling invertibility, which gives a stable 

minimum phase transfer function on application of the inverse of a room impulse 

response. 

• Processing robustness: by usmg it as building blocks. Periodogram estimate 

applies to kepstrum, TDOA and MSC functions .  

• A small number of kepstrum coefficients are required because the minimum phase 

property shows highly concentrated energy around time zero. 

• The use of highly reduced weights i n  an adaptive algorithm when the front-end 

minimum phase kepstrum is used with a cascaded adaptive fi lter. 

• Nonminimum phase identification from an application of a front-end mInImUm 

phase kepstrum and a cascaded HR (RLS) filter. 

• Improved performance in  SNR for speech enhancement. 

• 
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2. Kepstrum approach 

Based on a fundamental theory of kepstrum analysis, the kepstrum method provides 

minimum phase kepstrum estimation and processing technique, and it is  appl ied to speech 

enhancement methods with a modified application from ANC and beamforming. This  is 

called the kepstrum approach. 

2.1 Kepstrum analysis of spectral factor 

In addition to its appearance in the logarithmic potential problem (see p. 38), the kepstrum 

has been used by Szego (Szego, 1 9 1 5) and Kolmogorov (Kolmogorov, 1 939) to solve the 

problem of factoring the power spectrum <1>( w) of a random process in order to extract a 

stable causal system H M ( z ) , and the problem of spectral factorization i s  the problem of 

extracting a causal system H M (z) whose magnitude spectrum is the square root of the 

power spectrum. 

1 

iH(w)i = [<1>(W)]2 (4- 1 )  

K(w) = 210g iH(w) i = log <1>(w) (4-2) 

Whereas Szego and Kolmogorov were only concerned with the real part of the function 

log H (z) on the unit circle, Robinson (Robinson, 1 954) was concerned with the imaginary 

part as well ,  namely both the real and the imaginary part have physical meaning. Thus,  it is  

important to consider the logarithm of the spectrum H (w) . 

Kepstrum from power spectrum estimation provides a simple and practical algorithm for 

obtaining a complex frequency response from a pure magnitude domain, which can be easi ly 

implemented. The spectral factors from power spectrum represent a stable minimum phase 

causal system and non minimum phase anticausal counter part. The Kolmogorov equation 
� 

power series (KEPS) is therefore defined as K(z) = I k" z-" and kepstrum may be 
11=--00 

identified from two spectral factors found from estimates of the z-transform power spectral 

density of a random signal plu s  noise, <1>(z) accordingly: 

<1>(z) = H(z)H(z-1 ) 

log <1>(z) = log H (z) + log H (z -1 ) = K+ (z) + K- (z) 

(4-3 )  

(4-4) 

Basically, the complex cepstrum has the property that al l the information about the 

minimum phase part of <1>(z) i s  contained in the causal part of the kepstrum domain (ElIiott 
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and Rafaely, 2000) . Kesptrum can be defined as logarithm of power spectrum and it also 

can be represented as minimum phase spectral factor and non minimum phase counter part. 

From the PSD, 

<l>(z) = H + (z)H - (z )  = H + (z)H + (z- J ) 

Let Z = Z -I , <l>(z-J ) = H + (Z -I )H + (z) 

It  follows that <l>(z) = <l>(z-J ) 

Defining z = e jw , 

<l>(w) = <l>(-w) 

<l>(w) = IH + (e jWf 
B y  applying logarithm to both sides, 

log <l>(w) = 2 loglH + (ejW ) 1 
For the N-point discrete form, 

ko = -� )og <l> - k  
1 N-I ( 21l ) 2N k=O N 

k = - " loo <l> - k  cos -kn 
1 N-J ( 21l ) 21l " N�  b N N 
1 N-I ( ( 2 ) . 27rk ( 2 ) . 27r J 1l J- " 1l -J-k" 

= - 2: log <l> - k  e N  + log <l> - k  e N 2N k� N N 

(4-5) 

(4-6) 

(4-7) 

(4-8) 

(4-9) 

(4- 1 0) 

(4- 1 1 )  

The above (4- 1 0) and (4- 1 1 )  have the same results from (2-66) and (2-67) by substituting 

(4-8). 

(4- 1 2) 

2 N-I }7r k 21l 
k" = - 2: log H + (e N ) cos - kn N k=O N (4- 1 3) 

From (4-9), 

K(� k) = IOg �(� k) = 2[ko + �(�k_,/�k" + � k,,/:'" Jl (4- 1 4) 
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where go = 2ko . 

For the causal kepstrum coefficients, 

(4- ] 5) 

In addition, since kll are real, 

(4- ] 6) 

Therefore, it shows that restoration of complex function can be achieved by using the 

kepstrum method (Barrett and Moir, ] 986). 

N --I 2 g 2 -j�kn 
= -o + " k e  N 

2 � n 
11=1 

(4- ] 7) 

So its minimum phase kepstrum can be recovered from its positive kepstrum domain by 

making the zeroth coefficient to half (4- ] 8) and shown in Fig. 4-2. 

kn 

k = n �k 
2 n 
0 

for n � 1 

for n = 0  

for n � - 1 

K 
2ko 

(A) double sided spectral factor 
K -T T K + 

, T  I i i 1 r , " f---( __ I,---,-'"l-"--'I I,--,-T ...J-...?T .;";,. 
(B) Non Minimum phase spectral factor (C) M inimum phase spectral factor 

Fig. 4-2 Kepstrum representation from power spectrum 

(4- ] 8) 

• 
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Based on a kepstrum analysis, the estimation technique for system identification and its 

processing technique are introduced and this is called the kepstrum method. 

The kepstrum method uses the ratio of acoustic transfer functions from acoustic paths 

between two microphones during the absence of speech. This method is based on kepstrum 

analysi s, which gives a mathematical construct from the Kolmogorov' s  fundamental works 

(Kolmogorov, 1 94 1 ) . The similar sounding cepstrum method (Oppenheim and Schafer, 

1 968) originated from a slightly different theoretical framework and although was applied to 

stochastic signal s, the theoretical basis i s  deterministic .  On the other hand, the kepstrum 

method uses an alternative method which is based on more statistical and mathematical 

constructs (Barrett and Moir, 1 984; Barrett and Moir, 1 986; Moir and Barrett, 2003). 

The cepstrum method is essentially a practical speech analysis method based on the use of 

the DFf, using the fast Fourier transform algorithm. However, this method i s  theoretically 

based on quantities dependent both on sample length and statistical variation. On the other 

hand, the kepstrum method could be considered as an alternative method for practical speech 

enhancement and noise cancellation, which provides a surer theoretical foundation, not 

subject to statistical variation, by using only the truncated low-time portion of sample length 

of the kepstrum coefficients. 

2.2.1 Kepstrum estimation : system identification of acoustic transfer functions 

The kepstrum method based on kepstrum analysis (Bogert et aI., 1 963 ; Schafer, 1 969; 

Silvia and Robinson, 1 978) estimates the acoustic transfer functions (the ratio of the two 

acoustic transfer functions) between two microphone channels during noise periods only. 

This is  an efficient and fast processing method to identify thi s acoustic transfer function 

ratio in a real-time implementation, its benefit coming from the kepstrum processing 

technique and computational simplicity using the FFf. The technique for estimation of the 

acoustic transfer function ratio (involving HI (z) and H 2 (z) in Fig. 4-3) uses small (20-30cm) 

separation between two microphones with the use of VAD when speech is absent (Fig. 4-3). 
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Fig. 4-3 Kepstrum estimation: system identification of acoustic transfer functions 
during the noise periods only 

The estimation procedure for a single acoustic transfer function is i l lustrated in Fig. 4-4, 

which shows that periodogram i s  processed from windowed FFTs as a discrete estimate of 

continuous power spectral-density. 

Window FFT 

P 

Periodogram 

(<1» 

Fig. 4-4 Periodogram estimation procedure 

The window size gives a compromising effect between frequency resolution and 

processing time. The increase of window size gives a better spectral resolution but at the 

expense of greater processing time and vice versa. The selection of a 2048 window size and 

50% overlapping gives a processing time of 46msec, which is a l i ttle over speech stationarity 

(20-40msec) but has excellent frequency resolution ( l 0.76Hz) to differentiate between 

speech and noi se signals .  

The periodogram is the most practical estimation tool for power spectrum of a signal as a 

non parametric spectral estimation method. It has a conceptual simplicity and ease of 

implementation by FFT. 

For the periodogram estimates, the modified WOSA algorithm has been used (see p. 56). 

The modified WOSA based auto and cross periodograms are processed from 50% 

1 1 5 



Chapter 4: Kepstrum approach to speech enhancement 
2 .  Kepstrum approach 

overlapping Hanning windowed 2048 FFfs as a discrete estimate of continuous power 

spectral density by smoothing methods (2- 1 25 ,  2- 1 26, and 2- 1 27) with the use of /3 =0.8 (see 

p. 58).  

2.2.2 Kepstrum processing technique 

After taking the log of periodogram, it is found that there exists a bias equal in magnitude to 

minus Euler' s constant y =0.5772 1 5  . . .  , so it is added to be unbiased (Gradshteyn and 

Ryzhik, 1 979; Wahba, 1 980) 

Therefore, kepstrum coefficients are found from the inverse FFT of the unbiased 

logarithm of the periodogram (Fig.  4-5) .  The whole procedure is repeated for each of the 

two microphones. By subtracting the two sets of kepstrum coefficients we arrive at the 

kepstrum equivalent of the ratio  of the two acoustic transfer functions. 

�,-__ 
P
_---,F=1 10g(<l» + 'YH IFFT H Average � 

Fig. 4-5 Block diagram for kepstrum processing procedure. 
(Window: Hanning, log ( <I> ): log of periodogram, r = Euler constant, 0.5772 1 5  . . .  ) 

Kepstrum has essential properties which gives an efficient processing technique. For the 

processing of the ratio of acoustic transfer functions,  it just needs a subtraction in kepstrum 

processing (4- 1 9). For the inverse of the ratio of acoustic transfer functions, it only needs a 

negative sign (4-20). 

I n  
H1 (z) 

H KJz) - K2 (z) 
H2 (z )  

I n  
H 2 (z)  

H - (Kl (z) - K2 (z)) 
H 1 (z )  

(4- 1 9) 

(4-20) 

Kepstrum estimation does not provide phase-frequency information. Therefore, methods 

to recover unknown minimum phase information are considered here by using two methods:  

A) by adding TDOA delay as phase or B) by restoring phase from the causal kepstrum 

domain .  
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1) Kepstrum processing (A): by adding TDOA delay as phase 

The whole procedure from Fig. 4-5 is repeated for each of the two microphones. The two 

set of kepstrum coefficients ( k1n  and k2n ) from the two microphones are then found from the 

inverse of the natural logarithm of the auto-periodograms. By subtracting the two sets of 

kepstrum coefficients ( k1n - k2n ),  we arrive at the kepstrum ( kn )  equivalent to the ratio of 
. 

the two acoustic transfer functions (since subtraction in logs is division in  ordinary algebra) 

as (4- 1 9). Note that this will be a minimum phase term only as any non-minimum phase 

information is lost in the periodogram estimates. (adding back the pure time-delay from the 

estimated TDOA does improve the phase estimate but stil l  misses non-minimum phase 

zeros). 

The difference in kepstrum coefficients from the two channels is  truncated in the causal 

kepstrum domain as explained previously. Then for this first kepstrum processing method, it 

is converted to an impulse response ( hn ) by using the recursive formula (4-2 1 )  (SHvia and 

Robinson, 1 97 8) .  

" 

(n + 1)hl/+1 = L (n + l - l)h, k,,+l_I ' n=O, l  ,2,3 . . .  (4-2 1 )  
1=0 

The reference signal ( x,J i s  then convolved with TDOA delayed impulse response ( h,,_d ) 

giving a new reference signal ( x;, )  produced during the noise periods. As described above, 

the block diagram for the kepstrum processing technique using TDOA delay as phase i s  

shown in Fig. 4-6. 

Fig. 4-6 Kepstrum processing (A): by adding TDOA delay as phase 

IT) Kepstrum processing (B): by restoring phase from the causal kepstrum domain 

For the second kepstrum processing method, the kepstrum coefficients are truncated with 

the processing of the first coefficient to half their previous value and then the kepstrum 

coefficients are transformed by taking the N point FFf. The magnitude and phase 
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information are then recovered from the complex output of this FFf. The recovered 

magnitude and phase information are then multiplied by the FFf of the reference input ( XII ) 
and its output is then inverse FFf transformed back to the time-domain so producing a new 

refined reference signal ( x;, ) . This last operation is multiplication in the frequency-domain 

(or convolution in the time-domain). The block diagram procedure i s  shown in Fig. 4-7. 

N point I--,--� 
FFT 

XII 

Fig. 4-7 Kepstrum processing (B): by restoring phase from causal kepstrum domain. 

Phase unwrapping is unnecessary for the class of minimum phase signals, i .e . ,  a sequence 

whose z-transform has no poles or zeros outside the unit circle, which implies that kll = 0 

for n < o (Schafer, 1 968; Gold and Rader, 1 969; Oppenheim and Schafer, 1 975). 

• 

2.3 The effect of a robust processing by building blocks 

In addition to use periodogram to kepstrum method, the auto and cross periodograms may 

also be applied to speech enhancement and noise reduction schemes, such as TDOA (2- 1 55) 

and MSC (2- 1 29) as well as a V AD application (Agaiby and Moir, 1 997, a) as illustrated in 

Fig. 4-8. 

Fig. 4-8 The application of a periodogram estimate 

• 
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2.4 Kepstrum applications 

The application technique by the cepstrum method is to u se automatic pitch detector (NolI, 

1 967) to select voiced or unvoiced information. On the other hand, the application technique 

by the kepstrum method is to use a V AD for the noise that is frozen during the speech 

periods and continuously updated during the noise periods. For the purpose of speech 

enhancement and noise cancellation, its information may then be applied to the speech 

enhancement method. 

2.4.1 Application to speech enhancement method 

The kepstrum approach uses the fact that the kepstrum coefficients are continuously 

updated during the noise periods and frozen during the speech periods.  So, the frozen 

coefficients are used in the speech period as noise characteristics of the last frame. Its 

information is applied to the speech enhancement method (the G-J beamformer) as shown in 

Fig. 4-9. It shows that the kepstrum output ( x;, ) is added to the primary input ( dn )  so 

producing an enhanced speech signal and it is also subtracted from the primary signal ( dn ) 
so producing a refined noise reference input (Fig. 4-9). 

Xn 
Kepstrum approach 

,- - - - - - - - - - - --- - - - - - - - - - - - -- - - - -- - --- - -- ---- - - - -, , , , , , , , , , , , , , , , 

!Output 
, , , , , , 
.. - -- - - - -= -- - - - - - - - - - -- - - - - - - - - - --- - - - - -- -- - -- _. 

Speech enhancemen t method 

Fig. 4-9 Kepstrum approach to speech enhancement methods (the G-J beam former) 

2.4.2 Application to speech enhancement method with adaptive algorithm 

With the use of an adaptive filter as shown in Fig. 4- 1 0, the refined noise reference input 

is adaptively filtered during the noise periods and its noise statistics are used during speech 

plus noise periods so it produces a higher performance in SNR in both the stationary and 

non-stationary noise case. 

1 1 9 



Chapter 4: Kepstrum approach to speech enhancement 
2. Kepstrum approach 

1------ --- ------ - - - -- -- -- - ----- - ---- -- - - - --- ---1 

Output 

),,, , .. _ - - - - - - - - - --- - - -- -- - - - - - ----- --- - - - - - --- - - - - -

Kepstrum approach Speech enhancemen t method 

Fig. 4-10 Kepstrum approach to speech enhancement methods (the G-J adaptive 
beamformer) 

• 
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3. The effect of front-end minimum phase kepstrum application to an adaptive filter 

3.1 Invertibility 

The real-time application using estimated acoustic transfer functions often suffers from 

nonminimum phase terms in a real reverberant environment. This results in the 

identification of a system whose inverse i s  unstable or at best can be i nterpreted as uncausal 

(convergent outside the unit circle). Onl y  minimum phase terms provide invertibil ity so that 

their inverse i s  also minimum phase with stabil ity. The inverse of a transfer function or 

impulse response gives application flexibil ity i n  signal processing, which is sometimes 

required in real reverberant environments. The use of an adaptive LMS filter gives a simple 

solution with stability but with a number of non minimum phase terms. This  indicates that it 

requires the use of a large amount of filter weights making rel iable real-time processing 

limited. 

• 

3.2 Application of front-end minimum phase kepstrum to all-zero FIR filter (LMS or 

NLMS) 

There are two favourable effects to be considered when the minimum phase kepstrum is 

applied to a cascaded adaptive filter. One i s  for a highl y reduced adaptive filter size and the 

other one is for a small size of front-end kepstrum coefficient size. Based on theoretical 

analysis, it will  be verified in simulation test (see p. 1 52) and real-time test (see p. 1 64). 

3.2.1 The effect of highly reduced cascaded adaptive filter size 

A stable FIR (finite impulse response) filter can be represented as minimum phase and non 

minimum terms and it can be factored into a minimum phase filter in cascade with a causal 

stable all-pass IIR (infinite impulse response) fi lter (Fig. 4- 1 1 (A» . Thi s  is sometimes called 

a phase equalizer because it can be used to compensate or equalize phase response as a 

complementary filter positioned in cascade of any preceding FIR or IIR filter (Proakis and 

Manolakis, 1 992). 

Moir and B arrett (Moir and Barrett, 2003) have introduced a kepstrum (complex 

cepstrum) approach to minimum phase Wiener filtering of stationary processes and applied it 

to speech enhancement with real data. 

In thi s  thesis, we use kepstrum analysis i n  the front to estimate the l arge minimum phase 

term and then a cascaded NLMS al gorithm to estimate the much smaller residual non 
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minimum phase zeros which are missed from the kepstrum estimate. The form of the NLMS 

estimate will be a FIR approximation to an all-pass transfer function (Fig. 4- 1 1 (B)). 

Xn Minimum phase filter mn All - pass filter Yn = (H M (z)H A (Z) )X" 

HM (Z )  H A (z) 
(A) 

Xn k" Adaptive 
y" = (K +  (z)H L (z) Kepstrum filter NLMS filter 

)X" 
K+ ( z )  H L (Z) 

CB) 

Fig. 4-1 1  Block diagram of (A) normal factorization represented as minimum phase filter 

H M (z) and all-pass fi lter HA (z)  (B) kepstrum method using kepstrum filter K + (z) and 

NLMS algorithm H L (z) 

Of course recursive-least squares (RLS) could well be used instead of LMS and this would 

give rise to a pole-zero i.e. ,  proper al l-pass estimate, but RLS is less suitable for high­

bandwidth real-time applications due to its computational complexity and often has stability 

i ssues. 

Throughout this chapter, we use a notation of an n th order causal FIR filter, H (z) by 

00 

defining as H (z)  = L hl/z-1/ convergent within Iz l < 1 and an uncausal filter convergent in 
1/=0 

Iz l > 1  as H (Z-I ) =  L hl
/
z-I/ .  We also define from an n th degree polynomiaI H(z) and its 

1/=-1 

corresponding reciprocal polynomial as z -1/ H (z -I ) • Hence i f  a polynomial is non-minimum 

phase then its reciprocal polynomial will be minimum phase and vice-versa. 

The general polynomial expression with reciprocal polynomjal is shown in Fig. 4- 1 2 . 

Accordingly, the expression using  the m roots minimum phase, n roots non minimum phase 

and its reciprocal polynomial are described in (A) for He (z )  = H M (z)H A (z) showing the 

minimum phase filter and the cascaded al l-pass fi lter and (B) for He (z)  = K + (z)H L ( z )  

showing the kepstrum filter and the cascaded adaptive NLMS filter. 
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Minimum phase filter All - pass filter Xn H� (z) Y" Inn , H;; (z)z-n H � (Z-I ) , z-nH� (z-l ) H M (Z) H A (Z) 
Kepstrum filter 

(A) 
Adaptive NLMS filter 

x" H;; (z)z -(n-a) H �-a (z -I ) � [ H'N-a (Z) JH a ( ) � z-(n-a) H�-a (Z-I ) N z 
(B) 

Fig. 4-12 Block diagram of (A) m roots original minimum phase and reflected n roots 
minimum phase part H M (z ) and all-pass filter H A (z)  (B) kepstrum method using kepstrum 

filter K+ (z) and NLMS algorithm H L (Z) showing residual a non minimum phase roots 

with al l-pass transfer functions 

The favourable effect of front-end minimum phase kepstrum application is investigated. 

The kepstrum method estimates the minimum phase part of the ratio of the two acoustic 

transfer functions, and cascaded ordinary LMS (or its variant NLMS) estimates the residual 

non-minimum phase term. It will be shown that the application of a front-end kepstrum 

filter is beneficial in that it reduces the number of weights used i n  the cascaded LMS or 

NLMS adaptive filter so provides a computational simplicity for real-time processing. 

3.2.2 The effect of small amount of kepstrum filter size 

According to Parseva1 ' s energy theorem (Papoulis, 1 977), the output energy of an all-pass 

filter equals any input energy because a magnitude spectrum of an all -pass function is unity, 

\H A (k )\ = 1 as described in the N-point discrete form in (4-22) and shown in Fig. 4- 1 3(A). 

1 N-J N-J 
= - I \X (kf = I \x,J = E., 

N k=O 11=0 
(4-22) 

B ased on (4-22), the application is extended to the combined filter, which is a minimum 

phase filter in cascaded with an all-pass filter, as shown in Fig. 4- 1 3  (B) .  The output energy 
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equals the input energy to an all-pass fi lter, which i s  also the output energy of the minimum 

phase filter. 

N-J N-J 
Ey = I ly,J = Ilm,J =EI/I 

11=0 11=0 

N-I ,. 
Ex = L x� n=O 

Yn All - pass filter f--------� 
HA Cz)  

CA) 

N -I E" = L Y� = Ex . n""O 
: --------- ---------- - - - - ----- - - ----if -(-z)- -- ---------- -- -- -- ------i 

c , , Xn 
i 

Minimum phase mn All - pass , Yn , 
;'" -" , 

-I 2 i filter H M Cz) N-I 2 filterH A (Z )  : N-I 
�y = L \ Yn \  Em = L \mn \  \Xn\ i : n=O : 

I.. _ . _ _ _ __ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ __ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _  • _ _ _ _  .' 

(B) 

n=O 

(4-23) 

Fig. 4-13 Block diagram of input-output relationship in terms of energy through (A) an al1-
pass fi lter (B) a minimum phase filter and an all-pass filter 

However, according to the energy concentration property of minimum phase signals ,  if the 

systems H c (z) and H M (z) have the same magnitude spectrum described 

as IHc (k) 1 = IHM (k)l , then for any no , the cumulative partial energy of minimum phase 

signal shows highly concentrated energy around time zero. 

E'ItJ _ � \ \ 2 < � \ \ 2 -E"o. y - L...J YII - L...J mlJ - m 
11=0 11=0 

(4-24) 

where no is any integer in a time series. E:ItJ and E;,o are the output energy and the input 

energy to an all-pass fi lter, truncated at time no respectively. 

It can also be expressed in the form of energy of an impulse response in (4-25) . 

11n 1Jo 
E�',� = IIhN I 2 � IlhM 1 2 =E;�, 

11=0 11=0 
(4-25) 

where hM (n) and hN (n) are minimum phase and non minimum phase impulse responses 

and E;':�, and E;'� are their energies respectively. 

It can be understood that among any signals which have the same magnitude spectrum, 

only minimum phase signals provide a highly concentrated energy around time zero, which 

is shown as the fast decaying minimum phase impulse response. 

• 
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3.3 Application to pole-zero HR filter (RLS) 

Any transfer functions can be factored into minimum phase and non minimum phase terms 

and it can also be decomposed into minimum phase filter and all-pass filter. It wil l  be shown 

that when the minimum phase kepstrum is positioned in front and it is  cascaded with RLS 

algorithm, non-minimum phase terms can be directly identified from the numerator of all­

pass functions for the noise-free case. 

However, it cannot be identified by LMS algorithm because it is represented as a 

combined term of minimum phase and non minimum phase zeros. For the application of an 

additive white noise, the front-end kepstrum can be used for reducing filter sizes of a 

cascaded RLS or LMS algorithm because the front-end kepstrum filter absorbs the most of 

non minimum phase terms from the cascaded RLS or LMS filter, so the remaining non 

minimum phase terms can be processed in a highly reduced filter size by a cascaded adaptive 

filter. In addition, the application of the front-end minimum phase kepstrum provides 

invertibility, which gives a stable minimum phase transfer functions for the inverse of 

system identification due to the reverberant nature of most rooms environment (Fig. 3-20). 

Based on theoretical analysis, it will be verified in simulation test (see p. 1 56). 

3.3.1 Identification of unknown system with white noise input 

Any noise-free FIR transfer function with m roots of minimum phase zeros and n roots of 

non minimum phase zeros can be described as polynomial expression of 

H (z) = H Z (z)H � (z) where m roots of minimum phase zeros lie within Iz l < 1 and n roots 

of non minimum phase zeros lie outside of the unit circle lz l > 1 in the z-plane. It i s  easy to 

identify the complete transfer function H (z) using either RLS or LMS adaptive filter as 

shown in Fig. 4- 1 4. 

U k n nown system 

w hite noise H (z) sn 
�n 

/ .. 
+ en 

RLS or LMS -Y 

Fig. 4-14 Identification of unknown system with white noise input 
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Most LMS or its variants are used in signal processing application because non minimum 

phase terms can occur as an acoustic transfer function between a sound source and a 

receiving microphone. It can be implemented efficiently i n  real-time processing due to its 

s implicity on computation. On the other hand, RLS or its variants are commonly used in 

control system applications. However, RLS is less suitable for high-bandwidth real-time 

applications
'
. 

While it has always been able to estimate the overall transfer function using methods based 

on adaptive algorithms such as LMS or RLS, there remains the problem of polynomial 

factorization to get at the unknown non minimum phase terms. 

Let us consider a FIR (finite impulse response) z-transform with the white noise input fn 

and assume that the white noise input fn and the output sn can be measured directly. 

Hence, the system output can be expressed as 511 = H (z)fn 

where H (z) = H';.; (z)H� (z) . 

Now, the power spectrum of 5n is 

where 0": i s  the variance of zero mean white noise. 

Substituting (4-26) into (4-27) gives 

<Pss (ejW )  = /H M (ejIV )H N (e jIV f 0": 

which can be written as 

<Pss (e jIV ) = H M (e-jW )H M (e jIV )H N (e-jW )H N (ejIV )O"� 

(4-26) 

(4-27) 

(4-28) 

(4-29) 

3.3.2 Identification of unknown non minimum phase system with white noise input 

The front-end minimum phase kepstrum filter gives same spectrum as (4-30). 

(4-30) 

where H K (z) = H M (z)z -11 H N (z -
I ) indicates that the n zeros of the non minimum phase part 

have been reflected back within the unit circle via the reciprocal polynomial z -11 H N (z  -I ) so 

i t  has original minimum phase zero polynomial cascaded with the reflected non minimum 

phase zero polynomial .  
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The essence of this  method is to estimate first the transfer function defined as 

H K (z)  = H M (z)z -lI H N (Z -l ) by using kepstrum analysis and then to use a cascaded RLS to 

minimize the remaining residual error (Fig. 4 - 1 5) .  

U k n nown system 

White noise 
H(z)  sn 

�n 

/� + en 
� H K (Z)  H A  (Z)  

-

Fig. 4-15 Identification of unknown non minimum phase system with white noise input 

This  results in an overal l estimated trans fer function H (z) = HM (z)z -"H N (z-I )HA (z) 

where HA (z)  i s  an infinite impul se response (IIR) cascade of al l-pass z-transform functions. 

For real non minimum phase zeros,  the all-pass transfer function will be first order and for 

complex (2nd order) non-minimum phase zeros, the all-pass transfer function wi1l be 

complex 2nd order. The numerator polynomial of H A  (z) wil l  consist of the non-minimum 

phase zeros only, i solated from the remainder of the transfer function, where HA (z) gives a 

pole-zero representation i .e. ,  proper all -pass estimate so non minimum phase zeros can be 

identified from the numerator of all-pass functions.  Therefore, the form of H A  (z) cons ists of 

two parts, numerator polynomial of non minimum phase zeros only and denominator 

polynomial of its reflected minimum phase poles shown as 

(4-3 1 )  

where the reciprocal polynomial z -lI H N (Z-l ) has al1 of its roots within Izl < 1 making HA (z) 

stable. A similar method which rel ies entirely on recursive estimation i s  given in Lim and 

Macleod (Lim and MacIeod, 1 994). 

For example, suppose for a non-minimum phase system that 

H(z)  = H� (z)H� (z)  = (1 - 0. 1 z-1 ) (1 - 2z-l ) 

Then i t  shows that i t  can be easi ly  identified from the original and reflected minimum phase 

zeros from the front-end kepstrum fi lter. And non minimum phase zeros can be uniquely 
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identified from the numerator polynomial of cascaded all-pass transfer function and reflected 

minimum phase poles can be identified from the denominator polynomial of cascaded all­

pass transfer function. 

H K (z) = H� (z)z -IH� (Z -I )  = (l - O. 1z -1 ) (-2) (1 - 0.5z-1 ) and 

3.3.3 Identification of unknown non minimum phase system with white noise input plus 
additive white noise 

With the application of an additive white noise, it will be shown that it is not able to 

identify the non minimum phase term directly by RLS algorithm. It indicates that the 

technique can be only applied to noise-free cases. However, for the case of additive white 

noise, RLS or LMS can be used as a method of reducing the number of weights when LMS 

or RLS is cascaded after the kepstrum method. Therefore, the majority of the system can be 

estimated using the kepstrum method and the remaining non minimum phase terms 

identified using RLS or LMS .  Here Fig. 4- 1 6  shows that the additive white noise is added 

with a zero-mean additive white measurement noi se term v" and its variance a; . 

White noise 
+ 

Fig. 4-1 6  Identification with a white measurement noise 

If the minimum phase kepstrum filter H K (z) is to be identified using the kepstrum method 

then the kepstrum method will  estimate the minimum phase spectral factor H K (z) found 

from 

(4-32) 
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where a; is the variance of the white noise innovations process (Barrett and Moir, 1 987). 

The error in FigA- 1 6  is  given by 

ell = [H ( z )  - HA (r;)H K (r;)J;1I + VII (4-33 )  

W e  then minimize the mean-square error a; from Fig. 4- 1 6  b y  completing the square 

(Barrett and Moir, 1 987). We assume that the two white noise sources are uncorrelated 

and use the notation that ' * ' represents complex conjugate. 

2 1 J • 2 2 dz ] ae = -. 'j [(HA ( z)HK (z) - H (z))(HA (z)HK (z ) - H(z)) a� + av -
� �  z 

Then (4-34) is a minimum when 

HA (z) = H (z) 
H K (z) 

leaving a minimum mean-square error 

? 
2 a\� J dz 2 a e(min) = 2- 'j - = a" 

1rJ 1,1=1 Z 

(4-34) 

(4-35) 

(4-36) 

Clearly (4-35) is no longer an all-pass transfer function like (4-3 1 )  and H N (z) does not 

appear in  the numerator. Instead the non-minimum phase term appears with the overall 

unknown transfer function H (z ) . Therefore, for the case of additive white noise, there is no 

great advantage in using this method since factorization would have to be used. 

• 
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1 .  Real-time processing 

Experiments are implemented in  a real-time processing by a software implementation in 

Lab VIEW (laboratory virtual instrument engineering workbench) in real environments, 

which are a typical office, indoor room with moderate reverberation conditions. This  

chapter covers a description of  real-time processing, an experiment set-up, application using 

Lab VIEW software� the selected V AD and a performance evaluation method� and then test 

results and discussions through simulation and real-time tests. 

1. Real-time processing 

1 . 1  Definition of real-time processing 

For the definition of the word 'real-time' ,  many definitions have been found. However, 

most of them are contradictory and hence controversial .  There does not seem to be 1 00% 

agreement over the terminology. The following is the definitions found from dictionaries 

and researchers . 

• A real-time system is one in  which the correctness of the computations not only 

depends upon the logical correctness of the computation but also upon the t ime at 

which the result is produced. If the timing constraints of the system are not met, 

system fai lure is said to have occurred (gill ies @ee.ubc.ca). 

• The abil ity of the operating system to provide a required level of service ID a 

bounded response time (POSIX standard 1 003. 1 )  

• 1 )  Time in which the occurrence of an event and the reporting or recording of it are 

almost simultaneous. 2) The actual time used by a computer in solving a problem the 

answer to which is immediately available to control effectively a process that IS 

going on at the same time (Webster' s dictionary) (Agnes and Guralnik, 2000) .  

• Pertaining to the performance of a computation during the actual time that the related 

physical process transpires so results of the computation can be used in guiding the 

physical process (LabVIEW user manual G- 1 1  NI corp.) ,  
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• Real-time i s  a form of transaction processing in which each transaction is executed as 

soon as complete data becomes available for the transaction. Therefore, real-time 

processing requires a fast enough data processing to keep up with an outside process 

(http://www.wordwebonline.com). 

• Two types of real-time systems 'soft' and 'hard ' .  A hard real-time means the type of 

a typical real-time system which requires a stringent deadline, and soft real-time 

means a system which has reduced constraints on ' lateness' but still must operate 

very quickly (http://media. wiley.com). 

According to the several definitions, a common basis of a real-time system requires one 

that must satisfy explicit bounded response time constraints without system failure, with the 

logical correctness based on both the correctness of the outputs and their timel iness. The 

response time is cal1ed the time between the presentation of a set of inputs and the 

appearance of all the associated outputs. 

A fast response time is not only needed to characterize a real-time system but it simply 

must have response times that are constrained (or called deadl ines) and thus predictable. 

Most systems can claim to look as if they are real time. Therefore, a refined definition may 

be to make the classification between 'hard' and ' soft' real-time systems based on their 

properties, somewhat in terms of the system's  tolerance to missed deadlines. Hard real-time 

systems are regarded as those where failure to meet even one deadline results in total system 

failure and, in soft real-time systems, missing deadlines leads to performance degradation 

with reduced constraints on lateness but not failure. However, the definition is controversial ,  

as some users take 'hard' and ' soft' to mean the degree of time constraints. 

• 

1.2 Performance measurement of real-time processing 

A real time system performance is often measured by time-loading or CPU util ization, 

which is a measure of the percentage of non-idle processing. A system is said to be time­

overloaded if it is 1 00% or more time-loaded. Time-overloading occurs in interrupt-driven 

systems when higher priority interrupt-driven tasks execute too frequently to allow lower 

priority tasks to finish on time. Systems that are time-overloaded are unstable and exhibit 

missed deadlines and unpredictable response times. Table 5-1 shows CPU uti lization ranges 
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for a real-time capability. Util ization factors i n  the 0%-69% range are generally  considered 

as safe. Beyond 70% they have a high risk of missing deadlines, and above 1 00% is 

potentially disastrous. 

Table 5-1: CPU utilization zones 

Utilization % Zone type Applicatioo types 

0 - 25% Overkill Various 
26 - 50% Very safe Various 
5 1 - 68% Safe Various 

69% Theoretical l imit  Various 
70 - 99% Dangerous Embedded systems 

1 00% + Overload Stressed systems 

Fig. 5- 1 shows a snapshot of CPU usage on a window task manager during a kepstrum 

processing task. The snapshot value shows an instant status in the most right ending point 

with previous values in a waveform, which needs to be averaged for the performance 

evaluation. This example shows the latest value of processing status,  which is 63% 

according to a classified percentage of CPU utilization, which i s  based on computer 

processors of Intel(R) Pentium® 4 CPU 2.8 GHz, ACPI multiprocessor and 1 Gb RAM 

memory. 

Fig. 5-1 Snapshot of CPU usage on window task manager 
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Based on this, the average CPU usage of kepstrum and LMS algorithm has been measured . 

CPU usage between kepstrum processing (A) and kepstrum processing (B) (see p. 1 1 7- 1 1 8) 

i s  also compared. The results are l isted in Table 5-11, which shows that: 

• Kepstrum processing (B) shows an efficient and better real-time CPU usage than 

LMS adaptive filter according to comparison of kepstrum coefficients and LMS 

weights. The use of 64 coefficients of kepstrum and 64 weights of LMS gives a 

better CPU usage than 200 weights of LMS .  

• Kepstrum processing (B) shows much better performance than kepstrum 

processing (A) when the coefficient size is large while the two processing  methods 

show almost the same CPU usage when a small number of coefficients size are 

used. 

Table 5-11 Comparison of CPU usage in kepstrum and LMS algorithm 

Kepstrum Kepstrum LMS Average CPU 

lorocessino coeffi cients weights usage (%) 

(B) 64 64 50 
- 0 200 60 

(B) 200 0 35 
(A) 64 - 40 
(B) 64 - 39 
(A) 1 000 - 83 
(B) 1 000 - 45 

For the comparison of computational complexity, a computational complexity for real­

time processing is measured by the complexity of multiplication in FLOPS (floating point 

operations per second). Table 5-III shows the required processing and number of FLOPS for 

computational complexity of the kepstrum and LMS algorithm. 
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Table 5-111 Comparison of kepstrum and LMS algorithm in FLOPS 

Algorithm Required processing FLOPS 

WOSA CA) N log 2 C5. 1 2/ tJ.f) 
FFr IIFFf CB) CN / 2)log 2N 

Kepstrum Logarithm/exponential Cc) NJ" (Iog N)2 

Total cOIl1IJutation 2A + 5B + 3C 
Real multiplication CD) 3N

2
+ 2N 

NLMS Iterations CE) 20 
Total computation D · E  

For the case that 200 NLMS weights are used, real multiplication is O. l 2G ( G  = 1 06 ) and 

2.4G for its iteration to convergence. On the other hand, for kepstrum processing, the total 

computation is 0.08G per N =2048 samples and a highly reduced processing time can be 

expected if a small number of 64 kepstrum coefficients are used. 

• 

1.3 Real-time application 

The research work has been done in real-time processing by using LabVIEW® software 

on a personal computer for an FFT based kepstrum approach. For the application of 

kepstrum signal processing, a personal computer i s  used as a system device for software 

implementation. The system input receives an un processed signal from microphones and its 

output sends out a processed signal in real-time through software implementation on a 

personal computer. In doing so, there is a certain amount of latency from input to output but 

for many of the aforementioned applications, this i s  not restrictive. Therefore, the results 

can be defined as being  real-time since no machine is possible of instantaneous performance 

other than analogue signal processing. A FFT based real-time bandwidth power spectrum 

estimation and i ts overlapping processing techniques ensure a fast processing time by using 

Lab VIEW software. 

• 
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2. Experimental set-up 

Experiments have been implemented i n  two rooms, where the test p laces are at desk A of 

both rooms as illustrated in Fig. 5-2. The room dimensions are shown. The background 

noi se level is measured as 48.5dBA for room (A) and 48dBA for room (B) by using a sound 

level meter (Digitech QM1 589) . Fig. 5-3 shows a test environment, where desk A is the 

designated place for the test in each room and al l the position for the test are measured from 

the left upper corner of each room in d(m) x w(m) x hem). One radio i s  used for the different 

scenarios of noi se according to three different locations (R I ,  R2 and R3). However, speaker 

and computer positions are fixed. 

Desk A 

c 

c 

c 

I Desk D I ';-, I 

h 
MI J c 

C 
.Door , '--,1 , ==���===T dt 

I · I
np<1' �� v I Desk A DC UY1LJ� C I � ! 

C :�.' C; <:: I () I �' [lLDClE:J 
c [3Jt' 

I c 

I 
Room (A) dimension : 6.9m(d)x3.6.m(w)x2.4m(h) 
Room (B) dimension : 4.5m(d)x7.7m(w)x2.7m(h) 
WB : wall bookcase C : Chair 
DC :  drawer cabinet FC : flat table chair 
T :  Test equipment W :  Window 

(A) (B) 

Fig. 5-2 Room environment: room (A) and room (B) 

The speech signals  are sampled using a standard internal sound card and two preamplifiers 

with unidirectional/omnidirectional electret condenser microphones. The sampling 

frequency is  chosen to be 22050Hz with 1 6  bits amplitude resolution per channel , which 

gives quite a high quality performance as the Nyquist frequency bandwidth is around 1 1  

kHz. 
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CJ � 
Preamplifier tJ 

Fig. 5-3 Test environment (desk A) 

The room dimension and location of sound sources and equipments are l isted in Table 5-

rv . 

Table 5-IV Room dimension and location of sound sources and equipments 

I Room 
dImenSIOn 

I 

I Location of I 'I sound source 
and 

, equipment 
I 

I Room(A) ;6.90 x 3.60 x 2.40 
Room(B) 4.50 x 7.70 x 2.70 ') Speaker (S) 10.85 x 0.60 x 1. I O  
Computer fan (C) 1 0. I O  x 1 . 1 0  x 0.70 I Radio l (R I )  1 0.70 x 1 . 1 0  x 0.70 

I Radio2(R2) 1 . 1 0  x 0.90 x 0.80 
Radio3(R3) 1 0.80 x 0.20 x 0.70 

j Primary MIC(M I )  1 0.40 x 0.50 x 0.90 
'Reference M IC(M2)! 0.40 x 0.70 x 0.90 I Monitor . 0.25 x 0.45 x 0.75 
.Loudspeaker I (L1 )  ! 0.40 x 0.05 x 0.70 !Loudspeaker 2(L2) I 0.30 x 1 . 1 5  x 0.85 
Preamplifier ' 0.25 x 0.90 x 0.70 

d(m) x w(m) x hem) 

Room reverberation time (see p. 99) is calculated as 0.79 seconds for room CA) and 1 . ]  8 

seconds for room CB) from the information of wall materials and absorption coefficients for 

the frequency 500Hz as shown in Table 5-V. The typical absorption coefficients of various 

surfaces of wall ,  floor and cei l ing can be found from Donald CDonald, 200 1 ) . Based on the 

calculation of reverberation time, it is assumed that both rooms reflect a moderately 

reverberant situation. 
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Table 5-V Information of wall material and absorption coefficient 
according to room environment 

Information for room Wall I Wall 2 Wall 3 Wall 4 Floor Ceiling 
reverberation time calculation 

Glass Plaster Glass Glass Carpet on Plaster 
Material 

Room (A) window board window window wood board 
Absorption 
coefficient 0.2 0.05 0.2 0.2 0.4 0.05 

Plaster Plaster Plaster Heavy plate Carpet on Plaster 
Material 

Room (B) 
board board board glass concrete board 

Absorption 0.05 0.05 0.05 0.04 0.21 0.05 coefficient 

• 
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The experiment is  implemented by using LabVIEW® software of National Instruments 

(Johnson, 1 994) on a typical high-performance dual-processor personal computer. The 

program i s  called 'g' graphical programming language and this data flow language uses a 

block diagram for a solution of system modelling and design, which is also suitable for a 

prototype application as a precursor for real-time hardware implementation using DSP 

(digital signal processing) processor. By using a real-time bandwidth and overlap processing, 

the program provides a front-panel graphical output and it acts l ike a virtual instrument in 

the industry standard. It enables a real-time monitoring, controlling and measuring of time 

domain and frequency domain parameters with a data recording and a play back ability. 

Fig. 5-4 shows a front-panel of LabVIEW which is programmed by a block diagram. The 

front panel i s  comprised of three main parts, (A) control panel, (B) indicator panel and (C) 

display panel , which are designed for easy monitoring, controlling and measuring during the 

real-time implementation. 

(A) 
(C) 

(B) 

Fig. 5-4 Example of front panel in LabVIEW: (A) control panel (B) indicator panel (C) 
display panel for time domain waveform and frequency domain power spectra 

• Control panel: Part (A), a control panel allows a processing control during the real­

time processing or simulation test. It is designed to select V AD (MSC and TDOA, 

log energy, and variance), frame size, window function (hanning and hamming), 

kepstrum processing of type (A) and (B). The application of adaptive filter, 

kepstrum fi lter and TDOA delay is available by an on/off pushbutton. It is possible 
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to change the data of the delay fi lter, adaptive filter and kepstrum filter sizes as well 

as adjust data for the V AD threshold setting. 

.. Indicator panel: From the indicator panel of part CB), VAD operation can be 

verified from panels of va1 id speech zone, and left or right of the zone for a noise 

source indication. Adaptive performance of an adaptive filter can be verified from 

the panels showing freezing and updating weights. Time delay estimate can be 

verified ,  where it is measured in milliseconds or in sample of TDOA function. It is 

avai lable to verify the performance in dB meter, where it is  normally used for 

measuring overall dB noise reduction CMoir, 2006). 

.. Display panel: The on-going performance can be monitored in Cc) display panel for 

the performance in a time domain waveform and frequency domain power spectrum. 

The data can be stored for further analysis using audio editing tool or the 

performance can be played back by a command on a control panel . 

Table 5-VI shows a specification for the parameter setting and it is set as a default. It can 

easily be changed during the processing time or off-time. Information for experimental 

equipments is also shown. Note that default parameters and l isted equipment are normally 

used if not differently specified in  the each experiment. 

Table 5-VI Specification for default parameter setting 
and information for experimental equipments 

Specifications for parameter settingand equipment information 
Delay l  (D ) 0 Frame size 2048 
Delay2 (D, )  0 Sampling frequency 22050 Hz, 1 6  bits/ch 
Steering/first NLMS weights (H I ) 1 00 Nyquist frequency 1 1 025 Hz 
Second NLMS weights (H, )  200 Experimental software LabVIEW 7.0 
Step size ofNLMS 0.50 Computer (CPU) Intel P4 2.8GHz with 1 Mb cache, 
Window hannino 1 Gb RAM 
Buffer size 8 1 92 Si!mal analyzer Cooledit pro 2.0 
Forgettino factor 0.80 Pre-amp Alto stereo tube 
V AD setting I TDOA delay 3 samples Sound card Internal, onboard 

I MSC 0.40 M icrophones 
1 .  Unidirectional electret condenser 

K�strum coefficients 64 2. Omnidirectional electret condenser 
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A block diagram is mainly composed of six parts and i ts simplified block diagrams are 

shown in Fig. 5-5 . Information for the processing procedure according to each block 

diagram is l isted in Table 5-VII. 

(A) Sib�lal acquisition (B) Preprocessing (C) Voice activity detecto�D) 
S�;;:�s

���
g
array (E) Si

��
� ;;;ta�

ement 
(F) Signal recording 

11 11 11 11 
. 

11 g . H . , SOlN) IN- i'JoD- MODIfIED , SOLf.IO OUT.vi PREPROCE5S1.Yi vAO(lOG E).vi GRIFFITH PnJ , RECOR02.vi 
v � JIM RECORD & < 

I!EAMF()RMER. vi PlAYBACK. vi " ,., 
, 

11 .. . .. . 
POWER 

SPECTRA.vi "" 

11 
. 

� . 
dl LEVEl.. vi " 

Fig. 5-5 A simplified block diagram in Lab VIEW 

Table 5-VII Information of simplified block diagram 

(A)Signal acquisition Sound input - stereo, 22050Hz, 1 6  bits 
Sound output - mono, 22050Hz, 1 6  bits 

(B)  Preprocessing HPF (High-pass filter) - C ut-off frequency: 50Hz 

Cc) Voice activity detector 1 )  TDOA and MSC 
2) Variance 
3) Log energy 

(D) S i gnal and array processing Method 1- ANC based approach 
Method IJ- G-J based approach - with TDOA 
Method I I1- G-J based approach - with TDOA and adaptive fi lter 
Method IV - G-J based approach - with speech beamforming 

and adaptive filter 
(£) Signal measurement and display 1 )  Real-time measurement and display in waveforms 

2) Real time measurement and display in power spectra 
3) Real time measurement and display in dB ratio 

(F) Signal recording Permanent recordmg 

In addition to performance analysis from the front panel of LabVIEW, an audio editing 

tool ,  cooledit pro® software has been used for the performance measurement, spectral and 

spectrogram analysis, which can provide more detailed analyses (Fig.  5-6). 
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Fig. 5-6 Analysis using audio editing tool, cooledit pro 2.0 

• 
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4 Performance evaluations 

4.1 SNR measure 

The SNR was the widely used measure in the past for measuring enhancement algorithms 

and it is defined as (5- 1 ). 

SNR(dB) = 10 log (a; J 
an 

(5- 1 )  

where (j.� and (j,� are the variance of signal and noise respectively. 

NRN (normalized residual noise) method is sometimes used for the performance evaluation 

of noise cancellation . It can be measured in terms of the ratio of noise signal powers at the 

output and input in the absence of speech (Mikhael and Hill, 1 988; Lu and Clarkson, 

1 993), which is defined as (5-2). 

NRN(dB) = 1 010g (a;(A) J 
an(B) 

(5-2) 

where A and B represent the noise s ignals after and before noise cancellation respectively.  

The NRN i s  frequently used to measure the performance of the ANC implemented in 

diverse situations or with different gradient algori thms. In addition , the SNR improvement 

can be measured from the subtraction of the output signal SNR and the primary input signal 

SNR, yielding 

SNR improvement (dB) = l O log � - l O log �(B) = l OJog ;(A )  ;( B) (a2 J (a2 J (a2 a2 J 
an(A ) an(B) an(A ) a .,(B) 

(5-3) 

The equation (5-3) may be identical as long as there is no signal leakage at the reference 

input. In this case, (5-3) becomes (5-4) .  

( 2 J . an(B 
SNR Improvement (dB) = l O log -2 -) 

an(A) 
It gives a reciprocal relation between NRN (5-2) and SNR improvement (5-4). 

(5-4) 

The main benefit of the SNR quality measure is its mathematical simpl icity. However, it 

is found as poor measure of speech qual i ty for a broad range of speech distortions. Another 

fact indicates that SNR is not well related to any subjective attribute of speech quality. 

• 
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For the measurement of SNR in real-time processing, there is a measurement problem with 

our real-world appl ication because the true signal is  unknown (i .e. ,  un-measurable ,due to 

noise) and hence its power cannot be calculated on its own. It has been shown that the usual 

way to calculate SNR for such problems is to measure the power of the noise when the 

speech signal is absent and then measure the power of the signal plus noise (assuming that 

the noise has not changed its characteristics). By subtracting the two measures (in dB), 

1 +SNR (in dB) is  found from which SNR can then be calculated as in (5-5) [ a2 + a2 ]  
1 + SNR = 1 0  log " 2 " a" (5-5) 

where a,� and a,; are the variance of signal and noise respectively. In general , variance a2 
i s  easily calculated for M samples according to a2 = -I- I x; , where Xi '  i =1 , 2, . . .  M are M i=1 

samples of the signal . 

A speech signal has time-varying statistics so a much improved quality measure can be 

expected if SNR is measured over short frames of quasi-stationarity and the results are 

averaged. This  frame-based measure has been cal led the segmental SNR. 
Thi s  assumes of course that the noise power does not change throughout the whole time of 

measurement, which is in real ity a false assumption with non stationary data. However, it 

has shown that it is a good approximation and the only method available other than 

simulation results. 

• 
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A robust V AD (Agaiby and Moir, 1 997, a) based on the MSC (2- 1 29) and the TDOA (2-

1 55) function has been used for the test in  a real reverberant environment. It is found that 

GCC based TDOA estimate using HT prefilter gives a better estimate of time-delay than 

ordinary cross-correlation, particularly in reverberant environments and MSC provides a 

frequency analysis of the correlation level between the signals of the two microphones (see 

p. 60-68). This combined method of using MSC and TDOA function gives more 

constraints, but a better performance than the method using a sole criterion, MSC based 

V AD method (Le Bouquin Jeannes and Faucon, 1 994). Therefore, the simple methods 

based on log energy (Gerven and Xie, 1 997) or variance (Moir, 200 1 )  may also be used 

with MSC function for the application in reverberant environments. 

For the experiment, the output from average MSC>0.40 and TDOA 

< 13 1 samples (1 36.05j1S) is regarded as a valid speech frame. Speech frames are shown as 

flagged in the time-domain waveform. Fig. 5 -7 shows an example of a V AD decision 

regarded as a noise frame from the data of average MSC of 0.35 and TDOA of -7 (at sample 

number 1 0 1 6  within the frame). Negative delays are shown as maxima which occur past the 

mid-point of the GCe. Positive delays are assumed to be in the latter first half of the cross­

correlation up to N / 2 - 1  points. Calibration needs to be done initially to decide which 

direction is taken to be negative or positive. ( i .e . ,  left or right when the microphones are 

directly in front of the desired speech source). 

Fig. 5-8 shows an example of a frame snapshot of threshold value and CUlTent average 

output value from a simple V AD based on log energy (A) and variance function (B). It has 

been shown that these VAD algorithms (Gerven and Xie, 1 997 ; Moir, 2001 ) work well in 

stationary noise and simple test, but it shows less performance than an algorithm (Agaiby 

and Moir, 1 997, a) based on TDOA and MSC function . 
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Fig. 5-7 Example of assumed noise frame found from the V AD: (A) MSC showing average 
0.35 and (B) GCC estimate and TDOA showing maximum value at an interpreted -7 

samples, which occurs at sample number 1 0 1 6. 
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Fig. 5-8 Example of V AD based on (A) log energy and (B) vari ance function 
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6.1 Comparison of omnidirectional and unidirectional microphones 

The objective is to provide a performance comparison of a noise reduction between 

omnidirectional and unidirectional microphones in both stationary and nonstationary noise. 

Table 5-VIII shows a specification of the two microphone types u sed. The test has been 

implemented at desk (A) in a room (A) . Fig. 4-9 i s  used for the test. 

Table 5-VIII Specification of microphones 

Specification 
Microphone type Microphone type 

(A) (B)  

Sensitivity polar pattern Omnidirectional Unidirectional 
Physical material Electret condenser Electret condenser 
Frequency response 20Hz to 1 6kHz 100Hz to 1 6kHz 
Sensitivity - 65dB + /- 3dB - 68dB + /- 3dB 
Impedance Not specified 5000hms 
Size 1 3(Dia)x30(L)mm 1 1 .5 (Dia)x25(L)mm 

From Fig. 5-9 and 5-10, it shows that: 

• From the application to both G-J beam former and G-J kepstrum beamformer, the 

unidirectional microphone gives a better performance in  both a stationary computer 

fan and nonstationary radio music noise. 
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·20.0 ����. ' . .  

!'30.0 � 

j:: -EO.o- li ·70.0 
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Fig. 5-9 Comparison of (1) omnidirectional and (ll) unidirectional microphone 
based on G-J beam former (A) and G-J kepstrum beamformer (B) in stat ionary computer fan 
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Fig. 5-10 Comparison of (l) omnidirectional and (ll) unidirectional microphone 
based on G-J beam former (A) and G-J kepstrum beamformer (B) in nonstationary music 

radio 
• 

6.2 Comparison of a modified application to ANC and beamforming method 

The objective is to provide real-time performance comparisons of a modified application 

to ANC and G-J beamforming (see p. 1 07- 1 1 0) .  Tests are implemented in room (B) with the 

use of two unidirectional microphones. With the modified application, performances are to 

be compared between no front-end TDOA application in ANC (method l) and TDOA 

function as front-end application in G-J beamformer (method IT) . It is also compared 

between TDOA function (method ID) and speech beamforming filter (method IV) as a front­

end application in G-J adaptive beamformer. In the diagrams of the four methods in Fig. 5-

1 1 , Dl and D2 refer to a small delays i ntroduced to maintain causality. In some cases, there 

may be more than one delay. For the performance comparisons under the same condition, 

both delays are set to zero for all four methods. 

1 )  Method I: ANC based approach 

The objective is to evaluate the performance according to a modified application to 

ANC, which uses a small separation between two microphones with the use of a 

VAD during si lent periods of speech. The speech appears directly in front of the 

microphones. 

2) Method IT: G-J based approach - w ith TDOA 

The objective is to verify a performance using TDOA delay as a speech directivity 

function (steering mechanism) with the same application condi tions of the modified 

application to ANC, but not with an adaptive filter. 
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3) Method Ill: G-J based approach - with TDOA and adaptive filter 

The objective is to test the performance of an adaptive version of method Il, which 

uses a TDOA compensation delay for steering the speech to be in front of the 

microphones and LMS algorithm to minimize mean-squared error. 

4) Method IV: G-J based approach - with speech beamforming and adaptive filter 

This  method uses two LMS algorithms. The first LMS algorithm is used and 

updated during periods of speech whilst the second LMS algorithm is u sed for noise 

reduction and updated only during periods of noise. 
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Fig. 5-11 Block diagram of (A) ANC based approach (B) G-J based approach - with TDOA 

(C) G-J based approach - with TDOA and adaptive fi lter (D) G-J based approach - with 
speech beamforming and adaptive filter 

Three types of microphone configuration are considered for the potential application to the 

hearing aids for the impaired as shown in Fig. 5- 1 2 . 
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Fig. 5-12 Experimental microphone set-up 
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(left: broadside, center: endfire and right: endfire variant) 
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Following is a summary from the test results. 

Chapter 5 :  Experiments 
6. Real-time and simulation tests 

• The modified application to ANC (method I) and G-J beamformer (method IT) shows 

almost the same noise reduction ratios for both stationary and nonstationary noise 

environments. However, i n  a speech with noi se environment, the performance 

between the two methods shows a difference of up to 5dB. This indicates that the 

speech enhancement method enhanced by the directivity (steering) function of 

TDOA (method IT) gives h igher performance than the noise cancellation method 

using the modified application to ANC (method I) . 

• The modified application to G-J beamforming with TDOA (method Ill) using 

benefits of both methods (I) and (ll) shows a considerably increased pelformance. 

The modified application to G-J beam former with speech beamforming (method IV) 

shows the best performance of around 1 or 2 dB better than method (Ill) in al l three 

tests. 

• There appears to be little difference among the three variant methods of testing i .e. 

broadside, endfire and endfire variant. 

Table 5-IX shows test result. Based on the test results, method IV has been tested by using 

delay fi lters ( D J = 5 and D2 = 50 )  and increasing two adaptive filter sizes 

( H J = 1 50 and H 2 = 500 ) from the default setting value. Performance is clearly better at low 

frequencies of less than about 500Hz but sti ll behaves well up to the Nyquist frequency. Fig. 

5-] 3 shows the corresponding time-domain result with the G-J adaptive beamformer 

switched on in mid-sentence in a nonstationary radio noise environment and Fig. 5- 1 4 

i l lustrates the average spectrum improvement on a stationary computer fan noise. It can be 

seen that the noise floor is lowered by over 20dB at 1 00Hz and around 5- 1 0  dB therein up to 

1 0  kHz. 
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Fig. 5-13 Test waveforms on radio noise and speech 
(two LMS adaptive filter i s  switched on in mid sentence) .V AD flag is also shown 
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Fig. 5 - 14 Average power spectra on stationary computer fan n oise (top line: ambient noise 
and bottom line: method IV with delay filters) 

Test type 

Configuration type 
" 

Average noise power 
Method type � 
Method I 
Method I I  
Method 1 l J  
Method IV 

Table 5-IX Test results based on stationary (computer fan) ,  
nonstationary (radio) noise, with and without speech 

Test type ) - based on one ambient Test type n - based on one ambient noise Test type m - based on speech with 

noise (compUler fan) (compuler fan) and one additive(radio) noise (WO noises 

Broadside Endfire Endfire B roadside Endfire Endfire Broadside Endfire Endfire 
variant variant variant 

Average noise Average noise A vernge noise Average noise Average noise Average noise Average noise Average noise Avcr..l�� n()i� 
power (dB) power (dB) power (dB) power (dB) power (dB) power (dB) power (dB) power (dB) powor(dS) 

- 32.04dB - 33.46dB - 28.S 1 dB -�� -� - 2Y.)lSdtl . LO.U4dH - 2!D l dtl - L) . b l� 
- 32.27dB - 34.4SdB - 33 .29dB - 3 1 .39dB - 30.87dB - 30.24dB - 3 1 .44dB - 3 1 .S0dB - 3 1 .6Sd!= 
- 42.53dB - 39.04dB - 37 .8 1 dB - 36. 1 2dB - 34.9SdB - 35.77dB - 33 .07dB - 33 . 1 2dB - 33 .2SdE 
- 43 . 7 1 dB - 39.99dB - 38 . 1 3dB - 37. 1 6dB - 3S.44dB - 36.07dB - 3S .69dB - 3S .0SdB - 34. 1 2dE 

The companson of real-time performances based on the modified application to ANC 

based approach and G-J based beamforming approach gives an initiative for the kepstrum 

method to apply to G-J beamforming rather than ANC. Therefore, the kepstrum method is 

applied in front of the speech enhancement method, G-J beamforming. 

• 
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6.3 The effect of front-end kepstrum application in a reverberant environment 

The objective is to test the effect of a front-end kepstrum application to a speech 

enhancement method for echo or reverberation cancel lation . The test is implemented i n  

room CA) in  an environment of a stationary computer fan noise. G-J beamformer of  Fig. 4-9 

and G-J adaptive beamformer of Fig. 4- 1 0  is used for the test. A loudspeaker has been used 

to produce an echo sound. 

1 .  Fig. 5- 1 5  shows that pitches of echo present in an overall frequency band. G-J 

beamformer using unidirectional microphones shows better noise reduction than one 

using omnidirectional microphones, but it is not related to a cancellation of a pitched 

echo signal . 

30,0-....----------------------, 
20,0-

! 10.0-
o 0,0-"" ' 
:J 'E · 1 0,0-' 
1 _20,0 I 

-30,0-
-10,0 -\-, _.------._--;-_.---._--;_-.-:.....;:.:-�:.cl����� 

100 
Frequency (Hz) 

Fig. 5-15 Comparison of omnidirectional (top waveform) and unidirectional (bottom) 
microphone on echo sound 

2. By using unidirectional microphones, the test has been carried out with G-J 

beamformer (Fig. 4-9), G-J adaptive beamformer (Fig.  4- 1 0) and G-J kepstrum 

beamformer (i .e . ,  kepstrum applied in G-J beamformer) . Fig. 5- 1 6  shows that the 

kepstrum approach shows a highly reduced noise reduction with echo cancellation, 

which shows a better performance than G-J adaptive beamformer. 
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6.4 The effect of minimum phase front-end kepstrum application 

The favourable effect of a minimum phase front-end kepstrum application is investigated. 

It will test invertibi l ity for a stable performance on an inverted room impulse response. 

Secondly, front-end rrtinimum phase application to a LMS and RLS filter will be tested for 

the capability of the use of a highly reduced cascaded filter size and the identification of a 

nonminimum phase term in a cascaded RLS filter respectively. 

6.4.1 Invertibility of minimum phase kepstrum application 

Invertibility has been tested in room (A) by using unidirectional microphones and 

kepstrum processing (B) in Fig. 4-9. Fig.  5 - 1 7  shows a snapshot of waveforms of a 

nonstationary radio noise when CA) a kepstrum filter from (4- 1 9) and CC) its inverted 

kepstrum filter (4-20) have been converted into (B) and (D) impulse responses respectively. 

It is  shown that an inverted impulse response provides a stable performance during both a 

stationary and nonstationary noise environment. 

o.;os..
.-----------------, 0.2 O.IS '§ 0.1 
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Fig. 5.17 (A) Kepstrum and (B) converted impulse response waveform and 
(C) inverted kepstsrum and (D) its converted impulse response 

6.4.2 Front-end application of minimum phase kepstrum to a cascaded LMS algorithm 

A third order FIR filter with one minimum phase zero at z = 0. ] and two non minimum 

phase zeros at z = 2 and z = 5 is used as a s imple example of an unknown system for a 

simulation test. It can be described by the polynomial expression of H s (z )  = H � (z)H � (z)  , 
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where H s Cz) i s  a third order FIR filter and is taken to be unknown .  The superscripts 

indicate the number of roots based on the lower subscripts, M and N corresponding to 

minimum phase and non minimum phase terms respectively. 

H 5 (z) = H � (z)H � (z) (5-6) 

= (l - O. lz -l )  (1 - 2z-l ) (l - 5z-l ) = 1 - 7 . 1 z -1 + 10.7 z -2 - Z-3 

In (5-6), the non minimum phase zeros (z  = 2 and 5) can be reflected back within the unit 

circle by the reciprocal polynomial z -/I H N (z -I ) where n = 2 ,  so becoming reflected 

minimum phase zeros (z = 0.5 and 0.2 ) . It i s  known that the magnitude of a transfer function 

consisting of an all-pass fil ter (or more generally a cascaded number of all -pass filters) i s  

unity over the entire frequency up to  half-sampling. However, the poles and zeros are 

reciprocals of one another and new reflected poles with stabil ity in the denominator cancel 

the reflected minimum phase zeros. 

For the minimum phase part, 

HM (z) = H� (z)z-2 H� (Z-I ) (S-7) 

= (1 - 0. 1 z -l ) (-2) (l - O.SZ -I ) (-S) (l - 0.2z-l )  

= 1 0 (l - 0.8z-1 +O. 1 7z -2 - 0.0 1 z -3 )  = 1 O - 8z -1 + 1 .7 z -2 -0. l z -3 

For the all-pass z- transfer function part, 

H z _ H � (z) 
= 

(1 - 2z -I ) (l - SZ -I ) 
A ( ) - z-2 H� (Z-I ) (-2) (l -0.SZ -I ) (-S) (1 - 0.2z-l ) 

(S-8) 

(Here LMS or NLMS will give an estimate which is the power-series expansion of the 

above.) 

= 0. 1  (1 - 6.3z -1 + S.49z -2 + . . . . .  ) = 0. 1 - 0.63z-1 + 0.549z-2 + . . . . .  

The combined filter He (z) from minimum phase part (5-7) and cascaded all-pass filter (S-

8) shows the same result as the unknown system (5-6) : 

He (z) = H M (z)H A (z)  

= 1 O (1 - 0.8z -1 + 0. 1 7z-2 -0.0 1 z -3 ) (0. 1 ) (1 - 6.3z- 1 + S .49z-2 + . . . . .  ) 

= 1 - 7 . 1 z -1 + 1 0.7z-2 - Z -3 + . . . .  

== H � (z )H � (z)  = H s (z) 

(5-9) 
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1 )  Simulation test- 1 

For the simulation test to verify the performance of the kepstrum minimum phase filter 

and the cascaded adaptive NLMS filter, the kepstrum fil ter and the NLMS filter are 

positioned in parallel for separate identification as shown in Fig. 5- 1 8  and in  cascade for a 

combined identification as shown in  Fig. 5-20. 

With the use of a white noise input, the test result from Fig.  5-20 shows that the kepstrum 

filter estimates the original minimum phase zeros and reflected minimum phase zeros (from 

the non minimum phase zeros). On the other hand, the NLMS filter estimates the minimum 

phase and non minimum phase zeros together. Fig. 5 - 19  shows waveforms of impulse 

responses according to the simulation test of H k (z) and H L (z) in  Fig. 5- 1 8. It can be 

verified by comparing (5-7) and I- I in Table 5-X and also (5-9) and 1-2 in Table 5-X. 

w hite noise J Unknown system I 
wn I H . (z) I (5 - 6) 

+ j<epstrum filteq I - 1 en.! 

I H K (z) 1 (5 - 7) -

J NLMS filterl 1 - 2 + en? 
I He(:) 1 (5 -9) -

Fig. 5-18 Block diagram for simulation test for kepstrum filter and NLMS filter 
positioned in parallel 

(A) 

�.--12.5-� 
o • 2 , ! I t 3 4 5 6 Time(safl1'les ) 

(B) 

, 7 

Fig. 5-19 Waveforms of impulse responses according to simulation test: 
(A): I- I and (B) : 1-2 in Fig.  5- 1 8  

, 
s 

Table 5-X Coefficient arrays showing each estimate output from the simulation test 
based on block diagram in Fig. 5- 1 8  

I - I :  Kepstrum estimate of impulse response (coefficients) 

1 0. 009 1 - 7. 99 1 1 1 . 700 1 -0. 1 02 1 -0.008 1 -0. 002 1 0.005 
1 - 2 :  NLMS estimate of impulse response (weights) 

1 . 004 1 -7. 1 00 1 1 0.700 1 - 1 . 002 1 -0.0071 -0.004 1 -0.002 
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2) Simulation test-2 

Based on the first test result, it can be concluded from the second simulation test in Fig. 5-

20 that the front-end kepstrum filter estimates the original and reflected minimum phase 

zeros and the cascaded NLMS filter estimates the residual non minimum phase terms 

realized as a cascade of all-pass transfer function estimates. The test results can be verified 

by comparing (5-7) and IT- I in Table 5-XI, also (5-8) and IT-2 in Table 5-XI respectively. 

Fig. 5-2 1 shows waveforms of impulse responses according to a simulation test based on 

Fig. 5-20 and it can be verified by the signals of minimum phase impulse response, Fig. 5-

1 9(A) and Fig. 5-2 1 (A) showing fast decaying waveforms. This can now be compared with 

non minimum phase system of Fig. 5 - 1 9(B), which has the same magnitude spectrum with 

minimum phase terms of Fig. 5- I 9(A) and Fig. 5-2 1 (A). The waveforms for the impulse 

response of the kepstrum minimum phase filter and the cascaded NLMS filter are shown in 

Fig. 5-2 1 (A) and Fig. 5-2 1 (B) respectively. 

White noise J Unknown system 1 
-----,--.!l H, (z) 11-----------, Wn (5 - 6) 

.I KepSlrum liltcr I II - 1  .INLMS filter!n - 2 + L-__ � � __ � ·1 H K (z) ics-7)1 H (z) !cs-8) -
Fig. 5-20 Block diagram for simulation test for kepstrum filter and NLMS filter 

posi tioned in  cascade 

12.5 -; ------------

� s� � - I 12.5-jr-------------1 

1 :1 v .� .... " �O--________ -+ 

s i  i O��"�---------« I -51 ..! ·12.5� 
o 

I I I t j 
2 3 4 5  6 

T,me( safTllles) 
(A) 

, , 7 S , 9 
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o 2 I I I I 

3 4 5 6 Ttme( safTllles) 
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, 
7 

Fig. 5-21 Waveforms of impulse responses according to simulation test: 
(A): IT- 1 and CB): II-2 in Fig. 5-20 

, 
8 

Table 5-XI Coefficient arrays showing each estimate output from the simulation test 
based on block diagram in Fig. 5-20 

n - I  : Kepstrum estimate of impulse response (coefficents) 

1 0.000 I - 7. 995 I 1 . 695 I - 0. 099 I - 0. 00 1  I - 0.00 1 I 0.000 
IJ - 2 :  NLMS estimate of impulse response(weights) 

0. 1 00 I - 0.629 I 0.549 I 0.447 I 0. 257 I 0. 1 36 I 0.069 
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The waveform of impulse response between NLMS (Fig. 5- 1 9(B)) and cascaded NLMS 

after kepstrum filter (Fig. 5-2 1 (B)) shows a difference between combined minimum phase 

and non-minimum phase zeros, and residual non-minimum phase zeros. This shows that the 

waveform of the residual non-minimum phase term shows a much more flattened shape than 

the one of combined minimum phase and non-minimum phase terms. It can be induced from 

simulation tests with white noise input that the front-end kepstrum filter absorbs the 

minimum phase part so the cascaded NLMS algorithm estimates only a smaJ) amount of the 

residual non minimum phase terms. However, for a real-time processing with the case of 

additive noise, the cascaded LMS algorithm estimates any residual non-minimum phase 

terms that the kepstrum method has missed. This therefore results in a greatly reduced 

number of weights since the majority of the residual transfer function will be of the form of 

all-pass systems in cascade. That is ,  an FIR ratio of acoustic transfer functions H (z) which 

has zeros both outside and inside the unit circle (ignoring pure delays which can be 

estimated separately as discussed previously using a TDOA method), can be factored as 

H (z)  = H M (z)H N (z) where the minimum phase term H M (z) i s  estimated using the 

kepstrum approach and the non-minimum phase cascaded term H N (z)  is estimated using 

NLMS. 

6.4.3 Front-end application of minimum phase kepstrum to a cascaded RLS algorithm 

The first s imulation test shows pole-zero cancellation about over-parameterization of RLS 

algorithm when it is used after kepstrum method on a third order noise free FIR system and 

the second test shows pole-zero identification of speech signal according to the locations of 

the speech source. 

] )  Example ] - over parameterization 

Consider a third order noise-free FIR system which has one mlnImUm phase zero at 

z = 0.5 and two non-minimum phase zeros at z = 4 and z = 5 .  This represents a polynomial 

of 

H (z)  = H Z (z)H� (z) = ]  - 9. 5z -1 + 24. 5z -2 - l Oz -3 

where 
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The kepstrum method identifies H K (z) = (1 - 0.9z-I + 0.275z-2 - O.025z-3 ) which is 

easily  shown to be H K (z) = H M (z)z -2 H N (z -I ) ,  the original minimum phase term and 

reflected minimu m  phase term. 

The RLS algorithm converges to 

1 - 9z-1 + 20z-2 
H (z)  - ------:------=-A -

1 - 0.45z -I + 0.05z -2 

This  is easi ly shown to be a second order all-pass transfer function with zeros at z = 4 and 

z = 5 ,  and poles at z = 0.25 and z = 0.2 . The non-minimum phase polynomial is now 

uniquely identified from the numerator of H A (z)  as shown in Fig. 5-22. 

H ( z) 

4 I 

H K (Z) H A (Z) 

Fig. 5-22 Example of identification of non-minimum phase zeros 

Now suppose that the order of the non-minimum phase term is unknown (which is the 

usual case) . Suppose we over-parameterize the RLS algorithm from second order to sixth 

order. The pole-zero plot of HA ( z) i s  shown in Fig. 5-23 for this case. It can be seen that 

there are 4 pole-zero-cancellations and that therefore the filter i s  still stable since all poles l ie 

within the unit circle. The two zeros at z = 4 and z = 5 for clarity are not shown. It is also 

possible to substitute LMS (or RLS with zeros only) instead of pole-zero RLS. 
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Fig. 5-23 Over parameterization of HA (z) to order six 

However, the all-zero methods (LMS or its variants) identify a combination of minimum 

and non-minimum phase zeros and polynomial factorization would be needed to separate 

them. Of course i t  i s  not always necessary to obtain a separate non-minimum phase term and 

for such cases the kepstrum method can be used to reduce the order of the second stage 

parameter identification method whether that be RLS or LMS .  

2 )  Example 2 - pole-zero identification of speech signal 

The purpose of this experiment is to estimate the ratio of the two transfer functions. The 

speech source with negligible ambient noise is located 1 meter away from two microphones 

approximately 30cm apart (Fig. 5-24) . 

Each microphone can be considered to be either the input or output of a l inear system with 

transfer function G1 (z)/G 2(z) or G2 (z)/G1 (z) , depending on the orientation of the 

microphones. Of course only one of these ratios of acoustic transfer functions is causal due 

to the fact that a pure delay (not included in this analysis) will be always presented in each 

path. 

For a period of time, the speech was directly in front of the microphones and at other 

times, it was at an angle as shown in Fig. 5-24. 
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Tape 

: 

1 "1 
--->L-_�-.I.'""==;"-

IExperimental set - up) 
Fig. 5-24 Estimation of the ratio of two acoustic transfer functions 

according  to different position of speech source 

The purpose of the experiment was to measure using this new method if the ratio of 

transfer functions is often non-minimum phase in  nature. The speech was recorded in a 

small office environment with floor space 1 6m square. The speech was sampled at 22050Hz 

1 6  bits and segmented into FFf blocks of length 4096 points. Although this does not 

correspond to a statistically stationary period, it nevertheless  gives rise to good frequency 

resolution. Fig. 5-25 shows the snapshot of when the speech was directly in front of the two 

microphones and a 10th order pole-zero RLS model was used with 32 kepstrum coefficients. 

From the Fig. 5-25, it can be seen that for this case the method has identified a minimum 

phase system and that there are at least three sets of complex near pole-zero cancellations. It 

should be noted that this case w as the exception and that there is nearly always quite a few 

non-minimum phase zeros. 

-2.0 - 1 .5 -1.0 -0.5 0.0 1 .0 2.0 

Fig. 5-25 Pole-zero identification when speech is directly in front of the microphones 
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Fig. 5-26 shows the snapshot when the speech is at the right hand side of the microphones. 

There are three non-minimum phase zeros, the two shown, which are complex conjugates 

and a third real zero at z = -2.5 outside of the viewing zone. The near pole-zero 

cancel lations are quite apparent making the perceived order of the RLS part third order only. 

Fig. 5-26 Pole-zero identification when speech is to the right of the microphones 

3) Summary 

A new method has been shown to identify the non-minimum phase part of a transfer 

function directly without any form of polynomial factorization. The method uses a hybrid 

kepstrum and RLS method and is shown to be robust to over-parameterization. The 

technique only works for the noise-free case but can be used as a method of reducing the 

number of weights when RLS i s  cascaded after the kepstrum method. Hence the majority of 

the system can be estimated using the kepstrum method and the remain ing non-minimum 

phase terms identified using RLS. Hence the most adaptive control or signal processing 

algorithms can use this method for system identification. 

• 

6.5 Comparison of kepstrum processing (A) and kepstrum processing (B) 

Based on the two kepstrum processing methods (see p. 1 1 7- 1 1 8), the kepstrum approach i s  

tested o n  both the G-J beamformer and G-J adaptive beamformer by using unidirectional 

microphones in real-time in a real stationary and non-stationary noise environment in room 

(B) .  Both methods show a significant noise reduction ratio, but kepstrum processing (B) 

shows a better performance in noise reduction than kepstrum processing (A) from the 

waveforms i n  Fig. 5-27(A). The test result of average noise power spectra i n  Fig. 5-27(B) 
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shows that kepstrum processing (B) (by restoring phase from the causal kepstrum domain) 

gives a better performance than kepstrum processing (A) (using TDOA delay as phase), by 

providing differences of average 5-6 dB improvement in stationary noise and 6-8 dB in non­

stationary noise. 

ID 
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Fig. 5-27 (A) Waveforms and (B) average power spectra showing performance of stationary 
noise reduction based on (1): kepstrum processing(A) and (ll): kepstrum processing CB). 

It can be seen from the average noise power spectra in Fig.  5-27CB) that the better 

performance in kepstrum processing (B) comes from all frequency ranges but it is assumed 

that higher performance comes from the reduction in the high frequency range. Therefore, it 

is assumed that kepstrum processing (B) is more effective in a real reverberant environment. 

• 

6.6 Kepstrum approach to G-J beamforming with a modified application 

Based on the result of the analyses between the kepstrum processing (A) and kepstrum 

processing (B), kepstrum processing (B) is used for the test with the use of unidirectional 

microphones in room (B). The performance of the kepstrum approach applied to a G-J 

beamformer (Fig. 4-9) has been compared and it shows an improvement of 1 2 .3 2dB noise 

reduction ratio in a stationary noise environment and only 0.49dB speech enhancement ratio 
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in a speech and a stationary noise environment. Improvements of 1 5 . 1 6dB noise reduction 

and 3 .93dB speech enhancement are obtained in a non-stationary noise environment. 

On the other hand, the performance applied to the G-J adaptive beamformer (Fig.  4- 1 0) 

shows improvements of 1 1 .9 1 dB noise reduction ratio and 4.73dB speech enhancement ratio 

in a stationary noise environment, and 1 2.4 1 dB and 6.55dB improvement in a non stationary 

noise respectively. Fig. 5-28 shows waveforms at the top showing the performance between 

the G-J bearnformer and G-J kepstrum bearnformer and also at the bottom showing the 

performance between the G-J adaptive beamformer and G-J kepstrum adaptive bearnformer, 

where both are tested in a nonstationary radio noise. The real speech used was 'hello' 'one' 

'two' 'three' in the first half (A) and also the same words in the second half (B), where real­

time voice has been triggered by the V AD and shown as flagged in the time-domain 

waveform. The results show more reduced non stationary noise in the second half (B) in  

both top and bottom waveforms in Fig. 5-28.  The test results are summarized in Table 5-XII. 

For the performance comparison in a various conditions ,  the test has been done in room 

(A) using omnidirectional microphones in a G-J adaptive beamformer. Male and female 

speakers have spoken in front of two microphones by using the speech "I am in front of a 

desk". The test has been done in a different input SNRs (OdB, 1 0dB and 20dB respectively) 

at the different radio noise source locations ( R  I ,R 2 and R 3 ) and a fixed location of 

computer fan noise (C). The radio was tuned to real music sound. The test results have 

shown a highly promising performance for all of the different input SNRs at the different 

locations of noise sources, and also from both male and female speakers as shown in Table 

5-XIII. 
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Fig. 5-28 Waveforms in speech with nonstationary (radio) noi se showing performance of 
(top) (A): G-J beamformer, (B): G-J kepstrum bearnformer and also 

(bottom) (A): G-J adaptive bearnformer and (B) G-J kepstrum adaptive beamformer. 
V AD flag i s  shown in speech periods 

Table 5-XII Test results based on stationary (computer fan) and non stationary (radio) noise 

Noise type Stationary noise 

Processing type 
Microphone G · )  G • 1 Kcpstrum(A) G · 1  Kepstrum(B G . J adaptive G -J KcpslI'um(A) G .. J kcpslrun(B) 

output beamfonner hcamfnnm .. "f beamformer beamfonner aililp(ive hcamf'lOn:r adaptive hcamfOnTlt!f 

Measurement A verage power (dB) 
Performance i� 

Averaged signal plus noise (A) - 1 4.91  - 1 6. 1 7  - 24.60 - 28.00 - 1 7.41 - 22.23 - 24.59 

Averaged noise (B) - 37.64 - 4 1 .09 - 48.73 - 53.4 1 - 46. 1 3  - 53 . 78 - 58.04 

Averaged SNR (A - B) 22.73 24.92 24. 1 3  25.4 1 28.72 3 1 .55 33.45 

SNR comparison � - -0.19 0.49 3 . 80/- 6.63 / 2.83 8.53/ 4.73 

Noise reduction - 7 . 64 1 2. 3 2  5.04/- 1 2. 69 1 7.65 1 6.95 / 1 1 .9 1  

Noise type Nonstationary noise 

Processing type 
Microphone G - J  G - 1  Kcpstrum(A) G -1 Kepstrum(B G - J adapti ve G -J kcpslnlln(A) G -J kcpslnur(U) 

output beamfonner heamfnmler beamformer beamfomler <lduplivc hcamfnnn!f adapljvc hcamfnm\,!r 

Measurement 
A verage power (dB) 

ance i� 
Averaged signal plus noise (A) - 1 1 . 8 1  - 1 5. 1 4  - 24.73 - 26.37 - 1 6.28 - 22.32 - 22. 1 4  

A vera!!ed noise (B) - 24.25 - 3 1 .62 - 40.84 - 46.78 - ":\8.49 - 44.86 -50.90 
Averaged SNR (A - B) 12.44 1 6.48 1 6. 1 1 20.4 1 22.21  22.54 28.76 
SNR comparison � - - 0.37 3.93 5 . 73 /- 6.06 / 0.33 1 2.28 / 6.55 

Noise reduction - 9.22 1 5. 1 6  6. 8 7 /- 1 3.24 / 6. 3 7  1 9. 28 / 1 2.4 1  
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Table 5-XIII Performance comparison in various conditions 

Test result on kepstrum approach 
Noise sources R + C  R, + C  R�+ C 

Input SNR OdB 1 0dB 20dB OdB 1 0dB 20dB OdB 1 0dB 20dB 
Male 2.08 7.92 1 3. 90 2. 1 2  5.93 1 3. 67 4. 58  8. 1 9  1 5. 72 

Female 3.78 7.24 1 3. 4 1  3 .33 6.27 1 3. 1 1  3.07 9.66 1 3. 96 

Compared with a recently proposed neural network based algorithms usmg the two­

microphone G-J adaptive bearnformer (Beh et aI., 2006) , the kepstrum approach shows a 

better performance by 1 -6 dB through the entire range of OdB-20dB input SNR. In addition, 

the performance comparison with other methods tested in  a real room reverberant 

environment, shows that the kepstrum approach has 2 .2dB better SNR performance for a 1 .2 

dB input SNR than a four-microphone GSD (Fancourt and Parra, 200 1 ) . GSD is a hybrid 

method of a combination of geometric beamforming (GSC) and BSS algorithms, and claims  

a better performance than a four-microphone DS beamformer and GSC (Griffiths and Jim, 

1 982) as shown in Table 5-XIV. However, the two-microphone kepstrum approach gives 

worse performance than a two-microphone SBAGJ (CampbeU and Shields, 2003), which 

uses a sub-band method. 

Table 5-XIV Performance comparison with other methods in a real reverberant 
room environment 

Algorithm None DS GSC GSD Kepstrum SBAGJ 

SNR 1 .2dB l .3dB 3 .0dB 4.6dB 6.8dB 8.0dB 

To verify the effect of a highly reduced adaptive filter size i n  the application of a front-end 

kepstrum filter, applied filter s ize between kepstrum coefficients and NLMS weights has 

been compared. 

The test results are shown in Table 5-XV and it indicates that with the front-end kepstrum 

approach, the number of weights can be reduced in size by up to 80%-95% in the adaptive  

filter of  the G-J adaptive beamformer (Fig. 5-29(A) and Fig. 5 -29(B)). They also show that 

the front-end kepstrum application gives favourable results even in a nonstationary noise 

environment. The comparison of filter size reduction from the method of ANC and G-J 

adaptive beamforrning using speech beamforming can also be found in Jeong and Moir 

(Jeong and Moir, 2005). 
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Table 5-XV The performance showing the same effect as the kepstrum approach by 
reducing the adaptive filter size in the G-J adaptive beamformer 

I� Noise type Stationary noise Nonstationary noise 

"- (computer fan) (radio) \ Adaptive filter size 
Filter size Reduction Filter size Reduction 

Processing type � H(z) ratio (%) H(z) ratio (%) 
Adaptive beamforrner 200 200 

Kepstrum approach (64) JO -95 % 20 
-90% 

Adaptive beamforrner 1 50 1 50 
Kepstrum approach (64) 1 0  

-93 %  
1 0  

-93% 

Adaptive beamforrner 1 00 
- 95% 

1 00 
-90% 

Kepstrum approach (64) 5 10  
Adaptive beamforrner 50 50 

Kepstrum approach (64) - 90% -80% 
5 1 0  
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Fig. 5-29 (A) Average power spectra of stationary noise showing comparison of (A): 
adaptive beamformer with filter size 200 (l) and kepstrum (64) with adaptive beamformer 
with filter size 200 (ll) and (B) :  adaptive beamformer with filter size 200 (1) and kepstrum 

(64) with adaptive beamformer with filter size 10 (ll) 
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Chapter 5 :  Experiments 
7. Summary 

It has been found that the unidirectional microphone is more appropriate as it shows a 

better performance than the omnidirectional microphone in a real room reverberant 

environment. From the performance comparison of kepstrum processing, kepstrum 

processing (B) (recovering phase from the causal kepstrum domain) has shown a better 

performance than kepstrum processing (A) (using TDOA del ay as phase). It has also found 

that the kepstrum method is effective in echo c ancellation. 

With the use of kepstrum processing (B) and frame size of 2048 (or 1 024) with a VAD 

function, it allows a stable real-time processing, but when frame size is increased to 4096 

and kepstrum processing (A) is u sed, it has shown a barely maintained real-time processing, 

with the system sometimes halting or failing. 

The performance of the kepstrum approach IS related with other factors from the 

performance of V AD and the selection of parameters such as frame size and FFT windows. 

Therefore, it is necessary to set a proper threshold for V AD and other parameters according  

to environmental conditions. The main limitation is due to the fact that the acoustic noise 

transfer functions (to the microphones) rapidly change in a real environment and hence 

during the speech periods, they use the previously frozen transfer functions. Therefore, the 

more robust the V AD, with more accurate separation ability and a rapidly changing speed 

between the intermittent utterances, the more possible it is to increase the overall 

performance of the kepstrum approach. 

The kepstrum approach has shown an improved performance in speech enhancement and 

noise reduction with several favourable effects . Through real-time and simulation tests, it 

has shown that the front-end kepstrum estimate gives several favourable effects such as 1 )  

invertibility, which gives stable minimum phase transfer function when the inverse of the 

ratio of acoustic transfer functions between a noise source and input microphones is desired; 

2) the use of a highly reduced NLMS filter size by absorbing most of the minimum phase 

part in the front-end kepstrum estimate; 3) the use of a small number of kepstrum 

coefficients because of the minimum phase property, which shows highly concentrated 

energy around time zero; 4) computational simplicity using FFTs and efficiency by real-time 

kepstrum processing. Based on this, the kepstrum approach could give an application 

diversity, which may be applied to the area of equalization, noise cancellation, beamforming, 

line enhancing and deconvolution. 

• 
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Chapter 6: Conclusions 

An original and robust kepstrum approach has been proposed. It is based on kepstrum 

(complex cepstrum) analysis, which is comprised of a kepstrum processing technique using a 

VAD, and its front-end application to speech enhancement methods with a modified 

application to a conventional ANC and beamforming. 

It has been shown that it can prove to have several favorable effects for real-time 

processing in a reverberant environment. A front-end application of a minimum phase 

spectral-factor from an unbiased periodogram estimate gives invertibi lity, so its inverse may 

give a stable performance. In addition, it makes use of the small kepstrum filter size with 

highly reduced cascaded adaptive filter sizes. 

For the application to speech enhancement and noise cancellation, the novel application of 

the kepstrum approach has been shown to give an improvement over the modified G-J 

adaptive beamformer and more recently proposed algorithms. A higher performance in 

speech enhancement ratio even in nonstationary noise is found. 

It can be concluded that the kepstrum approach is quite generic and can be applicable to 

the front-end of any speech enhancement method in real-time processing, as it is FFf based 

and independent of model order. Very few kepstrum coefficients are required and the 

residual all-pass transfer functions can be estimated with a cascaded recursive estimation 

method (LMS based) of reduced order. 

For future work, the innovations approach usmg a kepstrum whitening filter will be 

applied to speech enhancement. The innovations white-noise sequence was first discovered 

by Kalman and Bucy (Kalman and Bucy, 1 96 1 ) and used among others by Moir and Barrett 

(Moir and Barrett, 2003). It comes from the fact that it is possible to identify the spectral 

factor of a signal plus noise sequence directly from signal plus noise using the kepstrum 

method (thus avoiding spectral factorization) and the resulting estimator may be 

implemented in an innovations based form. The kepstrum method will be applied as a 

whitening filter to obtain the innovations sequence. 

Further to this exercise, there remain many other areas to investigate including window 

size, V AD type and trade-off between computational complexity and estimation error 

improvement. 

• 
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