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Abstract

There is a great deal of potential for advancement in distant-talker speech acquisition

research, and a wealth of current and future technology depends upon these advances. The

goal of this work is to allow users the opportunity to roam unfettered in diverse environ-

ments while still providing a high quality speech signal and a robustness to background noise

and reverberation effects. In this thesis, a microphone array speech enhancement system is

presented which has three main components: source localization, background noise reduc-

tion, and dereverberation. The localization algorithm is effective in the presence of both

background noise and reverberations and simultaneously produces relative time delay esti-

mates and a source location estimate. It provides a procedure applicable to all time delay

estimators which either maximize or minimize an appropriate objective function, improv-

ing the estimators’ robustness to environmental degradations. The denoising algorithm is a

multi-microphone extension to the Minimum Statistics denoising technique [Martin (2001)].

This algorithm also has an additional and optional SNR-dependent beamforming stage that

is shown to be very useful in certain environments. The final component is a multi-channel

dereverberation algorithm which models the speech source and room reverberations inde-

pendently. A weighting function is estimated and applied in the Wavelet Transform domain

to de-emphasize portions which are less coherent across microphone signals, an indication

of reverberation effects. Results for the various components are provided as proof of the

effectiveness of the proposed multi-microphone speech enhancement system.
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Chapter 1

Problem Overview and Motivation

Speech signals have become increasingly vital components in modern human-machine inter-

faces. Background noise and reverberation effects produce aesthetically undesirable effects

and diminish a system’s ability to convey information. Signal quality also plays a key

role in the performance of speech analysis systems. For instance, speech recognition and

speaker identification techniques exhibit dramatic performance degradations when low qual-

ity speech signals are examined. Therefore, speech acquisition and the ensuing enhancement

of that speech are both essential for the reliable performance of these interfaces.

Currently, most speech acquisition systems rely on the user to be physically close to the

microphone to achieve reasonable sound quality. This close-talker condition significantly

simplifies the acquisition problem by emphasizing the desired signal relative to background

noise and other sources, and by reducing the effects of the physical channel on the signal

of interest. However, there are many situations in which it is not possible or desirable to

have a talker or talkers physically linked to the acquisition device.

The ultimate goal of this work is to allow users the opportunity to roam freely in

diverse environments while still providing a high quality speech signal and a robustness

to background noise and reverberation effects. Besides enhancing current human-machine

1



§1.1 source localization and time delay estimation 2

interfaces, advances in this technology are providing for a variety of new avenues for human-

machine interaction. In recent years, the use of arrays of multiple microphones has received

considerable attention as a means for dramatically improving the performance of tradi-

tional single-microphone systems. This multi-sensor approach has opened up a range of

additional topics of study [Brandstein and Ward (2001), Flanagan and Silverman (1994),

Flanagan and Silverman (1992)].

For single channel systems, recent research has focused on appropriate modeling of

the speech signal, while multi-channel system research has emphasized improved spatial

filtering.

In this thesis, a microphone array speech enhancement system is

presented for signals acquired in challenging environments degraded

by background noise and room reverberations. These novel speech

source localization, denoising, and model-based dereverberation al-

gorithms perform well in the presence of such degradations. The

improved performance of the proposed system relative to classical

methods is demonstrated using quantitative speech quality measures.

The three main components of the enhancement system are shown in Figure 1.1. The

remainder of this chapter presents a brief introduction to each of the three components of

the proposed system.

1.1 Source Localization and Time Delay Estimation

Nearly all multi-channel (i.e., multi-microphone) speech acquisition problems require the

reliable estimation of active talker locations and the resulting time delays relative to the

set of microphones employed. This is the goal of the first stage of the proposed speech en-
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Figure 1.1: Block diagram of speech enhancement system

hancement system. For speech enhancement applications, accurate knowledge of locations

of the desired talker and the interference sources is necessary to effectively steer the array

and enhance a desired source, while simultaneously attenuating those deemed undesirable.

Location data may be used as a guide for discerning individual speakers in a multi-source

scenario. With this information available, it would be possible to automatically focus on

and track a given source for an extended time period. Of particular interest lately is the

application of the speaker location estimates for aiming a camera or series of cameras in

a video-conferencing system [Wang et al. (2001), Wang and Chu (1997)]. The source loca-

tion estimate and its implied vector of relative time-delay estimates are integral parts of the

microphone array system. Such information is a necessary precursor to time-alignment of

microphone signals, rejection of noise sources, and the solution of the general beamforming

problem.

The localization algorithm presented in this thesis is effective in the presence of both

background noise and reverberations, and it simultaneously produces the relative time

delay estimates and a source location estimate. This approach modifies the traditional

two-step localization procedure of time delay estimation followed by source localization,

and simultaneously solves for each element in the estimated time delay vector. The result

is a procedure that adds a level of robustness to any time delay estimation technique

which attempts to maximize or minimize an appropriate objective function independently
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for the different microphone pairs in the array. Simulations are performed across a range

of reverberation conditions to illustrate the efficacy of the proposed method relative to

standard approaches.

1.2 Background Noise Reduction

The second and third stages of the proposed speech enhancement system deal with the

reduction of background noise and reverberations, respectively. Background noise (e.g.,

fan noise) and reverberations are typically handled with different approaches, as the former

degradation is additive in nature while the latter is convolutional. Both types of degradation

are common and problematic in any real environment. The enhancement of speech that

has been degraded by background noise is an often-researched problem, and there is a

rich history of work addressing the use of single channel methods for speech enhancement.

Summaries of these techniques may be found in [Ephraim (1992), Furui and Sondhi (1992),

Deller et al. (1987), Lim (1983)]. While capable of improving perceived quality in certain

environments (i.e., additive noise, high signal-to-noise ratios, and no reverberations), these

approaches do not perform well in the face of reverberant distortions and severe noise

conditions.

Single channel techniques for background noise reduction typically involve some form of

spectral modification (e.g., Spectral Subtraction [Boll (1979)]) or postfiltering (e.g., Wiener

filtering [Deller et al. (1987), Lim (1983)]). However, many of these methods require an es-

timate of the background noise spectrum. This noise spectrum is often estimated from

non-speech intervals, though the detection of non-speech intervals is a difficult problem

itself. A practical method for background noise estimation is the Minimum Statistics pro-

cedure developed in [Martin (2001)]. This approach hypothesizes that the minimum of a

given power spectral frequency bin over an extended period of time, including both speech
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and non-speech intervals, provides a reasonable estimate of the noise floor - an intuitive

argument. In this thesis, this technique is used in a multi-microphone setting as a precursor

to a Delay-and-Sum Beamforming operation. This technique is both effective at removing

background noise and capable of running in real time. Results will be presented for varying

levels of signal-to-noise ratios to show how much of an improvement is offered relative to

the use of beamforming alone.

1.3 Speech Dereverberation

The final stage of the enhancement system is multi-channel dereverberation. The proposed

system incorporates nonlinear, model-based processing to reduce room reverberations. The

goal is to combine the advantages of spatial filtering achieved through beamforming with

knowledge of the desired time-series attributes and intuitive nonlinear processing. A multi-

channel wavelet algorithm which incorporates these principles is presented for which large

Wavelet Transform coefficients correspond to events - either speech production events or

arrivals of multipath signals (i.e., reverberations). This allows for the discrimination of por-

tions of the signal produced by the original speech utterance from those due to reverberation

effects. Because reverberations depend largely on the geometry of the environment as well

as the location of the speech source and microphones, the signal acquired at each micro-

phone will be degraded to varying degrees, as evidenced by variations in Wavelet Transform

coefficient extrema from channel to channel. By deciding which time delay compensated

signal portions are coherent over all microphones, it is possible to recover the structure of

the original speech from the noisy, received data.

The algorithm is shown to be capable of identifying and attenuating reverberant portions

of the speech signal. This is achieved without explicitly requiring estimation of the channel

characteristics, a feature which is essential for practical applications, but which is absent
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from the majority of existing dereverberation approaches.

1.4 Thesis Organization

This chapter provided a brief introduction to the proposed enhancement algorithm for

speech degraded by background noise and room reverberations. Chapter 2 presents some

fundamentals of speech production and some speech processing tools necessary for the re-

mainder of the thesis. Chapters 3 through 5 detail the three components of the enhancement

system shown in Figure 1.1. Chapter 3 deals with robust time delay estimation. Chapter 4

presents a multi-channel extension of Martin’s Minimum Statistics approach to background

noise reduction. Chapter 5 discusses the model-based dereverberation algorithm. Chap-

ter 6 presents some results of the overall system, while Chapter 7 offers some concluding

remarks and avenues for future research.



Chapter 2

Speech Production and Processing

Background

This chapter discusses the speech production model as well as the mathematics of speech

processing. These concepts and equations will be used throughout the remainder of the

thesis and are presented here as background information for the reader new to these topics.

2.1 The Speech Production Model

The human speech production system consists primarily of the vocal cords, the vocal tract,

the nasal cavity, and the lips [Rabiner and Shafer (1978), Deller et al. (1987)]. Figure 2.1,

taken from [Deller et al. (1987)], shows the different physiological elements of this system.

Air is forced from the lungs through the vocal cords and into the vocal tract which consists

of the pharyngeal and oral cavities. Between these two cavities hangs a fold known as the

velum which opens to allow for the coupling of the vocal and nasal tracts necessary to

produce nasal sounds.

Figure 2.2 shows a schematic diagram encompassing the main components of the speech

7
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Figure 2.1: Physiological components of speech production

Figure 2.2: Schematic diagram of speech production system
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Figure 2.3: Discrete-time components of speech production

production system [Deller et al. (1987)]. For voiced sounds such as vowels, the lungs force

air through an opening in the vocal cords, known as the glottis. Adjusting the tension in

the vocal cords causes them to open and close in a quasi-periodic fashion. This results in

a palpable vibration of the vocal tract area. For unvoiced sounds such as /s/ and /p/,

air is forced through a constriction at some point in the vocal tract and the periodicity

characteristic of voiced sounds is not present. Other sounds such as /v/ and /z/ are the

results of a mixed excitation signal containing both voiced and unvoiced elements. The

excitation function, whether voiced, unvoiced, or mixed, drives the speech system and the

resulting speech waveform is radiated from the lips (and perhaps the nostrils, should the

nasal cavity be coupled to the vocal tract).

The discrete-time model of speech production based on the above discussion is shown in

Figure 2.3 [Rabiner and Shafer (1978), Deller et al. (1987)]. Mathematically, voiced speech

sounds are modeled by:

s[n] = ep[n] ∗ g[n] ∗ hv[n] ∗ r[n] (2.1)
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where ep[n] is a quasi-periodic impulse train excitation signal, g[n] is a glottal shaping

pulse, hv[n] is the impulse response of the vocal tract for the particular configuration of the

physiological elements, and r[n] models the radiator effects at the lips. Unvoiced speech is

modeled by:

s[n] = ew[n] ∗ hv[n] ∗ r[n] (2.2)

where ew[n] is a white noise excitation signal, with hv[n] and r[n] defined as above. In the

Fourier domain, Equation 2.1 and Equation 2.2 become:

S(ω) = Ep(ω)G(ω)Hv(ω)R(ω) (2.3)

and

S(ω) = Ew(ω)Hv(ω)R(ω) (2.4)

respectively.

Returning to voiced sounds, as pressure beneath the glottis increases, the vocal cords

are forced open. However, as the glottis opens and the air volume velocity increases,

the accompanying decrease in pressure forces the glottis closed again, a process that is

repeated throughout the voiced sound. The time between successive glottal closures (or

openings) can be defined as the fundamental period, or pitch, of the speech signal. The

fundamental frequency is then defined as the reciprocal of the fundamental period. The

fundamental frequency increases as the tension of the vocal tract is increased. The discrete-

time waveform of the glottal shaping pulse is often approximated by Rosenberg’s model

[Rabiner and Shafer (1978)]:

g[n] =





1
2

[
1− cos

(
πn
To

)]
, 0 ≤ n ≤ To

cos
[

π(n−To)
2(Tc−To)

]
, To ≤ n ≤ Tc

0, otherwise

(2.5)
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Figure 2.4: Glottal waveform example

where To and Tc specify the times at which the glottis is wide open and completely closed

respectively. A glottal waveform example is plotted in Figure 2.4.

As indicated in Equation 2.1, for voiced sounds, the glottal input to the vocal tract is

the convolution of a quasi-periodic pulse train and the glottal pulse. The excitation signal

for unvoiced sounds is usually modeled as white noise which is then used as the input to

the vocal tract. The vocal tract transfer function, Hv(ω), is often modeled as a Kth order

all-pole filter of the form:

Hv(ω) =
C

1−∑K
k=1 a[k]e−jωk

(2.6)

where j =
√−1, for some gain constant, C, and a set of filter coefficients, a[k]. Since this

auto-regressive transfer function is equivalent to linear prediction in the time domain, the

a[k] terms are frequently referred to as Linear Prediction Coefficients (LPC) and the overall

scheme is called the LPC speech model. Typically, an LPC order of K = 10 to K = 16

is sufficient to model realistic vocal tracts. The pole frequencies of the transfer function

are known as the formant frequencies and roughly correspond to the resonant frequencies
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of the vocal tract. Although the all-pole model is not accurate for all speech sounds, it is

the model most often used in speech processing algorithms. It is motivated from a physical

approximation of the vocal tract which treats the region from the vocal folds to the lips as

a sequence of lossless tubes with varying cross-sectional areas.

The lip radiator, r[n], models the relationship between the air volume leaving the vocal

tract to a sound pressure waveform - what is typically measured by a microphone. A typical

choice for the lip radiation function is:

R(z) = 1− z0z
−1, z0 ≈ 1, z0 < 1 (2.7)

which is a simple highpass filter [Deller et al. (1987)].

This concludes the discussion of the speech production model. A series of mathematical

tools is now presented which will be useful throughout the remainder of this thesis.

2.2 Speech Signal Processing Tools

2.2.1 The Fourier Transform

The Fourier transform, a very powerful tool for analyzing the frequency content of a signal,

is defined as:

X(ω) =
∫ ∞

−∞
x(t)e−jωtdt. (2.8)

Note that the Fourier transform is the inner product of the signal x(t) with an infinite-

length complex exponential. That is, the Fourier transform at each frequency ω depends

on the values of x(t) over all time. Therefore, the Fourier transform is inherently non-local.

Although it does indicate the frequencies present in the transformed signal, it gives no

indication of where in time those frequencies occurred. Because of this limitation, other

time-frequency approaches have been used to study speech signals. Time-frequency repre-

sentations are often likened to musical transcription [Strang (1994)]. The Fourier transform
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is equivalent to cataloging the numerous notes, or frequencies, present in a musical score

with no attention being paid to their temporal location in the original signal. However,

time-frequency analysis is analogous to musical notation, which shows how the different

notes progress with time.

2.2.2 The Short-Time Fourier Transform

The short-time Fourier transform (STFT) is a logical extension of the Fourier transform

and is given by [Cohen (1995)]:

STFT(t, ω) =
∫ ∞

−∞
x(s)h∗(s− t)e−jωsds (2.9)

where the superscript ∗ denotes the complex conjugation operator. In this equation, a

finite-length window, h, is centered at time t and multiplied by the original signal. The

STFT at a given time instant t is simply the Fourier transform of a windowed portion of

the signal. Although the simplicity of this interpretation is quite appealing, the STFT has

two major drawbacks. First, it assumes that the signal of interest is stationary over the

length of the analysis window. However, because the statistics of the speech signal can vary

quite rapidly, it is not clear that such a stationarity assumption can be safely made.

The second limitation of the STFT is its fixed time-frequency resolution. In calculating

the STFT, the length of the analysis window determines the time and frequency resolution

of the resulting representation. If the effective duration, τeff , and effective bandwidth,

ωeff , are defined as [Porat (1994)]:

τeff =

[∫∞
−∞ s2 |h(s)|2 ds∫∞
−∞ |h(s)|2 ds

] 1
2

, ωeff =

[∫∞
−∞ ω2 |H(ω)|2 dω∫∞
−∞ |H(ω)|2 dω

] 1
2

(2.10)

where H(ω) is the Fourier Transform of the window h(t), then the uncertainty principle is

given by:

τeff · ωeff ≥ 0.5. (2.11)
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Therefore, a shorter window will result in finer time resolution but more frequency smooth-

ing. A longer window will result in temporal smoothing but finer frequency resolution.

Unfortunately, after choosing the window function, h, the time-frequency resolution is fixed

over the entire time-frequency plane.

2.2.3 The Wavelet Transform

The Wavelet Transform (WT) is a versatile tool that overcomes both limitations of the

STFT, allowing a signal to be analyzed at different scales. This transform, in its traditional

form, exhibits finer time resolution at high frequencies, and finer frequency resolution at low

frequencies. This is well suited to speech signals which have shorter transient phenomena as

well as longer slowly varying phenomena, and is also similar to how the human ear analyzes

sounds [Pintér (1996)]. The Continuous Wavelet Transform of a signal f(t) at scale s is

given by [Mallat (1998)]:

Wf(u, s) =
∫ ∞

−∞
f(t)

1√
s
ψ∗

(
t− u

s

)
dt = f ∗ ψ̄s(u) (2.12)

where ψ(t) is the “mother wavelet” and:

ψ̄s(t) =
1√
s
ψ∗

(−t

s

)
. (2.13)

Note that the 1√
s

term is for norm preservation of ψ(t) at different scales. The Dyadic

Wavelet Transform constrains the scale parameter to satisfy s = 2j where j is an integer.

There are certain continuous wavelet admissibility conditions that any ψ(t) should satisfy,

but the current discussion does not benefit from their inclusion. From a more practical filter

bank perspective, Wavelet Transform calculation involves an analysis stage and a synthesis

stage. Figures 2.5 and 2.6 show two analysis and two synthesis stages respectively of the

wavelet filter bank used in this thesis [Mallat (1998)]. In these figures, cj and dj are the

Wavelet Transform coefficients emitted from the lowpass and highpass filters respectively.
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- ḡj - dj+1

- h̄j
- cj+1

-cj - ḡj+1 - dj+2

- h̄j+1
- cj+2

Figure 2.5: Two stages of the Wavelet Transform analysis filter bank for the Algorithme à
Trous where h̄k[n] = hk[−n]

The cj coefficients are often called “approximation coefficients” while the dj coefficients are

referred to as “detail coefficients.” The coefficients of the analysis filters, h[n] and g[n], and

the corresponding synthesis filters, h̃[n] and g̃[n], used in this thesis will be derived in the

next section. Note that Figure 2.5 and Figure 2.6 show the fast dyadic Wavelet Transform

known as the “Algorithme à Trous” which is French for “Algorithm with Holes.” This name

arises from the fact that the filters themselves are dilated by a factor of two from one stage

to the next with zeros inserted between the previous stage’s filter coefficients. This is in

contrast to the traditional Wavelet Transform which leaves the filters themselves unchanged

but which decimates the output of each analysis filter by a factor of 2 and upsamples the

input of each synthesis filter by a factor of 2. Therefore, in Figure 2.5 and Figure 2.6, hj

comes from the filter h by inserting 2j − 1 zeros between consecutive h coefficients.

Quadratic Spline Wavelets

In this section, a certain wavelet system is derived where the wavelet is chosen as the

derivative of a smoothing function. The usefulness of derivative wavelets will first be ex-

plored, followed by a derivation of the set of filter bank coefficients used in this thesis. This
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6

? 1
2

-

dj+1 - g̃j

cj+1- h̃j

⊕
6

? - 1
2

- cj

Figure 2.6: Two stages of the Wavelet Transform synthesis filter bank for the Algorithme à
Trous

derivation is detailed in [Mallat (1998)]. Suppose the wavelet function ψ(t) is defined as:

ψ(t) = −dθ(t)
dt

(2.14)

where θ(t) is a smoothing (i.e., lowpass) function which integrates to 1 and converges to

0 at infinity [Mallat and Zhong (1992)]. Using Equation 2.14, the Wavelet Transform of

Equation 2.12 can be written as:

Wf(u, s) = f ∗
(

s
dθ̄s

dt

)
(u) = s

d

du

(
f ∗ θ̄s

)
(u). (2.15)

Therefore, the wavelet coefficients at a given scale are proportional to the derivative of the

original function smoothed to that scale.

A specific set of wavelet and scaling functions is now derived [Mallat (1998)]. When

building a dyadic wavelet function, one first starts with a scaling function. The scaling

function, φ, is the result of an infinite cascading of the lowpass filters, h[n], used in the

wavelet filter bank. This fact, along with the desire for a multiresolution approximation

which, by definition, consists of appropriately nested subspaces [Mallat (1998)], leads to a

closed-form condition of:

Φ(ω) =
1√
2
H

(ω

2

)
Φ

(ω

2

)
. (2.16)
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Similarly, the corresponding wavelet, ψ, satisfies:

Ψ(ω) =
1√
2
G

(ω

2

)
Φ

(ω

2

)
. (2.17)

Defining the scaling function to be:

Φ(ω) = e−j ω
2

(
sin ω

2
ω
2

)3

(2.18)

results in the following lowpass filter function:

H(ω) =
√

2
Φ(2ω)
Φ(ω)

=
√

2e−j ω
2

(
cos

ω

2

)3
(2.19)

where Equation 2.16 was used along with the fact that sin 2a = 2 cos a sin a. In order to

construct a wavelet with one vanishing moment, the highpass filter is specified as:

G(ω) = −j
√

2e−j ω
2 sin

ω

2
. (2.20)

Using Equation 2.17, the resulting wavelet is given by:

Ψ(ω) =
1√
2
G

(ω

2

)
Φ

(ω

2

)
= −jω

4
e−j ω

2

(
sin ω

4
ω
4

)4

. (2.21)

The wavelet and scaling functions are shown in Figure 2.7.

By choosing h̃[n] = h[n], the dual scaling and wavelet functions will also be splines.

The reconstruction condition for this wavelet system is:

H̃(ω)H∗(ω) + G̃(ω)G∗(ω) = 2. (2.22)

Therefore, the last of the filters necessary to implement the filter bank wavelet structure is:

G̃(ω) =
2− |H(ω)|2

G∗(ω)
=

2− 2
(
cos ω

2

)6

j
√

2ej ω
2 sin ω

2

. (2.23)

Using the fact that:
2∑

n=0

(
cos

ω

2

)2n
=

1− (
cos ω

2

)6

(
sin ω

2

)2 (2.24)
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Wavelet Function ψ(t) Scaling Function φ(t)

Figure 2.7: The wavelet and scaling functions

n h[n]/
√

2 h̃[n]/
√

2 g[n]/
√

2 g̃[n]/
√

2
-2 -0.03125
-1 0.125 0.125 -0.21875
0 0.375 0.375 -0.5 -0.6875
1 0.375 0.375 0.5 0.6875
2 0.125 0.125 0.21875
3 0.03125

Table 2.1: Coefficients of analysis and synthesis filters

leads to:

G̃(ω) = −j
√

2e−j ω
2 sin

ω

2

2∑

n=0

(
cos

ω

2

)2n
. (2.25)

According to Fourier theory, if a signal x(t) has Fourier transform X(ω), then dx(t)
dt has

Fourier transform jωX(ω). Therefore, the wavelet function given in Equation 2.21 is the

derivative of a smoothing function θ(t), whose Fourier transform is given by:

Θ(ω) =
1
4
e−j ω

2

(
sin ω

4
ω
4

)4

. (2.26)

The finite impulse responses of these filters are given in Table 2.1.

Figure 2.8 shows an example using this derivative wavelet. Note that discontinuities
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appear as coefficients with large magnitudes in each scale. Local maxima of the coefficient

magnitudes correspond to sharply changing signal features (at that scale) while local min-

ima correspond to slowly varying phenomena. The wavelet coefficients are zero where the

signal (at that scale) is constant, a fact that allows the use of such wavelets for speech

coding [Srinivasan and Jamieson (1996)].

The Wavelet Transform of Speech Signals

Figure 2.9 shows an example of the Wavelet Transform for a voiced speech signal. Recall

that voiced speech is modeled as a vocal tract response excited by a glottal pulse. This

pulse essentially excites all of the formant frequencies simultaneously, resulting in a maximal

derivative in the speech signal [Kadambe (1992), Kadambe and Boudreaux-Bartels (1992),

Hess (1983)]. This results in Wavelet Transform extrema in each scale at the point of the

discontinuity. Therefore, the Wavelet Transform can be used as an event detector, with the

event being the instant of glottal closure. The estimation of this point of excitation has

been a heavy research area [Harris and Nelson (1993), Cheng and O’Shaughnessy (1989),

Ananthapadmanabha and Yegnanarayana (1975), Strube (1974)].

Figure 2.10 shows the Wavelet Transform of a speech signal corrupted by additive white

noise. Note that at lower resolutions, much of the noise has been filtered out, and the local

extrema still correspond to the points of glottal closure. Figure 2.11 compares the Wavelet

Transform of clean speech and the same signal corrupted by reverberation. An important

point to note is that over multiple channels, the extrema due to the points of glottal closure

are more coherent than the extrema due to reverberations. This observation will be utilized

in Chapter 5, which deals with model-based dereverberation.
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Figure 2.8: A Wavelet Transform example using a derivative mother wavelet. The top plot
is the original input signal and the remaining plots are the Wavelet Transform coefficients
at scales 21 through 24
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Figure 2.9: An example of the Wavelet Transform of a speech signal. The top plot is the
original input signal and the remaining plots are the Wavelet Transform coefficients at
scales 21 through 24
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Figure 2.10: The Wavelet Transform of speech plus additive white noise. The top plot is
the original input signal and the remaining plots are the Wavelet Transform coefficients at
scales 21 through 24
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Figure 2.11: Clean (red) and reverberant (blue) speech signals and corresponding Wavelet
Transforms
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Figure 2.12: Alternating projection algorithm [Mallat and Zhong (1992)]

Wavelet Transform Extrema Reconstruction

The extrema of the wavelet coefficients at each scale have been used extensively for signal de-

noising, detection, and coding [Srinivasan and Jamieson (1996), Mallat and Zhong (1992)].

In fact, it has been shown that a signal, f(t), can be closely approximated by reconstruction

from only the lowest resolution approximation coefficients and the largest wavelet extrema

of each detail signal. Mallat proposed an algorithm in [Mallat and Zhong (1992)] that nu-

merically reconstructs an estimate, f̂(t), of the signal, f(t), from the extrema of Wf(u, 2j)

for integer j through the use of alternating projections. Define the V as the space of all

possible sets of wavelet coefficients which can be generated by a given mother wavelet.

Define Γ as the set of all sequences g(u, 2j) having the same wavelet extrema as Wf(u, 2j)

at each scale. That is, if Uej is the set of time indices of all local extrema at scale j, then

Wf(u, 2j) = g(u, 2j), ∀u ∈ Uej . The approximation, f̂(t), is obtained through a series of

alternating projections as shown in Figure 2.12. This algorithm will converge to an ele-

ment of Λ = V ∩ Γ. A function is not uniquely defined by its wavelet extrema, and exact

reconstruction is not possible. However, the reconstruction error is typically confined to

the highest frequency features of the original signal [Mallat (1998)]. Many papers deal with

the completeness and stability of extrema representations as well as more efficient and reli-

able algorithms than this alternating projection algorithm [Mallat (1998), Carmona (1995),
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Cvetković and Vetterli (1995), Bervman and Baras (1993)].

Figure 2.13 shows an example of Wavelet Transform extrema reconstruction. The first

plot is the original test signal containing both smooth and sharp variations. The second

plot shows the reconstruction after 2 iterations of the alternating projection algorithm,

while the third plot shows the reconstruction after 25 iterations. Figure 2.14 shows the

Signal-to-Noise Ratio (SNR) of the individual wavelet scales as well as the reconstructed

signal. In the top plot, the highest SNR values correspond to the coarsest scales while

the lowest SNR values correspond to the finest scales. Figures 2.13 and 2.14 both indicate

that the reconstruction does indeed closely approximate the original signal to within a high

frequency deviation. Figure 2.15 shows an example of wavelet extrema reconstruction for

a speech signal. Again, the reconstruction was quite successful, proving to be both visually

and audibly similar to the original speech. Figure 2.16 shows the SNR of the individual

wavelet scales as well as the reconstructed signal. Again, the highest SNR values correspond

to the coarsest scales while the lowest SNR values correspond to the finest scales.

Motivation for using Wavelets for Speech Enhancement

Wavelet transform extrema have been used in the past for pitch estimation of speech signals

degraded by additive noise [Kadambe and Boudreaux-Bartels (1992), Kadambe (1992)].

These methods detected the points of glottal excitations by locating large Wavelet Trans-

form coefficients (using simple thresholding procedures) in scales where the pitch informa-

tion was expected to occur. The distance between consecutive excitations was then used

as the pitch estimate.

The Wavelet Transform will be used for dereverberation in this thesis because:

• Event Detection The instances of glottal closure tend to exhibit local, if not global

maxima across numerous wavelet scales. In the dereverberation procedure, a deriva-
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Figure 2.13: Wavelet extrema reconstruction example
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Figure 2.14: SNR of the first six scales and the reconstructed signal for Wavelet Transform
extrema reconstruction example
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Figure 2.15: Wavelet extrema reconstruction speech example
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Figure 2.16: SNR of the first six scales and reconstructed signal for Wavelet Transform
extrema reconstruction example using a speech signal as input
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tive spline wavelet will be employed to emphasize and detect singularity events in the

signal (i.e., instances of glottal closure and impulses due to room reverberations).

• Extrema Reconstruction The ability to reconstruct speech from its Wavelet Trans-

form coefficient extrema will allow for the following procedure: Wavelet Transform

calculation, followed by event detection, dampening of reverberant extrema, and fi-

nally, Wavelet Transform extrema reconstruction.

2.3 Reverberant Channel Modeling

In an ideal non-reverberant two-channel setting, a signal emanating from a distant source

will typically arrive at the microphones at different times. This relative time delay is

dependent on the source and microphone locations as well as the speed of sound (c = 342

m/s under standard conditions). The received signals at the microphones can be modeled

as:

x1[n] = α1s[n]

x2[n] = α2s[n− τ12]
(2.27)

where s[n] is the source signal, α1 and α2 are scaling factors inversely related to the separa-

tion distance between the source and microphones, and τ12 is the relative time delay asso-

ciated with the microphone and source geometry. In a reverberant setting, Equation 2.27

is generalized to:

x1[n] = h1[n] ∗ s[n]

x2[n] = h2[n] ∗ s[n]
(2.28)

where h1[n] and h2[n] are the room impulse responses (i.e., channel responses) between the

source and the two microphones (not to be confused with hv[n], the vocal tract model).

Note that in the case of h1[n] = α1δ[n] and h2[n] = α2δ[n − τ12], Equation 2.28 reduces

to the non-reverberant case of Equation 2.27. The extension of Equation 2.28 to M > 2
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microphones is straightforward:

xi[n] = hi[n] ∗ s[n] (2.29)

at the ith microphone, for i = 1, . . . ,M .

For all simulations in this thesis, the reverberant channel responses are calculated using

the Image Model method developed in [Allen and Berkley (1979)]. This is a raytracing al-

gorithm which approximates the channel response of a rectangular enclosure by evaluating

the time delay and attenuation of multi-path reflections. When calculating the channel

response, hi[n], for each microphone, the reflection coefficient, 0 ≤ β ≤ 1, of the walls,

floor, and ceiling must be specified, as well as the maximum reflection order to be consid-

ered. The reflection coefficient is the fraction of the sound pressure wave that is reflected

by a surface. In this thesis, varying levels of reverberation (i.e., values of β) were used,

calculating the channel responses up to 10th order reflections. A common parameter used

to specify the amount of reverberation in a room is reverberation time. Reverberation

time is the time it takes for the sound energy of an acoustic impulse to decay -40 dB from

its initial energy level - a function of the room size, speed of sound in the room, and the

surface reflection coefficients. Assuming all surfaces have the same reflection coefficients,

the relationship between reverberation time, Tr, and the reflection coefficient is given by

Eyring’s formula [Kuttruff (1991)]:

β = exp
{−13.82/[cTr(L−1

x + L−1
y + L−1

z )]
}

(2.30)

where Lx, Ly, and Lz are the room dimensions. For example, for a 4 m × 4 m × 5 m room,

reverberations times of 0 ms, 100 ms, 200 ms, 300 ms, 400 ms, and 500 ms correspond

to β values of 0, 0.62, 0.78, 0.85, 0.89, and 0.91 respectively. To generate the different

reverberant speech signals, a single-channel clean speech signal is filtered by each of the

calculated channel responses.
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Rating Speech Quality Level of Distortion
5 excellent imperceptible
4 good just perceptible but not annoying
3 fair perceptible and slightly annoying
2 poor annoying but not objectionable
1 unsatisfactory very annoying and objectionable

Table 2.2: Mean Opinion Score scoring system

2.4 Quantitative Speech Quality Measures

In order to evaluate the performance of the speech enhancement algorithms presented in

this thesis, some useful measures of speech quality will need to be employed. All methods

for evaluating speech enhancement algorithms are either subjective or objective in nature.

Subjective listening tests, though time consuming and requiring careful calibration, are

widely accepted as the ideal measure of speech quality. A popular subjective measure

is the Mean Opinion Score (MOS). The MOS scale is shown in Table 2.2. It consists

of 5 different levels of speech quality, as perceived by the listener [Deller et al. (1987)].

Such numerical subjective scores allow for easy comparison with objective speech quality

measures. However, the score does not allow for a distinction between different types of

distortion.

Because human listening tests are very time consuming, the goal is to find a mathemati-

cal metric which is highly indicative of the quality of an enhanced speech signal as perceived

by a wide range of listeners. In this section, the Segmental Signal-to-Noise Ratio and the

Bark Spectral Distortion measures, two common quantitative speech quality assessment

tools, will be discussed.
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2.4.1 Segmental Signal-to-Noise Ratio

Suppose a clean speech signal, s[n], is distorted and then enhanced to obtain ŝ[n]. The SNR

is given by:

SNR {s, ŝ} = 10 log10

∑
n s2[n]∑

n [s[n]− ŝ[n]]2
(2.31)

which is measured in decibels. This SNR measure examines the entire speech signal and

results in higher scores when the input waveforms are very similar. However, it is possible

for two speech signals to sound similar even if their waveforms are very different. This

explains the observation that this simple SNR measure correlates very poorly with MOS

scores (correlation coefficient ρ = 0.24) [Wang et al. (1992), Quackenbush et al. (1988)].

The SNR metric tends to treat all time domain differences between the two signals the

same, regardless of the short-term energy values which are time-varying [Deller et al. (1987)].

The Segmental SNR (SEGSNR) measure calculates the average SNR for all speech frames:

SEGSNR {s, ŝ} =
1
F

F−1∑

i=0

10 log10




ni∑

n=ni−L+1

s2[n]∑
n [s[n]− ŝ[n]]2


 (2.32)

where F is the number of (typically overlapping) frames, L is the length of the each

frame in samples, and ni is the time index of the ith frame endpoint. By evaluating

the SNR on a frame-by-frame basis, equal weighting is given to areas of different ampli-

tudes - a desirable result. However, in the event that a speech frame is silent, very large

SEGSNR values will result, biasing the overall measure. Therefore, if silence intervals

are possible, a silence detector should be implemented to exclude the corresponding frame

SNR values (or simply limit them with a threshold). The SEGSNR measure has a cor-

relation with MOS scores of ρ = 0.77 [Wang et al. (1992), Quackenbush et al. (1988)].

This is noticeably higher than other metrics such as the commonly used Linear Pre-

diction Coefficient (LPC) distance (ρ = 0.68) and cepstral distance (ρ = 0.63) met-

rics [Wang et al. (1992), Quackenbush et al. (1988)] and will therefore be used for the eval-
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Figure 2.17: Block diagram of Bark Spectrum calculation

uation of the proposed enhancement system.

2.4.2 Bark Spectral Distortion

Although the SEGSNR metric offers a higher correlation to MOS scores than its non-

segmental counterpart, it is still based on waveform matching rather than on knowledge

about human perception. The Bark Spectral Distortion measure (BSD) is one such per-

ceptually motivated metric [Wang et al. (1992)]. Studies have shown that the correla-

tion coefficient of this measure with MOS scores is above ρ = 0.90 [Wang et al. (1992),

Deller et al. (1987)]. The BSD metric makes use of the Bark Spectra, Ls and Lŝ, of the

original clean speech signal, s[n], and the enhanced speech signal, ŝ[n]. The Bark Spectrum

for any signal x[n] is calculated by going through the various steps in Figure 2.17. The

input to this process is the magnitude squared spectrum for the current analysis frame

centered about the time index n, denoted |Xn(ω)|2. The output is Lx[n, l] where the index

l denotes frequency measured in sones. The resulting BSD score for a speech signal is the

weighted average of the BSD scores for all of the analysis frames.

The first stage of the BSD calculation is Critical Band Filtering. This filtering process

is based on the experimental observation that the human hearing system filters an input

sound with a bank of filters with varying center frequencies and bandwidths. As frequency

increases, the distances between center frequencies and therefore the resulting bandwidths
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increase [Wang et al. (1992)]. Note that this is very similar to the time-frequency reso-

lution of the standard Wavelet Transform filter bank system. Each critical bandwidth is

determined experimentally by the resolution of the human hearing system. The first step

of this filtering process is to transform the Fourier spectrum measured in Hertz to the Bark

scale using the relation [Wang et al. (1992)]:

z = 13 arctan(.76f/kHz) + 3.5 arctan
(

f

7.5kHz

)2

(2.33)

where f is the Fourier frequency in Hertz and z is the critical band rate measured in Barks.

The Bark scale is essentially frequency divided by its critical bandwidth, resulting in the

critical band rate. A Bark is also related to the distance upon the basilar membrane for

which maximal stimulation is achieved for a given frequency [Zwicker and Fastl (1990)].

The experimentally measured center frequencies, critical bandwidths, and associated Bark

frequency are shown in Table 2.3 [Zwicker and Fastl (1990)]. The approximation of the

Hertz-to-Bark transformation of Equation 2.33 is plotted along with the experimental values

of Table 2.3 in Figure 2.18 for up to 8000 Hz.

After the Bark scale transformation, the Critical Band Filtering stage is completed by

convolving the transformed spectrum with the Critical Band Filter, F (b), which is given

by [Wang et al. (1992)]:

10 log10 F (b) = 7− 7.5(b− 0.215)− 17.5
[
0.196 + (b− 0.215)2

]1/2
. (2.34)

This filter is plotted in Figure 2.19. This spreading of the Bark scale input simulates

the performance of the auditory nerve in the human hearing system. The output of this

convolution is known as the “excitation pattern” [Wang et al. (1992)].

The next stage in the calculation of the Bark Spectrum is the application of equal

loudness curves. The perception of the human hearing system is dependent on both the

frequency and intensity of a sound waveform. Figure 2.20, taken from [Pohlmann (1995)],
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z
Bark

Band

Limit

Hertz

Center

Freq.

Hertz

z
Bark

Band-

width

Hertz

z
Bark

Band

Limit

Hertz

Center

Freq.

Hertz

z
Bark

Band-

width

Hertz

0 0 12 1720
50 0.5 100 1850 12.5 280

1 100 13 2000
150 1.5 100 2150 13.5 320

2 200 14 2320
250 2.5 100 2500 14.5 380

3 300 15 2700
350 3.5 100 2900 15.5 450

4 400 16 3150
450 4.5 110 3400 16.5 550

5 510 17 3700
570 5.5 120 4000 17.5 700

6 630 18 4400
700 6.5 140 4800 18.5 900

7 770 19 5300
840 7.5 150 5800 19.5 1100

8 920 20 6400
1000 8.5 160 7000 20.5 1300

9 1080 21 7700
1170 9.5 190 8500 21.5 1800

10 1270 22 9500
1370 10.5 210 10500 22.5 2500

11 1480 23 12000
1600 11.5 240 13500 23.5 3500

12 1720 24 15500
1850 12.5 280

Table 2.3: Relationship between critical band rate z, critical band limits, and critical band
center frequencies
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Figure 2.20: Equal loudness curves. MAF = Minimum Audible Field

shows the equal loudness curves on an intensity vs. frequency plot. Also shown on the

plot are the values in phons corresponding to each level curve. The frequencies were pure

tones played for durations longer than 500 ms [Zwicker and Fastl (1990)]. For a given tone

with specified intensity and frequency, a phon is defined as the intensity in dB of a 1 kHz

tone which sounds equally loud [Wang et al. (1992)]. Therefore, focusing on the plot at 1

kHz, the phon values are equal to the sound pressure. Note that a low frequency sound, in

general, needs to be produced at a higher intensity than a higher frequency sound in order

for the two tones to be perceived as having equal loudness. Because of these perception

characteristics, the excitation pattern output of the Critical Band Filtering stage must be

converted to phons according to these loudness curves.

The final stage of the Bark Spectrum calculation is the conversion from phons to sones.

A sone is the increase in power which doubles the subjective loudness [Wang et al. (1992)].
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Figure 2.21: Conversion from phon scale to sone scale

The conversion is performed because the increase in phons needed to double the perceived

level varies with the loudness level. With the sones scale, the increase needed to dou-

ble the perceived level is constant. The conversion factor from phons (p) to sones (l)

is [Wang et al. (1992)]:

l =





(p/40)2.642 p < 40

2(p−40)/10 p ≥ 40
(2.35)

which is plotted in Figure 2.21. However, phon levels are typically greater than 40 since nor-

mal listening levels are typically at least 55 dB above the speech threshold [Wang et al. (1992)],

so only the p ≥ 40 part of Equation 2.35 will be utilized.

The output of the phon-to-sone conversion is known as the Bark Spectrum. The BSD

makes use of the Bark Spectra, Ls and Lŝ, of the original clean speech signal, s[n], and

the enhanced speech signal, ŝ[n]. The resulting BSD score for two speech signals is given
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by [Adcock (2001)]:

BSD =
1
N

∑N
n=1

∑
l |Ls(n, l)− Lŝ(n, l)|2

1
N

∑N
n=1

∑
l |Ls(n, l)|2 (2.36)

where N is the number of frames and the normalization ensures that the measure is invariant

to input level.

The next three chapters deal with the different stages of the proposed speech enhance-

ment system: source localization, background noise reduction, and model-based derever-

beration. Each of these chapters will make use of the concepts and equations presented in

this chapter.



Chapter 3

Robust Multi-Channel Source

Localization

Existing microphone array source localization procedures may be loosely divided into three

categories: steered beamformers, high-resolution techniques, and time-difference of arrival

(TDOA) procedures. The details of these different techniques have been explored in detail

in [Brandstein and Silverman (1997)]. While beamforming has been used extensively in

speech-array applications for voice capture, it has rarely been applied to the talker localiza-

tion problem. The task of computing the steered output power for an appropriately dense

set of candidate locations is computationally expensive and highly dependent upon the spec-

tral content of the source signal. High-resolution approaches suffer from a lack of robustness

to sensor modeling and environmental conditions, especially reverberations, and have seen

little practical use for this application. With the third localization strategy, a two-step pro-

cedure is adopted. TDOA estimates of the speech signals relative to pairs of spatially sepa-

rated microphones are obtained and then applied to generate a source location estimate. For

examples, refer to [Huang et al. (2000), Brandstein et al. (1997), Abel and Smith (1989)].

40
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A number of variations on this principle have been developed. They differ considerably in

the method of derivation, the extent of their applicability (i.e., 2-D vs. 3-D, near source

vs. distant source, etc.), and their means of solution. Primarily because of their compu-

tational practicality and reasonable performance under amicable conditions, the bulk of

passive talker localization systems in use today are TDOA-based.

Accurate and robust time-delay estimation (TDE) is the key to the effectiveness of

localizers within the TDOA-based genre. The two major sources of signal degradation

which complicate this estimation problem are environmental background noise (i.e., ad-

ditive noise) and channel multipath noise due to room reverberations (i.e., convolutional

noise). The background noise case has been addressed at length, and estimating the time de-

lay from the peak of an SNR-weighted version of the Generalized Cross-Correlation (GCC)

function [Knapp and Carter (1976)] has been shown to be optimal under certain noise con-

ditions. The problem becomes more challenging once room reverberations rise above min-

imal levels and the SNR-weighted GCC quickly becomes unreliable [Brandstein (1999b),

Champagne et al. (1996)]. One approach to dealing with channel distortions due to room

reverberations in this context has been to make the GCC function more robust by intelli-

gently choosing the frequency-dependent weightings. The Phase Transform (PHAT) is one

extreme [Knapp and Carter (1976)] which has received considerable attention as the basis

of speech source localization systems [Omologo and Svaizer (1997), Wang and Chu (1997),

Svaizer et al. (1997)]. By weighting each component of the cross-spectrum phase equally,

the PHAT de-emphasizes signal magnitude content in favor of the desired phase content in

the resulting GCC function. The PHAT time delay estimate is simply the time lag value

which maximizes the PHAT GCC. A novel eigenvalue-based time delay estimation algo-

rithm was presented in [Benesty (2000)]. This method, while not a member of the GCC

family of time delay estimation techniques, explicitly models room reverberations and is
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well suited to real-time implementation.

The PHAT GCC and Benesty’s time delay estimator have been shown to be fairly precise

in low to moderate reverberation conditions. However, with increasing reverberation levels,

they are subject to anomalous behavior in which a wall reflection is confused with the

direct path delay. Although the objective functions used to estimate the time delay often

do have local maxima at the true time delay, they are sometimes not global maxima, and

therefore lead to erroneous TDEs. These erroneous peaks can occur due to background

noise effects, a combination of multiple wall reflections, or both. This leads to one or more

of the time delay estimates for a microphone array to be inaccurate, and it detrimentally

affects the second step in the localization procedure. Fortunately, when estimating time

delays between multiple pairs of microphones in an array, if some of the time delay objective

functions have incorrect global maxima, they will rarely occur across all microphone pairs

in a way that would lead to a time delay vector that is consistent. A consistent time delay

vector is defined as a set of TDEs (one TDE for each of the microphone pairs of interest)

which is theoretically achievable for a certain source location given the placement of the

microphones themselves. That is, the vector of time delays is realizable for a source location

based on the underlying geometry constraints of the environment.

Motivated by the observation in the preceding paragraph, this chapter explores an

alternative approach to acoustic source localization which modifies the two-step localization

procedure. Instead, the objective functions derived from various microphone pairs are

simultaneously examined for a set of potential delay combinations consistent with candidate

source locations. The result is a procedure that combines the advantages offered by the

PHAT GCC or Benesty approach (or any reasonable time delay objective function) and

this more robust localization procedure without dramatically increasing computational load.

These results may be viewed as a more general case of the SRP-PHAT algorithm described
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in [DiBiase et al. (2001)] and the CSP technique in [Nishiura et al. (2000)].

The rest of this chapter presents some typical methods for TDE-based localization, the

details of the proposed robust localization method, simultaneous maximum likelihood time

delay estimation, and the results of simulations and real room experiments comparing these

methods.

3.1 Traditional TDE-based Localization

3.1.1 The Mathematics of Time Delay Estimation

In a two-channel setting, a signal emanating from a distant source will arrive at one micro-

phone at a slightly different time than at the second microphone (assuming that the two

microphones are not equidistant from the source). This time delay is dependent on the

source and microphone locations as well as the signal propagation speed in the environ-

ment. Figure 3.1 shows the setup for a typical time delay estimation problem. Often, for

mathematical tractability, the source is assumed to be in the farfield so that the acoustic

wave’s propagation can be modeled as a plane wave. This is in contrast to the nearfield

source where the propagation waves are spherical in nature. For farfield sources, the bearing

angle, θB, which is measured as shown in Figure 3.1, can be estimated from:

θB = cos−1
(cτ12

d

)
(3.1)

where c is the speed of sound and d is the distance between the microphones. When using

multiple microphone pairs, the resulting set of bearing angles may be used to estimate the

source location via triangulation methods based on the intersection points of the bearing

lines [Brandstein and Silverman (1997)]. The quality of these bearing angle and location

estimates is heavily dependent on the accuracy of the individual time delays.
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Figure 3.1: Two-channel time delay estimation problem

In a non-reverberant enclosure with background noise, the signals received at two mi-

crophones, x1(t) and x2(t), may be modeled as:

x1(t) = α1s(t− τ1) + u1(t) 0 ≤ t ≤ T (3.2)

x2(t) = α2s(t− τ2) + u2(t)

where s(t) is the original speech utterance, τ1 and τ2 are the time delays of interest, α1 and

α2 represent the scaling effects of the medium, and u1(t) and u2(t) correspond to additive

noise signals uncorrelated with s(t) and with each other. T is the effective time domain

support of the signal. This is similar to the model presented in Chapter 2 but is expressed

in continuous time and has the more realistic inclusion of background noise. Also, we

define the relative time delay (i.e., relative to microphone 1) to be τ12 = τ1−τ2. In order to

model the realistic TDE problem in a reverberant environment, the room impulse responses

between the source and each microphone must be included. Thus, the signal received at

two microphones, x1(t) and x2(t), may be modeled as:

x1(t) = h1(t) ∗ s(t) + u1(t) 0 ≤ t ≤ T (3.3)

x2(t) = h2(t) ∗ s(t) + u2(t)
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where h1(t) and h2(t) represent the impulse responses of the reverberant channels and

∗ denotes linear convolution. Note that the non-reverberant case results when using

h1(t) = α1δ(t − τ1) and h2(t) = α2δ(t − τ2). Equation 3.3 is easily extended to multi-

ple channels. In the reverberation case, the room channel response can be modeled as a

sum of impulse functions [Allen and Berkley (1979)], the earliest corresponding to the time

delay required for the source to reach the microphone along the direct path. With this

understanding, it is clear that τ12 represents the time difference between these direct path

energy peaks in the two impulse responses. The remaining later impulses correspond to

the reflections of the source off of the ceiling, floor, various walls, and items in the room.

Each of these reflections is scaled by the reflection coefficients of the surfaces encountered

during the reflective path to the microphone. As is apparent from the model in Equation

3.3, a reverberant setting can and does significantly complicate the time delay estimation

problem [Champagne et al. (1996)].

Given a set of P TDEs derived from the P microphone pairs of interest, the goal

is to estimate the true source location, qs, which is a vector containing the x, y, and

z coordinates of the source. Ideally, the estimate will be an element of the intersection

of all the estimated bearing lines. In practice, however, this intersection is, in general,

the empty set. With no ideal solution available, the source location must be estimated

as the point in space which best fits the TDE data or more specifically, minimizes an

error criterion that is a function of the given data and hypothesized source locations. If

the TDE at each microphone pair is assumed to be independently corrupted by zero-

mean additive white Gaussian noise of equal variance, then the maximum likelihood (ML)

location estimate can be shown to be the position which minimizes the least squares error
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criterion [Brandstein and Silverman (1997)]:

ELS(q) =
P∑

i=1

(τ̂i − T ({pi1,pi2},q))2 (3.4)

where τ̂i is the TDE associated with the ith pair of microphones with spatial coordinates

denoted by the 3-element vectors pi1 and pi2, and T ({pi1,pi2},q) is the true TDE for a

signal at source location q relative to the ith microphone pair.

The least squares source location estimate, q̂LS , is obtained from:

q̂LS = argmin
q∈Q

ELS(q) (3.5)

where Q is the set of all candidate source locations. Note that this procedure involves the

optimization of a non-linear function and necessitates the use of search methods. From a

robustness and complexity standpoint this search is significantly simpler than that required

by beamsteering approaches.

3.1.2 Generalized Cross-Correlation Time Delay Estimation

An intuitive method for estimating the time delay between two microphones is to find the

value of τ which maximizes the cross-correlation function:

Rx1x2(τ) = E[x1(t)x∗2(t− τ)]. (3.6)

The cross-power spectrum is defined as the Fourier transform of the cross-correlation func-

tion:

Gx1x2(ω) =
∫ ∞

−∞
Rx1x2(τ)e−jωτdτ. (3.7)

The Generalized Cross-Correlation (GCC) function for a given time-lag, R̂x1x2(τ), is calcu-

lated as the inverse Fourier transform of the received signal cross-spectrum, X1(ω)X∗
2 (ω),

scaled by a weighting function, W (ω):

R̂x1x2(τ) =
1
2π

∞∫

−∞
W (ω)X1(ω)X∗

2 (ω)ejωτdω. (3.8)
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The delay estimate, τ̂12, corresponds to the lag value which maximizes R̂x1x2(τ). The stan-

dard cross-correlation (XC) function is obtained when the weighting function is uniform,

i.e. W (ω) = WXC(ω) = 1.

In a practical setting, the cross-power spectrum is typically estimated adaptively. That

is, the cross-power spectrum for the current frame, n, is a weighted average of the estimate

from the previous frame, n− 1, and the new cross-power information [Youn et al. (1986)]:

Ĝn
x1x2

(ω) = γĜn−1
x1x2

(ω) + (1− γ)X1(ω)X∗
2 (ω) (3.9)

where γ is typically between 0.9 and 0.99 and Gk is the cross-power spectral estimate for

the kth frame. This allows for a more smoothly varying estimate than if only the current

frame were used. The corresponding generalized cross-correlation function estimate for

the current frame n, R̂n
x1x2

(τ), is simply the inverse Fourier Transform of the cross-power

spectrum estimate for that frame, Ĝn
x1x2

(ω). The resulting time delay estimate for the nth

frame, τ̂n
12, is then:

τ̂n
12 = argmax

τ
R̂n

x1x2
(τ) = argmax

τ

1
2π

∞∫

−∞
W (ω)Ĝn

x1x2
(ω)ejωτdω. (3.10)

The Phase Transform

For the case where the additive noise is Gaussian in nature and uncorrelated across chan-

nels, an optimal maximum likelihood (ML) weighting function derived from a frequency-

dependent coherence measure is available [Knapp and Carter (1976)]. However, this ML

estimator of the delay falls apart dramatically in the presence of even simple reverberations.

An alternative weighting function leading in the Phase Transform [Knapp and Carter (1976),

Piersol (1981)] is particularly robust to reverberations as shown in [Brandstein (1997),

Omologo and Svaizer (1997), Svaizer et al. (1997), Champagne et al. (1996)]. The Phase
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Transform method uses the weighting function:

WPHAT (ω) =
1

|Gx1x2(ω)| (3.11)

to remove the effects of spectral magnitudes in the GCC function and uniformly weight the

spectral phases at each frequency.

Referring to the non-reverberant model of Equation 3.2 and ignoring the scaling effects

of the medium, αi, if the noise signals are uncorrelated with the source signal, the cross

power spectrum of x1(t) and x2(t) can be written as:

Gx1x2(ω) = Gss(ω)e−jω(τ1−τ2) + Gu1u2(ω). (3.12)

In the case of uncorrelated noise signals, Gu1u2(ω) = 0. Therefore, the PHAT weighting

function results in a generalized cross power spectrum of:

Gx1x2(ω)
|Gx1x2(ω)| = e−jω(τ1−τ2). (3.13)

Taking the inverse Fourier transform results in the generalized cross-correlation signal:

R̂PHAT
x1x2

(τ) =
1
2π

∫ ∞

−∞
e−jω(τ1−τ2)ejωτdω = δ(τ − (τ1 − τ2)) = δ(τ − τ12). (3.14)

That is, the PHAT GCC has an impulse at the true relative time delay. In practice, the

observed signals, x1(t) and x2(t), are finite length signals, requiring the above correlation

functions and power spectra to be estimated using standard techniques. The resulting esti-

mation errors as well as the addition of reverberation effects (and possibly even correlated

noise signals) will cause the generalized cross-correlation function to differ from the simple

form of Equation 3.14. While the PHAT is effective for moderate room reverberations,

it tends to amplify errors at frequencies with a poor SNR. This limits its performance in

predominantly additive noise environments, especially relative to the ML weighting.
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Benesty’s Technique

A number of non-GCC based time delay estimators have also been developed specifically

for the acoustic room environment [Brandstein (1997), Piersol (1981)]. An eigenvalue-based

estimator which models room reverberations was presented in [Benesty (2000)]. Benesty

noted that in the absence of additive noise,

xi(t) ∗ hk(t) = s(t) ∗ hi(t) ∗ hk(t) = xk(t) ∗ hi(t). (3.15)

The observation that xi(t) ∗ hk(t) = xk(t) ∗ hi(t) allows us to write the following vectorized

equation:

xT [n]u = xT
1 [n]h2 − xT

2 [n]h1 = 0 (3.16)

where the following vectors have been defined:

xi[n] = [xi[n] xi[n− 1] . . . xi[n− L + 1]]T (3.17)

hi = [hi[0] hi[1] . . . hi[L− 1]]T (3.18)

x[n] =
[
xT

1 [n] xT
2 [n]

]T
(3.19)

u =
[
hT

1 − hT
2

]T
. (3.20)

By multiplying each side of Equation 3.16 by x[n] and taking expected values, the result

is:

E
{
x[n]xT [n]

}
u = 0. (3.21)

Now, since R[n] = E
{
x[n]xT [n]

}
is the covariance matrix of the microphone data, the

vector u is the eigenvector of the covariance matrix corresponding to the eigenvalue equal

to 0. Since u captures the structure of the channel responses, the time delay estimate is

chosen as the difference in peak locations between the first and second half of this vector.

See [Benesty (2000)] for implementation details. An unconstrained frequency-domain least-

mean-square (UFLMS) adaptive filter algorithm [Mansour and Jr. (1981)] was proposed for
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the simple calculation of the relative time delay. In this method, a quasi-impulse function

for one channel is searched for a peak relative to a fixed, yet arbitrarily assigned direct

path impulse for the other channel. This method has been shown to be effective for low

reverberation conditions.

3.2 Localization Using Consistent Delay Vectors

The traditional two-step procedure to source localization involves the estimation of time

delays followed by a source localization algorithm. Often, these techniques involve a pruning

or de-emphasis of possibly errant time delays, assuming they can be detected reliably, before

estimating the source location. For the source locator proposed in this chapter, the two

steps are combined into a single search for a vector of time delay estimates, τ̂ , where

each estimate is consistent with the others in the sense that they all satisfy the physical

constraints imposed by the microphone locations and hypothesized source locations. By

simultaneously examining the functions used to estimate time delays (e.g., GCC functions)

over all microphone pairs of interest, this localization technique is much more effective in

challenging environments.

For M > 2 channels, the problem is to estimate a consistent delay vector τ̂ . That is,

the bearing lines for all microphone pairs for which a time delay is estimated all intersect at

one point in space. Traditional two-channel techniques are applied to the microphone pairs

of interest independently, with a resulting delay vector that is not necessarily a member of

the set of consistent delay vectors. To perform bearing angle estimation, one time delay

estimate from the array is typically chosen and the implied bearing angle is calculated.

Alternatively, one could calculate the implied delay vector for a grid of possible source

locations. The resulting source location estimate is the grid position with the least squared

error between its implied delay vector and the vector of estimated delays, according to
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Equation 3.4. The resulting bearing angle is then the line from the microphone array

center to the estimated source location.

Figure 3.2 illustrates the shortcomings of the traditional TDE-based localization scheme.

It shows a set of bearing lines derived from the TDEs obtained when using the PHAT GCC

independently for an array of 8 microphones which are indicated by ×. A time delay was

estimated for each pair of neighboring microphones. For this example, the reverberation

time was 400 ms and there was additive white noise with an SNR of 15 dB, a challenging

situation. The source, indicated by ¤, was located at (x, y) = (1.85 m, 2.75 m). As is

apparent in the plot, two bearing lines appear to be focusing on first order wall reflections

rather than the desired source. Without judicious pruning of these two delay estimates in

the least squares error criterion, the resulting traditional source location estimate, q̂LS , will

be significantly biased away from its true location. Even the bearing angles which are not

focusing on reverberations coming off of the left wall exhibit a certain amount of aiming

error. This is due to the slight smearing of the global peak located at the true delay that

can result when speech is degraded by room reverberations.

Figure 3.3 gives some insight into the cause of the errant bearing lines. It shows the

PHAT GCC function for the rightmost pair of microphones in Figure 3.2. The true delay is

-3.01 samples, but the interpolated peak in the PHAT GCC occurs at -11.2 samples (sam-

pling rate = 20 kHz). This leads to a bearing line estimate of 163◦ which is well to the left

of the true bearing line. A local maximum does occur in the PHAT GCC near the true time

delay, but it is not the global maximum and is therefore not chosen as the TDE. As this

plot suggests, reducing the information in the cross-correlation function down to a single

parameter, the TDE, prior to estimating the source location is problematic. Rather than se-

lectively culling or weighting TDEs in an error criterion [Brandstein and Silverman (1997),

Di Claudio et al. (2000)], it is advantageous to work directly with the GCC functions them-
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Figure 3.2: Bearing angle estimates derived from independent PHAT GCC time delay esti-
mates. The true source location is indicated by ¤ and the 8 microphones are indicated by
×.

selves to generate a delay vector, τcon, which is consistent with a physical source location.

If we define the consistent energy metric ECON as:

ECON (q) =
P∑

i=1

R̂xpi1 ,xpi2
(T ({pi1,pi2},q))ν (3.22)

where ν is an exponential weighting term (typically ν = 1 or 2). The consistent source

location estimate, q̂con, can be estimated from:

q̂CON = argmax
q∈Q

ECON (q). (3.23)

The corresponding consistent time delay estimates are calculated using:

τ̂pi1,pi2 = T ({pi1,pi2}, q̂CON ). (3.24)

With this structure, any objective function for which the maximum theoretically occurs

at the true time delay may be substituted for R̂xpi1 ,xpi2
in Equation 3.22, including a
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Figure 3.3: Plot of the PHAT GCC for the rightmost microphone pair in Figure 3.2. The
true delay is -3.01 samples, while the estimated delay is -11.2 samples.

function appropriate for Benesty’s eigenvalue-based TDE. Note that in later results using

the generalized cross-correlation, frequency bins outside the typical range of speech (i.e.,

50-4000 Hz) are excluded to reduce the effects of noise on the resulting time delay estimates.

Figure 3.4 shows bearing lines that were achieved by using the consistent PHAT GCC

estimator and they therefore intersect at one (x, y) location in the room. Note that in

this example, because the array aperture is small relative to the source range, it is difficult

to accurately estimate the talker’s range. This is a classic linear array processing result.

In fact, for two microphones, the variance of the range error is proportional to the fourth

power of the range of the source [Carter (1981)]. However, with this geometry, it is still

possible to accurately obtain the source bearing angle. One way to provide accurate bearing

and range estimates is to distribute the microphones throughout the enclosure rather than

along a single wall [Brandstein et al. (1996)].

A less general frequency domain algorithm similar to this consistent PHAT estimator
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Figure 3.4: Bearing angle estimates for consistent PHAT GCC time delay estimation. The
true source location is indicated by ¤ and the 8 microphones are indicated by ×.

was presented in [DiBiase (2000)]. DiBiase used all pairwise combinations of microphones

in the array. In the consistent time delay estimator described above, only the set of all

neighboring microphones is used (i.e., horizontally or vertically connected). This leads to 4

pairs (P = 4) for a 2× 2 array of 4 microphones and 10 pairs (P = 10) for a 2× 4 array of

8 microphones. This is faster than using all possible pairwise combinations, which would

be 6 pairs for 4 microphones and 28 pairs for 8 microphones. Also, microphones that are

far apart tend to produce less reliable estimates than those located near each other so in

some cases, using all pairwise combinations of microphones is neither efficient nor desirable.

Another less general technique was presented in [Nishiura et al. (2000)] which assumed that

all microphone pairs are centered around the same location. This theoretically leads to a

peak in the sum of the individual cross-correlations at the correct time delay.
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3.3 Consistent Multi-Channel Maximum Likelihood Time

Delay Estimation

In this section, a novel maximum likelihood (ML) technique is developed to simultaneously

estimate a vector of time delays for an array of M microphones. It will be shown that for

2 microphones, the resulting maximum likelihood estimator (MLE) of time delays reduces

to the result of [Knapp and Carter (1976)]. The following derivation, though considerably

more complicated, is roughly patterned after the 2 microphone, additive noise only case

originally presented in [Knapp and Carter (1976)]. As discussed previously, the observed

signal at the ith microphone can be written as:

xi(t) = s(t− τi) + ui(t) i = 1, . . . , M (3.25)

where s(t) is the speech source signal, τi is the time delay for the source signal to arrive at

the ith microphone (relative to some reference time), and ui is assumed to be zero-mean

Gaussian noise with variance σ2
u. The noise samples are identically and independently

distributed and are also independent of the source signal, s. Note that this implies a non-

reverberant room and ignores the scaling effects of the environment. The goal is to estimate

the true time delay vector τ = [τ1 . . . τm]. It is more convenient to work in the frequency

domain, where the observations take on the form:

Xi(ω) = S(ω)e−jωτi + Ui(ω) i = 1, . . . , M. (3.26)

As before, due to the independence properties of the noise signal, the following equation

holds:

Gxi,xj (ω) = Gs,s(ω)e−jω(τi−τj) + Gui,uj (ω) (3.27)

where

Gui,uj (ω) =





σ2
u i = j

0 i 6= j.

(3.28)



§3.3 consistent multi-channel maximum likelihood time delay estimation 56

To find the ML estimate of the time delay vector, τ , it is assumed that the speech signal,

s, is Gaussian. The ML estimate of τ is that which maximizes the following probability:

p(X(ω)|Σ(ω)) = p(X(ω)|Gs,s(ω), σ2
u, τ ) (3.29)

where the vector X(ω) = [X1(ω) . . . Xm(ω)]T , and Σ is the frequency-dependent cross-

power spectral density matrix defined by:

Σ(ω) =




E[X1(ω)X∗
1 (ω)] E[X1(ω)X∗

2 (ω)] . . . E[X1(ω)X∗
M (ω)]

E[X2(ω)X∗
1 (ω)] E[X2(ω)X∗

2 (ω)] . . . E[X2(ω)X∗
M (ω)]

...
...

. . .
...

E[XM (ω)X∗
1 (ω)] E[XM (ω)X∗

2 (ω)] . . . E[XM (ω)X∗
M (ω)]




=




Gx1,x1(ω) Gx1,x2(ω) . . . Gx1,xM (ω)

G∗
x1,x2

(ω) Gx2,x2(ω) . . . Gx2,xM (ω)
...

...
. . .

...

G∗
x1,xM

(ω) G∗
x2,xM

(ω) . . . GxM ,xM (ω)




.

By using Equation 3.27, this matrix becomes:

Σ(ω) =




Gs,s(ω) + σ2
u Gs,s(ω)e−jω(τ1−τ2) . . . Gs,s(ω)e−jω(τ1−τM )

Gs,s(ω)ejω(τ1−τ2) Gs,s(ω) + σ2
u . . . Gs,s(ω)e−jω(τ2−τM )

...
...

. . .
...

Gs,s(ω)ejω(τ1−τM ) Gs,s(ω)ejω(τ2−τM ) . . . Gs,s(ω) + σ2
u




. (3.30)

This can be rewritten as Σ(ω) = Σx(ω) + Gs,s(ω)Σ� (ω) where

Σx(ω) = (Gs,s(ω) + σ2
u)I (3.31)
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and

Σ� (ω) =




0 e−jω(τ1−τ2) . . . e−jω(τ1−τM )

ejω(τ1−τ2) 0 . . . e−jω(τ2−τM )

...
...

. . .
...

ejω(τ1−τM ) ejω(τ2−τM ) . . . 0




. (3.32)

Given the definition of the matrix Σ and the assumption that s is Gaussian, the optimal

delay vector τ maximizes:

p(X|Σ) =
1√

(2π)M |Σ(ω)| exp
{
−1

2

∫ ∞

−∞
XH(ω)Σ−1(ω)X(ω)dω

}
(3.33)

where H represents the conjugate transpose operation, and |Σ(ω)| is the determinant of

Σ(ω). Equivalently, the log-likelihood function can be maximized:

ln{p(X|Σ)} = k − 1
2

ln |Σ(ω)| − 1
2

∫ ∞

−∞
XH(ω)Σ−1(ω)X(ω)dω (3.34)

where k is a constant not involving τ and can therefore be ignored.

The resulting maximum likelihood time delay estimator, τ̂ML, for a microphone array

with M sensors is:

τ̂ML = argmax
�∈RM

M∑

i=1

M∑

j=1,j 6=i

[∫ ∞

−∞

(σ2
u)M−2Gs,s(ω)
|ΣM (ω)| Xi(ω)X∗

j (ω)ejω(τi−τj)dω

]
, (3.35)

the derivation of which is presented in Appendix A. That is, the ML estimator is the sum

of




M

2


 generalized cross-correlation functions between all pairwise combinations of

microphones, each using the same weighting function:

W (ω) =
Gs,s(ω)

(σ2
u)2 + Mσ2

uGs,s(ω)
. (3.36)

For the two channel case, M = 2, we have:

W (ω) =
Gs,s(ω)

(σ2
u)2 + 2(σ2

u)Gs,s(ω)
. (3.37)
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which, after some algebraic manipulation, is precisely the ML estimator derived by Knapp

and Carter [Knapp and Carter (1976)]. Furthermore, the consistent TDE technique can

be applied to this simultaneous ML estimation technique. That is, in Equation 3.35, the

search for optimal delay vectors can be restricted to τ ∈ TCON where TCON is the set of

all consistent time delay vectors.

This ML time delay estimation technique is theoretically optimal provided the assump-

tions it makes are true. Therefore, each assumption deserves some consideration:

1. The speech utterance, s(t), is a Gaussian source. Naturally, this model is not exactly

appropriate for speech signals. However, due to its mathematical tractability, it

often is assumed to be true, sometimes leading to successful approaches to speech

processing [Sohn and Sung (1999), Knapp and Carter (1976)].

2. The scaling effects of the sound medium (i.e., the factors αi in Equation 3.2) were

assumed to be the same for each channel. Although this is not generally true, closely

spaced microphones will have very similar scaling factors, particularly for farfield

sources. Also, when searching for the optimal consistent delay vector, for each can-

didate source location these scaling terms can be predicted and can effectively be

inverted, causing the new scaling factors to be constant. This inverse scaling opera-

tion would have to be completed after subtracting the noise estimate from the speech

spectrum.

3. The model assumes that the noise can be estimated, or is known a priori. To this end,

one might make use of a speech/non-speech detector to locate non-speech intervals

during which the background noise level can be estimated. However, the Minimum

Statistics noise estimation technique developed by [Martin (1994), Martin (1993)] can

estimate the background noise even during speech activity and obviates the need for
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such speech detection algorithms. This technique will be detailed in Chapter 4 on

background noise reduction. In the simplified model of Equation 3.25, the same vari-

ance is assumed for all channels, a reasonable assumption for closely spaced micro-

phones. Theoretically, the power spectrum for additive white noise has an expected

constant value equal to the noise variance. The noise can be estimated by averaging

the Minimum Statistics noise spectrum estimate over all frequency bins. Averaging

over all channels can make the estimate even more accurate.

4. The effects of the channel (i.e., room reverberation) were ignored in this model. The

effort to analytically solve for the optimal ML consistent delay vector in the presence

of room reverberations is not worthwhile, since accurate estimates of the room im-

pulse responses, a natural requirement for the resulting ML estimate, are generally

unavailable.

3.4 Practical Time Delay Estimation Systems

3.4.1 Discrete Time Delay Estimation

One practical matter of time delay estimation deals with the implied discrete nature of

any consistent TDE technique. First of all, the equations discussed previously would be

replaced by their discrete-time counterparts. For example, Equation 3.3 becomes:

x1[n] = h1[n] ∗ s[n] + u1[n] 0 ≤ n ≤ N (3.38)

x2[n] = h2[n] ∗ s[n] + u2[n]

where N is the time domain support of the discrete-time signals. To arrive at this discrete

formulation, the standard sampling procedure is used, where the prerequisite prefiltering

and a sufficiently high sampling rate are used to avoid aliasing. Because the significant
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energy of the speech spectrum lies below 4 kHz, a sampling rate above 8 kHz is typically

used to avoid aliasing effects. One problem with the required discrete formulation and im-

plementation of these TDE algorithms is that the resolution of the resulting delay estimates

is limited by the sampling rate used to convert the analog signal to a digital signal. There-

fore, a parabolic fit is performed about the peak in the TDE objective function to achieve

sub-sample resolution. That is, suppose the maximum value of the objective function, φ,

occurs at integer time nopt so that the maximum value is φ[nopt]. Parabolic interpolation

would estimate the new maximum to be located at time:

nopt
interp = nopt +

1
2

φ[nopt − 1]− φ[nopt + 1]
φ[nopt − 1]− 2φ[nopt] + φ[nopt + 1]

. (3.39)

3.4.2 Voice Activity Detection

Voice activity detection (VAD) is important in many speech processing applications, in-

cluding time delay estimation. A survey of VAD algorithms will be presented in Chapter

4 on denoising, as VAD allows for noise-only states to be detected. For TDE algorithms,

the procedure should not be allowed to update TDEs or source location estimates during

non-speech moments as these estimates will be searching for the noise source location.

3.4.3 Numerical Techniques

There are numerous ways to approach the solution of the consistent time delay estimation

algorithm proposed in this chapter. A straightforward, yet very inefficient method would

be to perform a grid search. That is, form a grid of possible source locations, each of

which implies a theoretical time delay vector. Each R̂ function in Equation 3.22 must be

interpolated to find its value at the appropriate time delay implied by the current candi-

date source location. The precision of this technique depends on the distance between the

room grid elements. This method could be improved by using a coarse-to-fine algorithm
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to zoom in on the optimal delay vector until meeting a certain iterative criterion. As an

alternative, one could consider any of a number of optimization techniques such as gra-

dient descent [Etter and Stearns (1981), van Laarhoven and Aarts (1989)]. The particular

technique used would depend on knowledge about the speech environment (i.e., one vs.

multiple talkers, number of noise sources, etc.). In this thesis, a coarse-to-fine approach

was taken to provide the source location estimates.

3.5 Experimental Results

3.5.1 Simulations Results

Figure 3.5 shows the negative LS space from (−ELS from Equation 3.4) and the ECON

consistency function (from Equation 3.22) for a source near the array, a reverberation time

of 400 ms, and a 15 dB SNR level. There were 8 microphones (2 rows of 4), represented by

×, with their orientation indicated in the plot. This yields a total of P = 10 microphone

pairs for 8 microphones (M = 8) when considering only neighboring microphone pairs.

However, in the case of the ML estimate, theory dictates that all pairwise combinations

be used, yielding P = 28 for 8 microphones. The true source location is shown as a ¤ in

each plot, while the respective location estimates are plotted as +. Throughout this section,

impulse responses were generated using the image model of [Allen and Berkley (1979)] with

subsample interpolation [Peterson (1986)]. The microphones themselves were modeled as

having a cardioid response of 0.5 + 0.5 cos(θ) where θ is the angle from the orientation

vector of the microphone. Therefore, any sound arriving perpendicular to the microphone

sensor from the front will be passed in its entirety, while from any other angle it would be

attenuated. The cardioid response pattern is shown in Figure 3.6.

Returning to Figure 3.5, the negative least-squares error (LS) and consistency crite-
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Figure 3.5: Qualitative plots of the −ELS and ECON criteria typical of a source near the
array for the four TDE methods considered. The source location is indicated by ¤, the
source location estimate by +, and the 8 microphones (two rows of 4) by ×.
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rion (CON) are both plotted for four different TDE methods: cross-correlation (XC),

Benesty’s algorithm (BEN), the Phase Transform (PHAT), and the multi-channel max-

imum likelihood estimation (MLE) method. Red indicates areas of highest amplitude. The

consistency plots in the right-hand column all show a superior ability to detect the source

location relative to their LS counterparts in the left-hand column. In some cases, the source

location estimate is much more accurate (e.g., MLE-CON). In all cases, the energy is more

focused in the CON cases than it is in the LS cases. The PHAT-CON and MLE-CON cases

exhibit the best performance. Figure 3.7 shows similar results for a source far from the ar-

ray. Figure 3.8 repeats this experiment with two simultaneous talkers. As expected, the LS

criterion is unable to deal with the multi-talker scenario and the extrema in the correspond-

ing plots tend to be somewhere in the middle of the two desired locations. The XC-CON,
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BEN-CON, and MLE-CON represent only mild improvements over their LS counterparts,

while the PHAT-CON estimation method clearly exhibits two distinct direction of arrival

estimates. Because the XC, BEN, and MLE methods all break down in moderate to high

reverberation conditions, they tend to be less accurate than the relatively robust PHAT.

This is due to the fact that the PHAT tends to exhibit local (if not global) maxima near

the true time delay while the other methods tend to be too corrupted by reverberations for

this to hold.

To quantify the utility of the proposed localization schemes, simulations were performed

in a 4 m × 4 m × 3 m room using 10 randomly generated source locations (see Figure 3.9)

and reverberation times ranging from 0 to 1000 ms. A speech signal 10 seconds in length was

used as the original clean utterance. Eight cardioid microphones arranged as two 4-element

linear arrays (i.e., a 2×4 grid) with 0.2 m spacing in both dimensions were positioned on one

wall of the enclosure as shown in Figure 3.9. For the results of the cross-correlation, PHAT,

and Benesty’s algorithm, only horizontally or vertically neighboring microphone pairs were

used to decrease the computation time. As before, impulse responses were generated using

the image model with subsample interpolation. White noise resulting in an SNR of 15 dB

was added to each microphone signal to make the test more challenging and realistic.

Figure 3.10 presents an analysis of the 8 localization algorithms evaluated for the 10

random source locations and varying reverberation levels with 4 (a 2 × 2 array) and 8

microphones (a 2 × 4 array). For this experiment, the line from the center of the array

to the estimated source location served as the estimated bearing line, and the line from

the center of the array to the true source location was the true bearing line. If the angle

between these two bearing lines was less than 5◦, the location estimate was considered to

be correct.

As shown in the plots, the consistent versions of each algorithm always performed
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Figure 3.7: Qualitative plots of the −ELS and ECON criteria typical of a source far from
the array for the four TDE methods considered. The source location is indicated by ¤, the
source location estimate by +, and and the 8 microphones (two rows of 4) by ×.
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Figure 3.8: Qualitative plots of the −ELS and ECON criteria for 2 simultaneous sources
for the four TDE methods considered. The source location is indicated by ¤ and the 8
microphones (two rows of 4) by ×.
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Figure 3.9: 10 random source locations, indicated by ¤ used for TDE simulations. The
microphones are positioned in two rows of 4, indicated by ×.

at least as well as their LS counterparts - an intuitive result. Also note that the XC

function does not gain much from enforcing consistency. This suggests that when errant

time delays are observed, the correlation peaks corresponding to the true delay were very

small. However, the PHAT, Benesty, and ML techniques show a dramatic improvement

when enforcing consistency. The trends and observations for 8 microphones are similar

to those for 4 microphones, but the % accuracy was higher for all reverberation levels, as

expected. As an interesting side note, if we were to randomly pick a bearing angle, the

result would fall within 5◦ of the true source location 10/180 = 0.055 or 5.5% of the time.

At high levels of reverberation, the XC method is so corrupted by reverberation effects that

it is no better than randomly picking time delay estimates.

Figure 3.11 compares the different consistent TDE algorithms to each other. It appears

that the Benesty algorithm performs better for lower reverberation times (0-200 ms) while

the PHAT and ML algorithms perform better for higher reverberation times (300-1000 ms).
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Figure 3.10: Analysis of the LS (XC-LS, BEN-LS, PHAT-LS, MLE-LS) and consistency-
based (XC-CON, BEN-CON, PHAT-CON, MLE-CON) locators for various reverberation
levels and 15 dB SNR additive white noise
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Figure 3.11: Comparison of the consistency-based (XC-CON, BEN-CON, PHAT-CON,
MLE-CON) locators for various reverberation levels and 15 dB SNR additive white noise

Figure 3.12 shows how the PHAT-CON technique performs using varying values of the

angle required to achieve a “correct”estimate. The point of this figure is to show that any

reasonable angle could be used for this criterion with similar results.

Because the MLE-CON TDE uses all possible microphone-pair combinations, the pre-

vious set of results does not provide the fairest of comparisons. In Figure 3.13, the angle

results are compared for PHAT-CON, MLE-CON, and PHAT-CON-ALL, where PHAT-

CON-ALL uses all pairwise microphone combinations (as does MLE-CON) rather than

just adjacent microphone pairs. These plots show that most of the improvement of the

MLE-CON estimator comes from its use of additional microphone pairs. Theoretically, the

MLE-CON estimator should perform best for low reverberation levels only, as reverbera-

tions were not included in the model. This does indeed seem to be the case.

3.5.2 Real Room Results

Finally, qualitative plots are presented for two real room recordings performed in an en-

closure of size 5 m × 5 m × 3 m. Figures 3.14 and 3.15 show the results for two different
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Figure 3.12: Comparison of PHAT-CON accuracy results for different angle criteria
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Figure 3.13: Comparison of PHAT-CON, PHAT-CON-ALL, and MLE-CON locators for
various reverberation levels and 15 dB SNR additive white noise
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source locations. The room contained 16 cardioid microphones arranged as four 2× 2 mi-

crophone arrays positioned along the walls (as indicated in the plots) at a height of 1.5 m.

Within each array, neighboring microphones had a separation of 6.5 cm. Note that in these

plots, there are 16 microphone pairs (4 for each microphone quad) used in the consistent

estimation for the cross-correlation, Benesty, and PHAT TDEs. However, the ML TDE

uses 120 pairs. This explains the very sharp peak in the MLE-CON objective functions.

Both figures show effective results for all algorithms since the reverberation level in the real

room was relatively low (approximately 200 ms). However, the consistent estimators do

tend to exhibit a tighter peak around the source, indicating an ability for more accurate

localization when multiple sources are present.

3.6 Source Localization Summary

As the results in this chapter suggest, the traditional two-step localization procedure clearly

suffers from its intermediate use of explicit time delay estimates. The consistency-based lo-

calization scheme more effectively exploits the information available in the cross-correlation

function by incorporating knowledge of the physical constraints dictated by the geometry

of the source and microphones.

The proposed method may be employed with any objective function where the maximum

or minimum value indicates the optimal time delay estimate. The advantages of the PHAT

weighting over cross-correlation and Benesty approaches, namely the PHAT’s de-emphasis

of signal content and robustness to reverberations, are also apparent (and enhanced) in

this application. The function derived from the Benesty algorithm, while not as effective

at moderate to high reverberation levels, does offer advantages under low reverberation

conditions where the additive noise is the dominant source of degradation. Finally, although

the ML method exhibited impressive performance, at high reverberation conditions, it was
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primarily due its inclusion of more microphone pairs in the localization process. Using such

a high number of microphone pairs quickly becomes impractical.

From a computational standpoint, the proposed consistent localization scheme repre-

sents a middle ground between the highly efficient closed-form localizers and the burden-

some beamsteering methods. As the plots in Figure 3.5 and Figure 3.7 indicate, the search

space is very amenable to iterative approaches which can be performed in an efficient man-

ner.



§3.6 source localization summary 73

XC-LS Real Room Result

x Location (m)

y 
Lo

ca
tio

n 
(m

)

0 1 2 3 4
0

1

2

3

4

5
XC-CON Real Room Result

x Location (m)

y 
Lo

ca
tio

n 
(m

)

0 1 2 3 4
0

1

2

3

4

5

BEN-LS Real Room Result

x Location (m)

y 
Lo

ca
tio

n 
(m

)

0 1 2 3 4
0

1

2

3

4

5
BEN-CON Real Room Result

x Location (m)

y 
Lo

ca
tio

n 
(m

)

0 1 2 3 4
0

1

2

3

4

5

PHAT-LS Real Room Result

x Location (m)

y 
Lo

ca
tio

n 
(m

)

0 1 2 3 4
0

1

2

3

4

5
PHAT-CON Real Room Result

x Location (m)

y 
Lo

ca
tio

n 
(m

)

0 1 2 3 4
0

1

2

3

4

5

MLE-LS Real Room Result

x Location (m)

y 
Lo

ca
tio

n 
(m

)

0 1 2 3 4
0

1

2

3

4

5
MLE-CON Real Room Result

x Location (m)

y 
Lo

ca
tio

n 
(m

)

0 1 2 3 4
0

1

2

3

4

5

Figure 3.14: Real room plots of the −ELS and ECON criteria. The source location is
indicated by ¤, the source location estimate by ◦, and the 8 microphones (two rows of 4)
by ×
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Figure 3.15: Real room qualitative plots of the −ELS and ECON criteria. The source
location is indicated by ¤, the source location estimate by ◦, and the 8 microphones (two
rows of 4) by ×



Chapter 4

Background Noise Reduction

This chapter focuses on the second stage of the proposed speech enhancement system - the

reduction of background noise. A survey of both single channel and multi-channel tech-

niques is presented, followed by the presentation of the Multi-Channel Minimum Statistics

Denoising algorithm (MC-MSD). A suite of results will be presented to indicate the effec-

tiveness of this algorithm for both simulated and real room scenarios.

4.1 Single Channel Approaches

Of the single channel techniques, spectral modification techniques such as Spectral Sub-

traction [Boll (1979)] are very common. This approach and its numerous variations (e.g.,

[McAulay and Malpass (1980)]) attempt to directly alter the STFT of the noise-degraded

speech. In the case of Spectral Subtraction, this involves subtracting an estimate of the

background noise spectrum from the observed short-term spectrum to obtain an estimate

of the speech spectrum. Wiener filtering and its variations offer another single channel ap-

proach to additive noise reduction. These techniques minimize the mean squared difference

between the enhanced speech signal and the underlying speech utterance [Quatieri (2002)]

75
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based on an estimate of the noise power spectrum. These techniques vary in their domain of

application, estimation procedure for the background noise, and various subtleties required

to maintain artifact-free enhanced speech.

4.1.1 Spectral Subtraction

In a single channel setting where the original speech signal, s[n], is corrupted only by

additive noise, the observed signal, x[n], is given by:

x[n] = s[n] + u[n] (4.1)

where u[n] is the background noise signal. Taking the Fourier transform results in:

X(ω) = S(ω) + U(ω). (4.2)

If an estimate of the background noise spectral amplitude, |Û(ω)|, is available, then the

enhanced speech spectrum, Ŝ(ω), achieved by Spectral Subtraction was originally expressed

by [Boll (1979)] and is given by:

Ŝ(ω) =
[
|X(ω)| − |Û(ω)|

]
ejφX(ω) (4.3)

where φX(ω) is the phase function of the observed signal, x[n]. Note that only the spectral

magnitude is modified. The phase is left unaltered. The Spectral Subtraction operation

can also be viewed as the filtering operation:

Ŝ(ω) = X(ω)HSS(ω) (4.4)

where the zero-phase Spectral Subtraction filter HSS(ω) is given by:

HSS(ω) = 1− |Û(ω)|
|X(ω)| . (4.5)

Note that this filter automatically adjusts the amount of attenuation at a given frequency

according to the Signal-to-Noise Ratio at that frequency. Typically, in the event that

[
|X(ω)| − |Û(ω)|

]
< 0, (4.6)
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the difference is set to 0. A well-known side effect of Spectral Subtraction is the introduction

of tonal artifacts into the resulting enhanced speech signal. Many attempts have been made

to modify the Spectral Subtraction procedure to reduce these artifacts, with limited success.

4.1.2 Wiener Filtering

The Wiener filter is another single channel approach to the problem of background noise

reduction [Lim and Oppenheim (1978), Quatieri (2002)]. Returning to the additive noise

case of Equation 4.1, suppose an optimal filter, HW , is to be derived to minimize the mean

squared error, e, between the clean speech and the filtered speech. That is, the enhanced

speech signal spectrum, Ŝ, will be obtained by a filtering of the observed signal spectrum,

X from:

Ŝ(ω) = HW (ω)X(ω) = HW (ω)[S(ω) + U(ω)]. (4.7)

The mean squared error is then given by:

e = E

[(
Ŝ(ω)− S(ω)

)2
]

(4.8)

where E[·] is the expectation operator. Using the definition of Ŝ in Equation 4.7, Equa-

tion 4.8 can be rewritten as:

e = E
[
(HW (ω)[S(ω) + U(ω)]− S(ω))2

]
. (4.9)

Taking derivatives with respect to HW (ω) leads to:

∂e

∂HW (ω)
= 2E [(HW (ω)[S(ω) + U(ω)]− S(ω)) (S(ω) + U(ω))] (4.10)

= HW (ω)E
[
S2(ω) + 2S(ω)U(ω) + U2(ω)

]− E
[
S2(ω)− S(ω)U(ω)

]
.

However, assuming that the speech and noise are uncorrelated, or:

E [S(ω)U(ω)] = 0 (4.11)
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and setting the expression of Equation 4.10 equal to 0 leads to:

∂e

∂HW (ω)
= HW (ω)E

[
S2(ω) + U2(ω)

]− E
[
S2(ω)

]
= 0 (4.12)

which yields the optimal Wiener filter:

HW (ω) =
E

[
S2(ω)

]

E [S2(ω)] + E [U2(ω)]
. (4.13)

Practically speaking, the expected values are replaced by power spectra, which are typically

estimated in a short-time varying sense to arrive at:

HW (ω) =
Ĝss(ω)

Ĝss(ω) + Ĝuu(ω)
(4.14)

where Ĝss(ω) and Ĝuu(ω) are estimates of the power spectra of the speech and noise

respectively. The speech and noise statistics necessary for implementing the Wiener filter

are typically generated using maximum a posteriori (MAP) estimation of an LPC model

on a frame by frame basis [Lim and Oppenheim (1978)].

4.1.3 Other Techniques

In recent years, more sophisticated speech models have been applied to the enhancement

problem. Wavelet speech enhancement techniques [Pintér (1996), Seok and Bae (1997)]

provide a multi-resolution analysis which inherently takes advantage of the likeness of

wavelet octave-band filtering to the perception characteristics of the human ear. Other sys-

tems, in addition to utilizing the periodic features of the speech, exploit the signal’s mixture

of harmonic and stochastic components [McAulay and Quatieri (1986), Hardwick (1992),

Laroche et al. (1993), Yoo and Lim (1995)]. Such model-based techniques offer an im-

proved performance in speech quality. Additionally, these methods, by virtue of their

specific parameterization of the speech signal, offer some applicability to the more gen-

eral acquisition problem. Hidden Markov Models (HMM), HMM-based Minimum Mean
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Squared Error (MMSE), and MAP approaches are discussed in [Ephraim (1992)]. Cur-

rently, however, these model-based estimation schemes are limited to single channel appli-

cations.

4.2 Multi-Channel Approaches

By employing spatial filtering in addition to temporal processing, multi-channel systems

(i.e., microphone arrays) offer a distinct performance advantage over single-channel tech-

niques in the presence of additive noise. See [Johnson and Dudgeon (1993)] for a review

of beamforming methods. The simplest microphone array method is the Delay-and-Sum

Beamformer which derives its output via an averaging of the time-aligned microphone

data. This technique reduces the noise level roughly by a factor of M where M is the

number of microphones in the array. A variety of more sophisticated algorithms ex-

ists for adaptively “steering” the array in the direction of the desired source and simul-

taneously adjusting the microphone weightings to minimize the contributions of noise

sources [Hoshuyama and Sugiyama (2001)]. These techniques usually assume the desired

source is slowly varying and at a known location. While dynamic localization schemes like

those of [Brandstein and Silverman (1997)] and weighting constraints may be incorporated

into the adaptation procedure, these methods are very sensitive to steering errors which

limit their noise source attenuation performance and frequently distort or cancel the desired

signal.

Another class of algorithms attempts to enhance the speech signal by employing any of

the beamforming methods described above, followed by a post-filter. The post-processor

may take the form of multi-channel Wiener filtering [Simmer et al. (2001), Zelinski (1988),

Marro et al. (1998), Yang et al. (1993), Simmer and Wasiljeff (1992)], a Spectral Subtrac-

tion technique [Gierl (1990), Dahl et al. (1997)], or a combination of the two approaches
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[Meyer and Simmer (1997)]. These algorithms are limited in their assumption that the

additive noise is uncorrelated. A multi-channel wavelet Wiener filter and coherence filter

method is presented in [Mahmoudi and Drygajlo (1998)].

4.3 Background Noise Estimation and Voice Activity Detec-

tion

Traditional denoising algorithms such as Spectral Subtraction and Wiener filtering require

an estimate of the noise spectrum or power spectrum, which is typically assumed to be

known a priori. However, in real systems, this prior knowledge is often not available.

Therefore, the noise spectrum is estimated during non-speech intervals. Automatically

estimating these intervals is a very challenging problem. Alternatively, the signal subspace

method presented in [Ephraim and Trees (1995)] could be used. This method separates the

signal into a signal-plus-noise subspace and a noise subspace, allowing for the extraction of

an estimate of the underlying speech signal.

In order to determine non-speech intervals for background noise estimation, a Voice

Activity Detection (VAD) algorithm is often used. VAD methods often make use of one

or more of the following crude parameters suggested in [Atal and Rabiner (1976)]: signal

amplitude/energy, zero-crossings, one sample delay correlation coefficient, pitch, the first

linear prediction coefficient (LPC), and the LPC residual energy. Most methods make

use of only the first three of these measures [Savoji (1989)]. In [Lee and Un (1986)], a

VAD method that makes use of the average signal magnitude and zero crossing rates of

each frame is presented. Although these methods are relatively easy to implement in real

time, they are sensitive to changes in noise/non-speech statistics [Haigh and Mason (1993)].

In [Savoji (1989)], a robust algorithm for speech endpoint detection using energy and zero-
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crossing measures was presented. This method assumes a three-state model (i.e., speech,

non-speech, transition) rather than the two-state model (i.e., speech, non-speech) usu-

ally employed. This technique is adaptive and can handle varying signal to background

noise ratios in a real-time setting. In [Floc’h (1992)], a cepstral distance measure is used

to make speech/silence classifications. In [DeSouza (1983)], a statistical approach to si-

lence detection is proposed which forms a vector of potential speech/non-speech discrim-

inating measurements. Another approach, a maximum likelihood VAD, was presented

in [Sohn and Sung (1999)]. Any useful technique for estimating background noise must be

adaptable (i.e., allow for changing noise statistics, SNR, energy, etc.) and be simple enough

to implement in real time. In the next section, the Minimum Statistics background noise

estimation algorithm [Martin (2001)], which does not require explicit non-speech interval

detection, will be discussed and used for a multi-channel Spectral Subtraction technique.

4.4 Multi-Channel Minimum Statistics Denoising (MC-MSD)

The denoising component of the proposed speech enhancement system is outlined in Fig-

ure 4.1. It will be referred to as the Multi-Channel Minimum Statistics Denoising (MC-

MSD) algorithm. Each of these stages will be discussed below in more detail.

Multi-Channel Minimum Statistics

The Minimum Statistics method developed in [Martin (2001), Martin (1993), Martin (1994)]

provides a simple alternative for background noise estimation. This noise estimation pro-

cedure, unlike those that estimate the background noise during non-speech intervals, does

not require explicit speech/non-speech interval detection and is both intuitive and effec-

tive. The power spectrum (i.e., squared spectral magnitude) of an observed signal consists

of the sum of the background noise power spectrum and speech power spectrum, assuming
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Figure 4.1: Outline of the proposed multi-channel denoising algorithm

uncorrelated noise and speech signals. Martin observed that by tracking the minimum of

each spectral bin over a sufficient number of time periods, it is possible to estimate the

noise power spectrum. Throughout a speech signal, there are natural pauses during which

the power spectrum falls to the noise floor. By tracking the minimum of each spectral bin

over a time period long enough to encompass speech pauses, an effective background noise

estimate can be determined. The algorithm is capable of estimating the possibly changing

noise signal “on the fly.” As stated above, the minimum spectral magnitude of each fre-

quency bin over a predetermined recent number of frames, NF , is used as an estimate of the

background noise at that frequency. For implementation purposes, in order to decrease the

frame-to-frame difference in the noise estimate, the power spectrum of the current frame,

n, is calculated with a memory term, α, as in:

Ĝn
xixi

(ω) = αĜn−1
xixi

(ω) + (1− α) |Xi(ω)|2 (4.15)
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where Ĝk
xixi

(ω) is the power spectrum estimate for the ith channel at frame k, and Xi(ω)

is the Fourier Transform of the current frame for the ith channel. The memory term α

satisfies 0 ≤ α ≤ 1. This power spectrum estimate can then be popped on to a stack of

power spectrum estimates for the previous NF frames to form a buffer. The minimum

of each frequency bin of this stacked buffer leads to the noise power spectral estimate,

Ĝuiui(ω), for each frequency. In this thesis, the DFT size was 512 bins and the buffer

stored the previous 3 seconds worth of speech frames.

Figure 4.2 shows a speech signal with additive noise along with the time-varying energy

in one DFT frequency bin (586 Hz) along with the Minimum Statistics noise estimate for

30 seconds of noisy speech. This estimate is able to adapt to changing noise, and is most

effective when the buffer of frames used to find the minimum bin energy is long enough to

span non-speech regions. The required buffer size can be predicted fairly well by examining

the statistics of conversational speech. One problem with this technique is that the noise

estimates have a downward bias due to the minimum tracking since the minimum of a

noise process will generally be smaller than its expected value. Therefore, the estimate

must be multiplied by a scalar to achieve a less biased noise spectrum. Typical values

are between 1.1 and 1.5 [Martin (1993)]. This estimation procedure is repeated for each

channel independently, giving an estimate of the noise power spectrum, Ĝuiui(ω) for each

channel i.

When calculating the ML TDE in Equation 3.25, the same variance was assumed for

all channels, a reasonable assumption for closely spaced microphones. Theoretically, the

spectrum for additive white noise has an expected constant value equal to the noise variance.

The noise can be estimated by averaging the Minimum Statistics noise spectrum estimate

over all DFT bins. Averaging over all channels can make the estimate even more robust.

In Figure 4.3, differing levels of white noise were added to the same 30 seconds of speech
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Figure 4.2: Speech signal with additive noise and the time-varying DFT energy of the 586
Hz frequency bin and resulting Minimum Statistics noise estimate.

used for Figure 4.2. The top plot shows the true noise variance and the estimated noise

variance using the Minimum Statistics estimation technique just described. As expected,

there is a downward bias in this plot. The second plot shows the true noise variances and

the estimated noise variances when scaled by a factor of 1.3. This same factor will be used

for the simulations presented at the end of this chapter.

Instantaneous Signal-to-Noise Ratio Estimation

The frequency-dependent instantaneous SNR can be estimated for each channel, i, and for

each frame from [Martin (1993)]:

SNRi(ω) =
|Xi(ω)|2 − Ĝuiui(ω)

Ĝuiui(ω)
(4.16)

where Ĝuiui is the Minimum Statistics noise estimate for channel i. This SNR estimate will

be used for both microphone subset selection and for Spectral Subtraction.
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ward bias of Minimum Statistics noise estimate
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Figure 4.4: Oversubtraction factor used for Spectral Subtraction

Multi-Channel Spectral Subtraction

The first stage of this algorithm involved the estimation of the background noise for each

channel independently using the Minimum Statistics noise estimation technique. The noise

estimates are then used for Spectral Subtraction on each channel. Our experiments sug-

gested that even after the scale factor to account for the downward bias of the Minimum

Statistic noise estimate, an additional SNR-dependent oversubtraction factor, O(ω), offered

an improvement to the resulting enhanced speech quality. Therefore, using the SNR esti-

mated from Equation 4.16, the frequency-dependent oversubtraction factor for channel i is

calculated from:

Oi(ω) =
e−SNRi(ω)/γ

2
+ 1 (4.17)

which is roughly in the range 1 to 1.5 for SNR levels between 0 and 30 as shown in Figure 4.4

for γ = 10.

The Spectral Subtraction filter analogous to Equation 4.5 for this algorithm for channel
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i is given by:

Hi(ω) = 1−Oi(ω)

√
Ĝuiui(ω)

|X(ω)| . (4.18)

To prevent an excessive amount of tonal artifacts in the spectral subtraction, a modified

filter H̃i(ω) is calculated from:

H̃i(ω) =





Hi(ω) if Hi(ω) > TSS

TSS if Hi(ω) < TSS

(4.19)

where TSS is a threshold below which the Spectral Subtraction filter is not allowed to fall

and which must satisfy 0 ≤ TSS ≤ 1. In this thesis, a value of TSS = 0.2 is used. This

Spectral Subtraction procedure is repeated for each channel with that channel’s noise power

spectrum estimate.

Voice Activity Detection

The VAD decision is not required to produce the Minimum Statistics noise estimate unlike

other noise estimation procedures, but it can be used to further dampen the signal during

non-speech activities should the application warrant it. The instantaneous SNR of Equa-

tion 4.16 provides an intuitive metric for Voice Activity estimation [Wang et al. (2001)].

The frame is assumed to contain speech when the distance between the current short-time

spectrum and the noise spectrum estimate is large (i.e., large SNR) and non-speech for

small spectral distances (i.e., low SNR). Here, the SNR measure is applied in the frequency

domain using:

SNRfreq =
1
M

M∑

i=1

∫ π

−π
SNRi(ω)dω (4.20)

where SNRi(ω) is the instantaneous SNR given in Equation 4.16 and M is the number of

microphones in the array. If this metric is below a specified threshold, the current frame

could be set to zero or some other desired non-speech condition. In many applications,
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silence attenuation may be deemed undesirable, as listeners tend to prefer speech signals

with a constant level of background noise to the same speech signal with non-speech intervals

set to silence (with some level of background noise occurring during the speech intervals).

This is especially true for speech signals with relatively short silence intervals within a

speech utterance. In this case, there is a fluttering effect as the background noise appears

(during speech) and disappears (during non-speech). However, in some applications such

as Automatic Speech Recognition, setting non-speech intervals to zero (i.e., forcing them

to be silent) prevents the recognizer from adding unwanted text to the transcribed output,

a desired result.

Beamforming with Optional Microphone Subset Selection

The beamforming operation of this section is the simple Delay-and-Sum Beamformer dis-

cussed previously. However, with the instantaneous SNRi(ω) information present for each

microphone, only microphone signals with the highest SNR need to be included in the

beamforming process. For an array of closely spaced microphones, the SNR values tend

to be very similar and this additional step can be safely eliminated. However, in a room

where the microphones are separated by great distances, it is possible for some microphones

to have a much higher SNR than other microphones. This is indeed the case when there

is a noise or speech source closer to some microphones than to others. In a real environ-

ment with possibly moving noise sources and probably moving speech sources, the subset

of microphones with the highest SNR values will tend to change over time. Therefore, only

these microphones would be used in the beamforming process. One simple statistic is to

use all microphones for which the SNR value is at least 75% of the maximum SNR of all

microphone channels. This statistic will tend to include all microphones in a closely spaced

array while excluding low SNR microphone signals in an array of distant microphones.
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4.5 Experimental Results

4.5.1 Simulations

Figure 4.5 shows the results of the proposed denoising algorithm outlined in Figure 4.1

for multiple Signal-to-Noise ratios. Room impulse responses were generated for 10 random

source locations in a 4 m × 4 m × 3 m room with no reverberation effects. That is, the

impulse response for each channel contains only one impulse for the direct path sound

waveform which is delayed and attenuated by the appropriate amounts given the distance

between the source and microphone. The random source locations and the 8 microphone

locations shown in Figure 3.9 were also used in the time delay experiments from the previous

chapter. At each location, a 45 second segment of speech was filtered with the appropriate

generated room impulse responses. This simulated non-reverberant multi-channel speech

data was then degraded by additive white noise of varying SNR levels. Due to the close

proximity of these microphones, it was not necessary to choose microphone subsets prior

to beamforming, as the SNR levels of the microphones were very close in value. As can

be seen in the plots in Figure 4.5, the improvement of the proposed MC-MSD algorithm

over a single recorded channel and traditional Delay-and-Sum Beamforming is substantial

for both the segmental SNR (SEGSNR) and Bark Spectral Distortion (BSD) metrics which

are computed relative to the original clean speech signal. Also shown are the improvements

of Delay-and-Sum Beamforming and MC-MSD over the single channel recording.

4.5.2 Real Room Array

Figure 4.6 plots the results for a 5 m × 5 m × 3 m real room recording using 16 spatially

diverse cardioid microphones with SNR-based microphone subset selection. The speech

utterance was “A B C D, one two three four.” Additionally, recorded computer fan noise
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Figure 4.5: Multi-channel denoising results for various SNR levels

was loudly played out of a speaker during the speech recording process. The speech source,

noise source, and microphone locations are shown in Figure 4.7. The acoustic conditions in

this room are far from ideal. Computer fans and air conditioning contribute to an ambient

noise factor over 70 dB. The floors are tiled and the walls are made of a non-absorbing

material.

Figure 4.6 shows the results of the MC-MSD algorithm along with a single recorded

channel and a Delay-and-Sum Beamforming of the different channels. The MC-MSD algo-

rithm is clearly less noisy than the other techniques. The SEGSNR scores for these three
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Figure 4.6: Real room denoising results

plots are 0.13, 0.26, and 0.52 dB respectively. The BSD scores for the three plots are 12.6,

7.2, and 0.96 respectively.

4.5.3 Real Room Circular Array

The final denoising results make use of a circular microphone array, shown in Figure 4.8.

This array has a total of 16 cardioid microphones (2 vertically stacked circles of 8) wrapped

around a mesh cylinder. In the center of this cylinder is a foam core for acoustic dampening

purposes. This array was placed on the center of a conference table in an office environment.

The test consisted of a talker counting from 1 to 10 while walking around the perimeter

of the table approximately 7 feet from the circular array. No attempt was made to face
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Figure 4.7: Location of talker, fan noise source, and 16 microphones in real room denoising
experiment

the array when talking - the speech waveform was spoken at a natural angle tangent to

the circular microphone array. The 5 m × 5 m × 3 m room setup is shown in Figure 4.9

which also shows the location of a speaker which was playing a constant level of fan noise

throughout the 10 second recording. Note that only 1 “row” of 8 microphones is shown in

Figure 4.9 although there are actually 2 rows for a total of 16 microphones, as shown in

Figure 4.8.

The directionality and placement of the microphones provide an opportunity to illustrate

when the SNR-based microphone subset selection strategy would be advantageous. Due to

the array geometry and the fact that the speech source is in motion around the array, the

SNR levels of different microphones will vary widely. For this array, it was decided that

microphones would be grouped in 8 subsets of 6 microphones (3 adjacent columns of 2)

and only the subset with the highest average SNR for the current frame would be used in
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Figure 4.8: Circular array of 16 microphones used in real room denoising experiment

the beamforming if the following condition held: the subset used for beamforming could

only change from the previous frame’s subset if a significantly large change in SNR was

realized or if the two subsets were not adjacent and the previous frame’s subset had a very

low SNR level for the new frame (indicating a new, distant speech source). This prevents

a jittering between adjacent subsets for the same or close sources. This switching tends to

be an annoyance to listeners. In Figure 4.9, the upper 3 microphones of the 6 microphone

subset are indicated for the current position of the talker in the room.

Figure 4.10 shows how the selected subset of microphones varies as the talker circles

the array - an expected result. Figure 4.11 shows the results of the MC-MSD algorithm

along with one channel of recorded speech (the microphone at the top of the circle in

Figure 4.9) and the beamformed result. The beamformed output is actually noisier than

the one channel recording because it averages all microphone signals, including those closest

to the fan. Naturally, if the one channel example was for a microphone near the fan noise,

it would have been noisier than the beamformed result. In any case, it is interesting to

note that for the one channel recording, the amplitude of the speech decreases as the talker



§4.6 denoising summary 94

Figure 4.9: Circular array experiment room setup

gets farther away when travelling along the opposite side of the array. The speech then

increases in amplitude as the circle is completed and the talker nears the first microphone

again. In the beamformed output, the noise is higher as explained above, but the talker

level is constant, since all microphones are equally weighted. Finally, the results of the MC-

MSD are quite effective in eliminating the background noise while maintaining a constant

talker level. This is even true when the talker passes in front of the noise source.

4.6 Denoising Summary

This chapter presented a multi-channel denoising algorithm based on the Minimum Statis-

tics noise estimation and Spectral Subtraction procedures. The effectiveness of this method
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Figure 4.10: Optimal SNR microphone subset selection where subset 1 is centered around
the topmost microphone in Figure 4.9

in both simulations and real room recordings was demonstrated. The next stage of the pro-

posed enhancement system is multi-channel model-based dereverberation which is meant to

remove the convolutional noise due to reverberations, a separate problem from the removal

of background noise discussed in this chapter.
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Figure 4.11: Circular array denoising results



Chapter 5

Multi-Microphone Model-Based

Dereverberation

Recorded speech signals are subjected to degradations arising from the environment in

which they are produced. In a typical enclosure, speech waveforms will reflect off of the

walls, floor, ceiling, and any other items (e.g., furniture) in the room. The way in which

the waveform reflects is a function of the properties of the surface in question. Some sur-

faces such as carpeting are highly absorptive and produce little reverberation, while, for

example, a solid metal wall would lead to very high levels of reverberation. In any typical

room, there will be at least minimal levels of reverberation for which the intelligibility of

the speech waveform will be decreased. These degradations provide the motivation for re-

search in the area of reverberant speech enhancement. Additionally, as seen in Chapter 3,

the performance of traditional speech processing algorithms such as time delay estimation

and source localization can be drastically reduced in the presence of room reverberations.

Typically, single microphone techniques exploit various features of the speech signal while

multi-channel methods focus primarily on improving the quality of the spatial filtering

97
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process. Two-channel methods which address both background noise reduction and dere-

verberation are rare [Dorbecker and Ernst (1996), Martin and Vary (1994)].

As will be shown, it is possible to utilize some highly nonlinear, but still intuitive, tech-

niques to suppress the effects of reverberation. In this chapter, a joint approach will be

taken which makes use of explicit models of the original speech utterance and room rever-

berations in order to produce an enhanced speech signal from the multi-channel degraded

data. Before presenting this new approach, a brief survey of the most commonly used single

and multiple microphone techniques for dereverberation will be offered.

5.1 Single-Channel Approaches

Past research on single-channel enhancement of reverberant speech has focused on two

main approaches: inverse filtering of the channel responses and cepstral averaging. Many

approaches have attempted to invert the channel function between the speech source and

the single microphone [Neely and Allen (1979), Tohyama et al. (1993)]. Alternatively, this

may be performed in the cepstral domain where the inverse filtering operation becomes a

subtraction operation. In practice, while the channel function is generally not minimum

phase, only the minimum phase portion can be inverted. Although the inverse filtering ap-

proach is appealing in theory, the room impulse responses are difficult to estimate in prac-

tice. The channel responses are affected by changes in speaker and/or microphone locations,

as well as changes in the environment itself [Subramaniam et al. (1996), Liu et al. (1995)].

The inversion technique can actually further degrade the reverberant speech if the room

response is not accurately estimated [Mourjopoulos (1985)]. In general, this method is

only effective in highly controlled environments for which the channel response is known or

measured with great accuracy - an improbable event.

The Real Cepstrum, cx[n], of a signal, x[n], is found from the inverse Fourier Transform
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of the log magnitude spectrum, i.e., [Deller et al. (1987)]:

cx[n] =
1
2π

∫ π

−π
log |X(ω)|ejωndω (5.1)

where X(ω) is the Fourier Transform of x[n]. It is well known that the convolution op-

eration in the time domain results in a multiplication operation in the frequency domain.

Therefore, the log operator in the above equation leads to a mapping of convolution in

the time domain to an addition operation in the cepstral domain. Because the recorded

speech signal is formed from a convolution of the original speech waveform and the room

impulse response, the resulting recorded signal’s cepstrum will be the sum of the cepstra of

the speech signal and room response. The room impulse response is made up of a sum of

delayed impulses, causing its log spectrum to have rapid variations [Bees et al. (1991)], un-

like the speech signal which has a relatively slowly varying spectrum. Therefore, the speech

spectrum is mainly located in the lower quefrencies of the cepstrum [Liu et al. (1996),

Oppenheim and Shafer (1989), Deller et al. (1987), Rabiner and Shafer (1978)], while the

reverberation effects tend to appear far away from the origin in the cepstrum. By windowing

(i.e., “liftering”) the cepstrum, low-quefrency coefficients corresponding to the speech spec-

trum are maintained, while the reverberant effects are attenuated. However, this method

is complicated by the fact that the speech and echo portion of the cepstrum are often not

well separated, and the optimal length of window in the liftering process is difficult to esti-

mate [Cole et al. (1997), Liu et al. (1996), Liu et al. (1995)]. Therefore, this technique is

generally useful only for the simplest of echoes.

5.2 Multi-Channel Approaches

Multiple microphone processing which takes advantage of spatial filtering opportunities is

known as beamforming. Perhaps the simplest of all beamformers is the non-adaptive, data-



§5.2 multi-channel approaches 100

independent beamformer that is a linear combination of the microphone signals, which, in

the frequency domain, is expressed as:

B(ω) =
M∑

i=1

W ∗
i (ω)Xi(ω) (5.2)

where B(ω) is the beamformed spectrum, Wi(ω) is the frequency-dependent weight asso-

ciated with the ith sensor, ∗ is the complex conjugation operator, M is the number of

microphones, and Xi(ω) is the spectrum of the ith sensor signal. The Delay-and-Sum

Beamformer is defined by the delay compensated, uniform weighting:

Wi(ω) =
1
M

e−jωτi (5.3)

where τi is the source’s time delay to the ith microphone relative to some reference point.

Typically, microphone array research deals with farfield sources, for which the arrival

angle, θ, measured relative to broadside (i.e., perpendicular to the array), is the same for

each pair of microphones in a linear array (see Chapter 2). With a uniformly spaced linear

array and using microphone 1 as the phase reference point (i.e., τ1 = 0), the resulting

weighting vector for steering the beam to angle θ is:

W (ω) =
1
M

e−jω(i−1)d/c sin(θ), i = 1, . . . , M (5.4)

where d is the separation of the microphones and c is the speed of sound in the environment

(typically 342 m/s).

Figure 5.1 illustrates the beampatterns associated with an 8-element, linear array with

d = 10 cm for all potential source locations in a horizontal slice of a 4 m × 4 m room. The

beam is steered to a source located at various angles (0◦, 15◦, 30◦, 45◦, 60◦, and 75◦) at a

range of 1.5 cm. The specified frequency is 2000 Hz. Because soundwaves drop off at a rate

proportional to the distance from the source, the beampattern decreases in amplitude along

any direction of arrival with increasing distance from the array. These plots graphically
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illustrate the level to which beamsteering filters out reflections from angles outside the main

lobe of the resulting beampattern.

Although this simple beamforming procedure does reduce reverberations and back-

ground noise to some degree, many attempts have been made to improve upon this perfor-

mance. By beamforming to the direct path and the major images, it is possible to use the

multipath reflections constructively to increase the SNR well beyond those achieved with a

single beamformer. The result is a matched filtering process [Flanagan et al. (1993)] which

is effective in enhancing the quality of reverberant speech and attenuating noise sources.

Unfortunately, this technique has a number of practical shortcomings. The matched filter

is derived from the source location-dependent room response and is therefore difficult to

estimate dynamically. The channel responses obtained in this manner do not address the

issue of non-stationary or unknown source locations or changing acoustic environments.

These problems are addressed in [Affes and Grenier (1997)] which attempts to adaptively

estimate the channel responses and incorporate the results into an adaptive beamforming

process.

In general, beamforming research has dealt with algorithms to attenuate undesired

sources and noise, track moving sources, and deconvolve channel effects. These approaches,

while effective to some degree, are fundamentally limited by the nature of the distant

talker environment. Array design methods are overly sensitive to variations in their as-

sumptions regarding source locations and radiation patterns, and are inflexible to the

complex and time-varying nature of the enclosure’s acoustic field. Motion as little as a

few centimeters or a talker’s turning his or her head is frequently sufficient to compro-

mise the optimal behavior of these schemes in practical scenarios [Radlovic et al. (1999),

Brandstein (1998)]. Similarly, matched filter processing, while shown to be capable of

tracking source motion to a limited degree, requires significant temporal averaging and
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Figure 5.1: Array response for a horizontal slice of a 4 m × 4 m room for θ = 0◦, 15◦,
30◦, 45◦, 60◦, and 75◦ from vertical at a frequency of 2000 Hz where the 8 microphones are
represented by × and the point of focus is indicated by ◦
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is not adaptable at rates sufficient to effectively capture the motions of a realistic talker.

However, some success can be found when producing only a coarse model of the rever-

berant channels [Griebel and Brandstein (2001)]. In that work, the incorporated channel

model required only approximate times and amplitudes of the initial multi-path reflections.

In practice, these impulses are responsible for the bulk of the reverberant energy in the

received speech signal and can be estimated to a sufficient degree on a time-varying basis.

In [Brandstein (1998)] an alternative to these methods was proposed that explicitly

incorporated the Dual Excitation Speech Model [Hardwick (1992)] into the beamforming

process. The work in [Brandstein (1999a)] extended this idea using a multi-channel version

of the Multi-Pulse LPC model [Singhal and Atal (1984), Atal and Remde (1982)] and a

nonlinear event-based processing method to discriminate impulses in the received signals

due to channel effects from those present in the desired speech. These approaches were

shown to suppress the deleterious effects of both reverberations and additive noise without

explicitly identifying the channel, and were adaptive on a frame by frame basis. However,

this research was restricted to a small class of speech signals and was limited to individual

analysis frames. In this thesis, these concepts are taken a step further by employing the

wavelet domain for a multi-resolution signal analysis and reconstruction of the LPC residual.

This allows the nonlinear, model-based processing paradigm to be applied for effective

speech enhancement under general conditions.



§5.3 multi-channel model-based dereverberation algorithm (mc-mbd) 104

5.3 Multi-Channel Model-Based Dereverberation Algorithm

(MC-MBD)

As introduced in Chapter 2, the reverberant speech signal, xi[n], observed at the ith mi-

crophone (i = 1, 2, . . . , M) can be modeled as:

xi[n] = hi[n] ∗ s[n] (5.5)

where s[n] is the clean speech utterance and hi[n] is the room impulse response between

the speech source and the ith microphone. Under all but ideal circumstances, the room

impulse response is a complicated function of the enclosure environment.

A very general model for speech production approximates the vocal tract as a time-

varying all-pole filter [Deller et al. (1987)], as described in Chapter 2. In the case of voiced

speech, the filter excitation is modeled as a quasi-periodic impulse train where the time

between consecutive impulses is the pitch period. For unvoiced speech, the excitation

signal is approximated by random noise. The reverberant channel response itself is a sum

of weighted impulses, one for the direct path and one for each multi-path echo arriving at

the microphone. The proposed algorithm relies on the assumption that the detrimental

effects of reverberations introduce only zeros into the overall system and will primarily

affect only the nature of the speech excitation sequence, not its all-pole filter. It is also

assumed that the impulses due to reverberations contributed to the excitation sequences

are relatively uncorrelated across the individual channels, while the excitation impulses due

to the original speech are invariant to the environmental effects. Essentially, the approach

will be to identify the clean speech excitation signal from a set of corrupted excitations.

The enhanced speech is then reconstructed by using the enhanced excitation signal as input

to an estimate of the all-pole filter representing the vocal system.

The idea of enhancing the excitation signal was explored in [Brandstein (1999a)] using
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the LPC residual derived from multiple microphone channels. The algorithm proposed

in this chapter represents a more effective method for estimating and then reconstructing

the excitation signal by employing a class of wavelets to decompose the LPC residuals. In

[Mallat and Zhong (1992)], quadratic spline wavelets were shown to be effective at detecting

singularities in a signal. As discussed in Chapter 2, because these quadratic spline wavelets

are the derivatives of smoothing functions, significant Wavelet Transform (WT) coefficients,

or wavelet extrema, prove to be appropriate indicators of discontinuities in a signal. The

set of extrema at each wavelet scale in the WT of the LPC residual signals is an effective

representation of the impulses (i.e., discontinuities) in the excitation signals. By locating the

extrema which are well clustered across all channels, we attempt to capture the underlying

impulsive structure (for voiced speech) of the original non-reverberant LPC residual signal.

The estimated “clean” multi-scale extrema can be used to reconstruct the desired excitation

signal with minimal approximation error [Mallat and Zhong (1992)].

The overall procedure is outlined in Figure 5.2. The received signals, xi[n], are assumed

to have been time-aligned either through a priori knowledge of the source and microphone

geometry or as the result of applying a relative time-delay estimation procedure to the

original channel data (see Chapter 3). This procedure is repeated for half-overlapping

analysis frames which, after processing, are added after being multiplied by the appropriate

length Hanning window.

For the proposed algorithm, the microphone signals are first converted to LPC residuals

and transformed to the wavelet domain. For each wavelet scale, the multi-channel extrema

are clustered and scaled by a local coherence measure. The resulting extrema at each scale

are used to generate a multiresolution representation from which the enhanced excitation

signal is produced. This synthesized excitation (presumably with less of the detrimental

reverberation and noise effects) is then fed into the estimated LPC filter. The algorithm
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ê[n]
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Figure 5.2: Outline of the proposed dereverberation algorithm

stages will now be discussed in more detail. For the illustrative plots that follow in the

remainder of this section, speech with a reverberation time of 400 ms is employed.

5.3.1 Joint Inverse LPC Filter

A joint LPC filter is derived from N -point windows of the M channels of speech. The linear

prediction formalism assumes the speech source signal can be modeled as [Markhoul (1993)]:

xi[n] =
K∑

k=1

akxi[n− k] + ei[n] (5.6)

where ei[n] is the residual or excitation signal discussed previously for the ith microphone

and K is the LPC model order. The LPC coefficients, {a1, a2, . . . , aK}, are estimated by

minimizing the average energy of the residual signal. For this multi-channel setting the

criterion is expressed as:

1
M

M∑

i=1

N∑

n=1

e2
i [n] =

1
M

M∑

i=1

N∑

n=1

{
xi[n]−

K∑

k=1

akxi[n− k]

}2

. (5.7)
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The multi-channel autocorrelation function will be defined as:

R[l] =
1
M

M∑

i=1

N∑

n=l

xi[n]xi[n− l]. (5.8)

The minimum energy solution is achieved by solving the same system of linear equations

as in the single-channel case, namely:



R(0) R(1) . . . R(K − 1)

R(1) R(0)
. . . R(K − 2)

...
. . . . . .

...

R(K − 1) R(K − 2) . . . R(0)







a1

a2

...

aK




=




R(1)

R(2)
...

R(K)




(5.9)

where R(l) is as defined in Equation 5.8.

The resulting LPC filter coefficients estimates {â1, â2, . . . , âK} can be used to generate

a set of residual signals, ei[n], via inverse filtering of each microphone signal, xi[n]. The

goal of the later wavelet extrema reconstruction will be to use the multiple residual signals

to create a single enhanced residual signal, ê[n]. This residual will then be used as input

to the forward LPC filter using the estimated coefficients {â1, â2, . . . , âK} to generate an

enhanced speech signal, ŝ[n].

For the work presented in this chapter, the analysis frame is 32 ms (N = 256 samples

at 8 kHz sampling rate), the number of channels is M = 8, and the LPC model order is

K = 13.

5.3.2 Wavelet Transform of LPC Residual Signals

The first J scales of the Wavelet Transform are calculated for each of the M residual signals.

In this thesis, the WT is calculated for the first J = 5 scales. The WT of the residual

signal of the ith channel, ei[n], is denoted by Wei(n, j) where j is the scale parameter and

n is the temporal index within that scale. The non-decimated quadratic spline wavelet
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discussed in Chapter 2 is used. Because the wavelet is the derivative of a smoothing

function, the resulting WT coefficients will contain local extrema at discontinuities in the

signal. Therefore, impulses in the residual signal of voiced speech segments cause large WT

coefficients at different scales.

In the following stages, this WT is used to reconstruct an enhanced residual signal,

where wavelet extrema at different scales correspond to impulses in the voiced excitation or

to impulses from the room channel response due to reverberations. While the significance

of the wavelet extrema in the unvoiced case is not as clearly delineated, this approach is

also effective for reconstructing an appropriate noise-like LPC residual signal.

5.3.3 Wavelet Transform Coefficient Extrema Clustering

Based upon the observation that residual impulses due to the original speech tend to

be clustered across channels and scales while those due to reverberation effects are rel-

atively uncorrelated in both amplitude and time, a clustering technique is now applied

to estimate the “clean” extrema. In [Brandstein (1999a)] a nonlinear clustering criterion

was presented for this application, while in [Griebel and Brandstein (1999)] we employed

a Gaussian smoothing approach. However, the local extrema of WT coefficients of the

Delay-and-Sum Beamformed speech have been found to perform sufficiently well in this

context. Because of its computational advantages and near comparable performance, this

delay-and-sum strategy will be employed for extrema clustering in what follows. The plot

in Figure 5.3 illustrates WT coefficients of scale 25 for 8 channels and the resulting clustered

extrema. In general, for voiced speech, extrema due to glottal excitations - the rising slopes

near 2.5, 12.5, 22.5, and 32.5 ms - tend to be more tightly clustered than those due to

additional impulses from the reverberant channel responses. This causes the less clustered

peaks to have a relatively small amplitude. Figure 5.4 shows the clustered extrema of scale
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Figure 5.3: Plot of 8 reverberant channels at scale 25 and clustered peaks

25 along with scale 25 of the clean speech. Note that some of the extrema have amplitudes

that are too large compared to the clean speech. These are the peaks occurring late in

the pitch period where the low energy of the clean speech is corrupted by the reverberant

channel energy. The clustering operation maps the multi-channel WT extrema data to a

single WT extrema representation suitable for input to the WT extrema reconstruction

algorithm described previously.

5.3.4 Short-Term Coherence Scaling

The purpose of the coherence-based amplitude modulation scheme detailed in this section

is to further attenuate the clustered peaks due to room reverberations beyond what is

achieved by the averaging process associated with the extrema clustering.

The following short-term coherence window is multiplied by the wavelet extrema at
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Figure 5.4: Clustered reverberant peaks and scale 25 of clean speech

each scale j:

cj [n] =
2

M − 1

∑M
i=1

∑M
k=i+1

∑L
l=−L Wei(n + l, j)Wek(n + l, j)

∑M
i=1

∑L
l=−L Wei(n + l, j)2

(5.10)

where 2L + 1 ¿ N is the length of a small subwindow within the analysis frame which is

scale dependent. For scales 1, 2, 3, 4, and 5, the value of L was set to 1, 1, 2, 4, and 8

respectively.

With this window, any clustered extrema in areas of low coherence will be de-emphasized,

while highly coherent extrema will be relatively unaffected. The coherence function as

given above can assume values between −1 and 1. A thresholding scheme is incorporated

to maintain non-negative scaling terms and to normalize the coherence values within the

subwindow. For each scale 2j , a modified coherence window is calculated from:

c̃j [n] =





cj [n]/maxn cj [n] cj [n]/maxn cj [n] ≥ T

T cj [n]/maxn cj [n] < T

(5.11)

where 0 ≤ T ≤ 1. A reasonable value of T was determined experimentally to be 0.2. With
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Figure 5.5: Short-term coherence function for scale 23

T > 0, the thresholding ensures that the coherence window does not completely eliminate

any wavelet extrema, which could result in excessive smoothing of the resulting speech

signal. The normalized coherence function for scale 23 is shown in Figure 5.5. For coarser

scales, the coherence is closer to 1 throughout the frame. The results of weighting the

clustered peaks by the coherence function are shown in Figure 5.6. The points of excitation

(i.e., the large positive peaks) are still approximately equal in amplitude to the peaks of

the clean speech while the extra reverberant energy of the other peaks in Figure 5.4 has

been attenuated due to low coherence values.

Finally, the coherence window at each scale is multiplied by the average coherence for

that frame and that scale. That is, the wavelet coefficients at scale 2j , are multiplied by

the constant:

Cj =
1
N

N∑

i=1

cj [n] (5.12)

which is obviously calculated before the coherence window was normalized to unity maxi-
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Figure 5.6: Weighted peaks and scale 25 of clean speech

mum amplitude. The normalization process of Equation 5.11 preserves the most coherent

peaks of the current frame. However, if these peaks are less coherent than those of the

neighboring frames, they should be attenuated accordingly. This final scale multiplication

factor of Equation 5.12 achieves this. This is useful, for example, with speech tails where

reverberant energy continues after the speech utterance has stopped. Since this energy

tends to be much less coherent from channel to channel, this final multiplication factor will

attenuate these reverberant tails.

5.3.5 Wavelet Transform Coefficient Extrema Reconstruction

Another advantage of working in the wavelet domain is the ability to approximately recon-

struct a signal from the local extrema of its WT coefficients at each scale. An alternating

projection algorithm for WT extrema reconstruction [Mallat and Zhong (1992)] was pre-

sented in Chapter 2. Recall that this method tends to approximate a signal to within a

very high frequency error term, which, for the speech signals examined in this research, was
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inaudible.

The clustered peaks for each wavelet scale are multiplied by the appropriate scale-

dependent coherence envelope as determined in the previous step. The low resolution

approximation coefficients are simply beamformed over all channels. This new low res-

olution approximation and the multiresolution coherence-weighted WT extrema are used

to reconstruct the enhanced LPC residual using the reconstruction algorithm discussed in

Chapter 2. Figure 5.7 shows an example of the LPC residual for the clean and single channel

reverberant speech frames followed by the residual signal resulting from the WT extrema

reconstruction algorithm. The reconstructed residual signal has distinct peaks with ampli-

tudes and indices approximately equal to those of the clean residual. The proposed method

also considerably attenuates the reverberant energy which appears between the peaks in

the middle plot.

5.3.6 Forward LPC Filter

Finally, for each analysis frame, the reconstructed residual signal, ê[n], is filtered by the pre-

viously estimated LPC coefficients to generate the enhanced speech signal, ŝ[n]. Figures 5.8,

5.9, and 5.10 show the results for three different frames of speech for a reverberation time

of 400 ms and additive noise at an SNR level of 10 dB. Figure 5.8 displays a single analysis

frame corresponding to a little over one period of a voiced speech segment. The four plots

compare the reconstructed speech signal to the original speech utterance, a single rever-

berant channel, and a simple Delay-and-Sum Beamforming of the M reverberant speech

channels. It is apparent that the primary effect of the reverberant distortion is to inflate

the signal energy between 987 ms and 997 ms. The beamformer is ineffective at attenuating

these distortions. The proposed algorithm is capable of detecting the excitation energy due

to the clean speech and produces a synthesized signal very similar to the original. Fig-
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Figure 5.7: LPC residual of clean speech, reverberant speech, and after wavelet clustering
technique

ure 5.9 demonstrates a voiced speech segment from early in a vowel segment. At this point,

the speech is more affected by additive noise than reverberations, and the enhancement

procedure diminishes its presence as well. Figure 5.10 shows another vowel portion heavily

affected by reverberations for which the results are equally pleasing.
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Figure 5.8: Comparison frame 1: clean, reverberant, beamformed, and MC-MBD result

5.4 Experimental Results

Reverberant speech segments were generated as in previous chapters in the simulated room

of size 4 m × 4 m × 3 m. Recall that the random source locations and the 8 microphone

locations were shown in Figure 3.9. Room reverberation times, Tr, ranged from 0 ms to

400 ms. The corresponding reflection coefficients used by the image model were calculated

via Eyring’s formula given in Equation 2.30. Again, the room was a rectangular enclosure

assumed to have plane reflective surfaces and uniform, frequency-independent reflection
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Figure 5.9: Comparison frame 2: clean, reverberant, beamformed, and MC-MBD result

coefficients.

Figures 5.11 illustrates a series of three second speech segments which have been sim-

ulated in the reverberant enclosure described above with a reverberation time of 400 ms.

The figure plots the original speech, the signal received at a single microphone, the outcome

of Delay-and-Sum Beamforming, and the result achieved using the proposed MC-MBD en-

hancement algorithm. The SEGSNR scores for these three plots are 0.75, 1.32, and 2.18

dB respectively. The BSD scores for the three plots are 0.76, 0.54, and 0.21 respectively.

These scores show that the MC-MBD procedure is effective, a conclusion that is further
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Figure 5.10: Comparison frame 3: clean, reverberant, beamformed, and MC-MBD result
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supported by the visible and audible improvements of the resulting output waveform.

To quantify the improvements of the proposed algorithm, the average Segmental SNR

and average Bark Spectral Distortion were calculated over all frames of speech for a 45

second speech signal simulated at each of the 10 random room locations and for each re-

verberation level. No additive noise was present for these tests so that the effects of just

the MC-MBD algorithm could be examined. Figure 5.12 shows the SEGSNR and BSD re-

sults for reverberation times from 0 ms to 400 ms. Although the SEGSNR scores are very

similar for beamforming and MC-MBD, the proposed algorithm shows a considerable im-

provement over Delay-and-Sum Beamforming when using the more perceptually motivated

BSD measure. These figures are consistent with informal listening tests.

5.5 Dereverberation Summary

This chapter presented a multi-channel dereverberation algorithm which made use of a

speech model and a room reverberation model. By attenuating Wavelet Transform coeffi-

cient extrema due to reverberations relative to those due to speech events, the algorithm

was capable of outperforming standard Delay-and-Sum Beamforming for all examined re-

verberation levels.
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Figure 5.11: Comparison of clean, reverberant, beamformed, and the proposed MC-MBD
algorithm (Reverberation-Only Case)
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Figure 5.12: Multi-channel dereverberation results for various reverberation times



Chapter 6

System Performance

In this chapter, two topics involving the proposed system will be discussed. The first is

more simulations similar to those presented in Chapters 4 and 5 on denoising and dere-

verberation. However, these new tests simultaneously corrupt the clean speech utterance

with additive noise and reverberation effects. Next, a description of the Harvard University

multimedia laboratory’s videoconferencing system will be offered, of which the proposed

speech enhancement system is a key component.

6.1 Simulations of Denoising and Dereverberation

Figure 6.1 shows the results of simultaneous denoising and dereverberation for 400 ms

reverberant speech plus additive white Gaussian noise. The superior performance of the

proposed algorithm relative to Delay-and-Sum beamforming at removing both long and

short term reverberation effects is apparent. The algorithm helps to eliminate the additive

noise as well. Listening tests confirm the effectiveness of the procedure. The synthesized

speech reduces the audible reverberation and noise effects which are clearly present in both

the degraded and Delay-and-Sum Beamformed speech. The SEGSNR scores for these three

121
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plots are 0.61, 1.31, and 1.99 dB respectively. The BSD scores for the three plots are 1.63,

0.65, and 0.22 respectively.

To quantify the performance of simultaneous denoising and dereverberation, two tests

were performed. The first suite of tests for speech degraded by additive noise and rever-

berations is shown in Figure 6.2. As in Chapters 4 and 5, these tests were run for the same

10 random source locations and for 45 seconds of speech at each location. For this test,

the SNR of the additive noise was held constant at 10 dB for reverberation times varying

from 0 to 400 ms. The results of the multi-channel Minimum Statistics Denoising and

Model-Based Dereverberation algorithm (MC-MSD-MBD) show a dramatic improvement

in both Segmental SNR and Bark Spectral Distortion scores.

The second set of tests for speech degraded by additive noise and reverberations is

shown in Figure 6.3. For this test, the reverberation time was held constant at 200 ms for

SNR levels varying from -10 to 10 dB. The results of the MC-MSD-MBD algorithm again

show a dramatic improvement in both segmental SNR and Bark spectral distortion scores.

One point to consider is whether or not one part of the algorithm is responsible for most

of the segmental SNR or Bark spectral distortion improvement in these joint denoising and

dereverberation tests. Table 6.1 shows varying levels of additive noise and reverberation for

one source location. Note that both the denoising (MC-MSD) and dereverberation (MC-

MBD) show improvements in segmental SNR over the beamformed result. Including both

the denoising and dereverberation stages results in the greatest improvement. Therefore,

it can be said with confidence that both components of the system offer their own benefits

to these segmental SNR score improvements. A similar statement can be made about the

improvement in the Bark Spectral Distortion scores after viewing Table 6.2.
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Figure 6.1: Comparison of clean, reverberant, beamformed, and the proposed MC-MSD-
MBD algorithm (reverberation plus noise case)
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Figure 6.2: Results for varying levels of reverberation for an additive noise level of 10 dB
SNR

6.2 Speech Processing for Automated Videoconferencing

The overall goal of the work at the Harvard Intelligent Multi-Media Environments Lab-

oratory (HIMMEL) is to produce automated and relevant high-quality signal capture in

environments populated with microphones and video cameras without the active supervi-

sion or distraction of its human users. In this work, the details of this system are presented

for acoustic and visual-based tracking and audio signal acquisition of individuals in a prac-

tical room. See [Wang et al. (2001)] for more details.

The ability to do real-time talker tracking and audio enhancement is an important req-
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Figure 6.3: Results for varying levels of SNR for a reverberation time of 200 ms

SNR Reverberation Beamforming MC-MSD MC-MBD MC-MSD-MBD
(dB) Time (ms) Result Only Only Result
10 400 -9.91 -4.63 -5.94 -2.13
5 300 -10.93 -5.30 -6.28 -2.51
0 200 -12.69 -6.43 -7.97 -3.36
-5 100 -13.80 -8.62 -9.44 -5.11
-10 400 -19.87 -17.81 -15.95 -14.19

Table 6.1: Segmental SNR scores for varying values of SNR and reverberation levels for
beamforming, independent denoising and dereverberation, and joint denoising and derever-
beration
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SNR Reverberation Beamforming MCMS MCMBD MC-MSD-MBD
(dB) Time (ms) Result Only Only Result
10 400 2.32 0.93 0.94 0.44
5 300 3.54 1.51 1.57 0.64
0 200 4.81 2.57 2.20 1.04
-5 100 6.20 4.07 3.75 2.17
-10 400 7.90 6.96 5.95 4.95

Table 6.2: BSD scores for varying values of SNR and reverberation levels for beamforming,
independent denoising and dereverberation, and joint denoising and dereverberation

uisite of many developing technologies, including video-conferencing, interactive human-

computer communications, automated surveillance systems, and virtual reality interfaces.

As an example application of this technology, consider video-conferencing. Until recently,

multi-participant systems required a human camera operator to track speakers and se-

lect shots. Earlier work involved acoustically-based talker tracking to provide rudimentary

automated camera control [Brandstein and Silverman (1997), Brandstein et al. (1997)]. A

number of commercial video-conferencing systems now employ these and similar technolo-

gies. However, the reliance on acoustic data alone limits performance. The system described

here fuses the video and audio data to dramatically improve source tracking capability, al-

lowing for the effective isolation of one or more desired talkers within the video frame.

The quality of the associated audio signal is also important. In addition to ease of use

and information conveyance considerations, the quality of the speech signal plays a key

role in the performance of related analysis systems such as speech recognition and speaker

identification. To this end, microphone array methods are employed to reduce the effects

of ambient noise, interfering sources, and room acoustics in the resulting audio signal.

The overall system is outlined in Figure 6.4. A microphone array detects active acoustic

sources in the environment and provides initial talker locations to the video portion of the

system. Video processing methods are then employed to allow the computer-controlled
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Figure 6.4: Outline of the overall automated videoconferencing system

cameras to isolate the image of one or more individuals within a frame, adjust for head

orientation and range, and to compensate for any source motion. Source tracking informa-

tion is fed to the acoustic processing element to allow for enhancement of the appropriate

audio signal. The system is designed to be robust over a wide range of acoustic and visual

environmental conditions. The video algorithms are computationally efficient, allowing for

real-time operation on standard personal computer systems.

The remainder of this section describes the algorithms employed in the current hybrid

system and illustrates their functionality. Sections 6.2.1 and 6.2.2 discuss details of the

acoustic and visual components, respectively.

6.2.1 Audio Processing

The goal of the multi-channel audio system is twofold:

1. to detect acoustic activity and determine the position of a talker based on the signals
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observed at microphones located throughout the room

2. to use the multi-channel audio data to produce an enhanced audio signal.

The positional information is used to determine the initial selection and steering of the

appropriate video camera. The camera then takes over and tracks the active talker using

the video techniques to be discussed in the video section. As time progresses, the source

locator is used to detect the presence of new dominant speech sources, which leads to

image re-initialization and possibly the selection of a new camera. An enhanced speech

signal is estimated for the talker being tracked to accompany the video signal. The speech

enhancement system proposed in this thesis will provide the acoustic processing used in

the HIMMEL system. The time-delay and source localization procedures were described in

Chapter 3 while the speech enhancement procedure was discussed in Chapters 4 and 5.

In the current HIMMEL system, there are a total of 16 microphones (M = 16) arranged

in pairs positioned along the walls and in the ceiling panels of an office room. See Figure 6.5

for details of the room layout. The acoustic conditions in this room are far from ideal.

Computer fans and air ducts contribute to an ambient noise factor over 70 dB. The floors

are tiled and the walls are made of a non-absorbing material. Reverberation levels are on

the order of 200 ms. Illumination is provided by fluorescent lighting mounted in the 3 m

ceiling.

Figure 6.6 shows an example of the output of the speech enhancement procedure. The

top plot shows a segment of speech received at a single microphone within the room. The

bottom plot shows the enhanced signal. As is evident from the graph, the background noise

has been reduced considerably.
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Figure 6.6: Speech enhancement results
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6.2.2 Video Processing

The visual part of the system, developed by Wang in [Wang et al. (2001)] consists of a

set of mobile communication video cameras, each with three degrees of freedom (pan, tilt,

and zoom) which may be controlled remotely via a computer interface. The current system

consists of two cameras positioned as shown in Figure 6.5. Given the initial camera steering

provided by the acoustic localization process, the goals of the video component of the system

are to:

1. detect and isolate the talker’s head within the acquired image

2. track individuals as they move

3. evaluate the head orientations

The first two items require a feedback control mechanism that allows the cameras to be

continually steered to keep the individual in the center of the frame with the appropriate

zoom. The head orientation information is used in conjunction with the acoustic localization

data to select the camera with the best view of the active talker’s face.

The HIMMEL system employs a procedure which uses a variety of features that are

easily extracted from the image stream. The result is a multi-person face detection proce-

dure that is robust to a range of environmental conditions while only requiring a limited

amount of computation. In order of application, the utilized features are: (1) source mo-

tion, (2) contour geometry, (3) color statistics, and (4) facial analysis. Source motion and

contour geometry identify potential face regions while color and facial analysis are used as

validation criteria. Figure 6.7 displays an image derived from the 4-stage face detection

process [Wang et al. (2001)]. The green boxes delineate the segmented regions derived from

the motion information (stage 1). In this case, three candidate locations have been iden-

tified. The blue ovals are the result of the geometrical analysis (stage 2) which generates
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Figure 6.7: Face tracking example [Wang et al. (2001)]

a two-sided contour boundary for each region and then estimates a neckline location. For

this example, each of the three candidates (two faces and a hand) were found to possess

a head-like geometry. The color confirmation test (stage 3) is then applied within each of

the ovals. The detected skin color regions are indicated by a yellow box. Up to this point,

the hand is still misclassified as a face candidate due to its similar shape and color. Lastly,

the facial analysis (stage 4), with positive results shown as a red box within the yellow box,

correctly identifies the two faces and discards the hand.

Once a face has been detected, a tracking algorithm is activated to predict the position

and velocity of the target in the subsequent frames. The predicted position estimate is

used to reduce the tracking search region, thereby decreasing processing requirements and

providing a further resistance to noise. A very general model of source motion is used,

followed by a visual tracking procedure detailed in [Wang et al. (2001)].
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Figure 6.8: Examples of face orientation estimation where the detected hair region is yel-
low on the bottom right of each figure and the clock face indicates the estimated pose an-
gle [Wang et al. (2001)]

The final stage of the video component addresses the problem of automatically esti-

mating an individual’s head orientation. This information is useful for determining shot

relevance and deciding which camera best captures the scene of interest. The head pose al-

gorithm developed by Wang focuses on the border between an individual’s hair and skin as

the major feature for estimating head orientation. The hair-skin border is straightforward

to estimate across a wide range of viewing angles and is relatively insensitive to lighting

conditions and poor image quality. The curve shape of the hairline is sufficient for estimat-

ing head orientation to a satisfactory degree and is a robust and consistent statistic across a

variety of people and hairstyles. Figure 6.8 illustrates the pose estimation results achieved

for one individual [Wang et al. (2001)]. By determining which camera the talker is facing,

automatic camera selection can be performed. This process can be made even more reliable

by also using the SNR estimates of the various microphones. A higher SNR value generally

indicates that a talker is speaking more towards that microphone than towards the others.

6.3 System Summary

This chapter presented results for speech simultaneously degraded by additive noise and

room reverberations. An automatic videoconferencing system being developed at Harvard
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University’s multimedia lab was also discussed which makes use of the speech enhancement

system presented in this thesis. The videoconferencing system automatically tracked a

speech source while simultaneously providing an enhanced audio signal to accompany the

video stream. The audio and video output of this system could be combined for transmission

in a videoconferencing or video recording setting.



Chapter 7

Conclusion

7.1 Discussion

In this thesis, a microphone array speech enhancement system was presented for signals

acquired in challenging environments (i.e., environments with background noise and rever-

berations). The proposed system had three main components: source localization, back-

ground noise reduction, and dereverberation. The localization algorithm was robust to

both background noise and reverberations and simultaneously produced relative time delay

estimates and a source location estimate. It provided a procedure applicable to all time

delay estimators which either maximize or minimize an appropriate objective function,

improving their robustness to environmental degradations. The denoising algorithm was a

multi-microphone extension to the Minimum Statistics denoising technique [Martin (2001)].

This algorithm also had an additional and optional SNR-dependent beamforming stage that

was shown to be very useful in certain environments. This was especially useful for sit-

uations with moving speech and noise sources. The final component of the system was

a multi-channel model-based dereverberation algorithm which modeled the speech source

and room reverberations independently. By focusing on residual onset data and incorpo-

134
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rating specific knowledge of the nature of the speech signal, the proposed wavelet-domain

algorithm is capable of discriminating impulses of the excitation residual generated by the

desired speech signal from those brought about by reverberations. The process achieves a

significant attenuation of environmental reverberations and additive noise without explic-

itly requiring estimation of the channel characteristics. This illustrates the effectiveness

and practicality of the advocated fusion of nonlinear and model-based processing for mi-

crophone array applications. Results for the various components were provided as proof of

the effectiveness of the proposed multi-microphone speech enhancement system.

7.2 Future Work

In future work, effort will be focused on three areas. The first is to produce a real-time

system incorporating all three stages of the enhancement system presented in this thesis.

Although the denoising system is easily implemented in real time, the time delay estimation

and dereverberation procedures are quite computationally intensive. These algorithms must

be streamlined in order to obtain real-time status.

The second avenue for future work is to test the proposed system with Automatic

Speech Recognition (ASR) software. ASR is becoming an increasingly popular topic. The

uses vary from speech transcription to phone menu navigation systems. In [Hall (2001)]

it was shown that when using ASR scores with Hidden Markov Models on phonemes, the

correlation coefficient with Mean Opinion Scores was ρ = 0.77. When using commercially

available continuous speech recognition software, the correlation was ρ = 0.76. Therefore,

it would be interesting to set up a testing methodology to compare the MC-MSD-MBD

enhancement system to beamforming approaches using this metric.

Finally, the principles presented in this thesis may be extended to address the case of

interfering sources. Some qualitative results were shown in Chapter 3 that revealed the
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ability of the source localization algorithm to detect two simultaneous sources. The multi-

microphone array could then be steered towards the desired source, while placing a null in

the beampattern in the direction of the competing source. In terms of the dereverberation

model used in this thesis, the impulse events may be associated with one or more source

locations by evaluating their relative delays across the channels given knowledge of the

microphone placements. Once this association is performed, the individual speech signals

may be independently reconstructed through the synthesis procedure outlined in Chapter

5. This approach to speaker isolation represents a distinct contrast to the spatial filtering

paradigm which relies on very specific knowledge and assumptions regarding talkers’ loca-

tions and radiation patterns to generate appropriate channel weightings. The procedure,

by virtue of its underlying speech model and exploitation of impulse data alone, has the

potential to be much less sensitive to environmental uncertainties (e.g. imperfect source

localization, non-ideal radiator effects, and unknown channels).



Appendix A

The Multi-Channel Maximum

Likelihood Time Delay Estimator

To find the multi-channel Maximum Likelihood (ML) estimate of the time delay vector,

τ , it is assumed that the speech signal, s, is Gaussian. As derived in Chapter 3, the

multi-channel ML estimate of τ is that which maximizes the following:

ln{p(X|Σ)} = k − 1
2

ln |Σ(ω)| − 1
2

∫ ∞

−∞
XH(ω)Σ−1(ω)X(ω)dω (A.1)

where k is a constant not involving Σ and can therefore be ignored.

Before proceeding with the maximization process, it must be shown that the determi-

nant of Σ is not a function of the delay vector τ . This will allow the term −1
2 ln |Σ(ω)| to

be ignored in the likelihood function when searching for the optimal τ . To this end, the

following lemma is presented:

Lemma If A1 is nonsingular, then:
∣∣∣∣∣∣∣

A1 A2

A3 A4

∣∣∣∣∣∣∣
= |A1||A4 −A3A

−1
1 A2| (A.2)
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for suitably sized matrices A1, A2, A3, and A4 where | · | is the determinant operator.

Proof Premultiply the matrix as follows:



I 0

−A3A
−1
1 I







A1 A2

A3 A4


 =




A1 A2

0 −A3A
−1
1 A2 + A4


 . (A.3)

The determinant of any block triangular matrix is the product of the determinants of the

diagonal blocks. Therefore, taking the determinants of both sides of this equation yields:

(1)

∣∣∣∣∣∣∣

A1 A2

A3 A4

∣∣∣∣∣∣∣
= |A−1||A4 −A3A

−1
1 A2| (A.4)

which concludes the proof of the lemma. ¥

Theorem |Σ| is not a function of the delay vector, τ .

Proof Let Σn represent the matrix Σ for n channels. Let the hypothesis be that:

|Σn| = (σ2
u)n + n(σ2

u)n−1Gs,s (A.5)

where the dependence on ω has been ignored. Clearly, this expression for |Σn| does not

involve τ . The validity of this expression will be shown by induction. First, consider the

cases where n = 1 and n = 2. For n = 1, there is only one microphone signal, and so the

matrix Σ1 is actually a scalar equal to Gs,s + σ2
u which is not a function of τ1. For n = 2,

Σ2 has the form:

Σ2 =




Gs,s + σ2
u Gs,se

−jω(τ1−τ2)

Gs,se
jω(τ1−τ2) Gs,s + σ2

u


 . (A.6)

Therefore, the determinant is:

|Σ2| = (Gs,s + σ2
u)2 − |Gs,s|2 (A.7)

= (σ2
u)2 + 2σ2

uGs,s (A.8)
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which does not depend on τ1 or τ2. Now assume that the hypothesis is true for i = n and

prove that it must then hold for i = n + 1. Form Σn+1 from Σn:

Σn+1 =




Σn A2

A3 A4


 (A.9)

where

A2 = Gs,s

[
e−jω(τ1−τn+1) . . . e−jω(τn−τn+1)

]T
(A.10)

A3 = AH
2 = Gs,s

[
ejω(τ1−τn+1) . . . ejω(τn−τn+1)

]
(A.11)

A4 = Gs,s + σ2
u. (A.12)

Using the block matrix determinant lemma from above, we know that:

|Σn+1| = |Σn||Gs,s + σ2
u −A3Σ−1

n A2|. (A.13)

Using the closed form expression for Σ−1
n to be presented shortly, it can be shown that

A3Σ−1
n A2 = n|Gs,s|2

σ2
u+nGs,s

. Using this fact and the hypothesized determinant for Σn, we have

|Σn+1| =
(
(σ2

u)n + n(σ2
u)n−1Gs,s

)(
Gs,s + σ2

u −
n|Gs,s|2

σ2
u + nGs,s

)
(A.14)

=
(
(σ2

u)n + n(σ2
u)n−1Gs,s

)(
σ2

uGs,s + (σ2
u)2 + n|Gs,s|2 + nσ2

uGs,s − n|Gs,s|2
σ2

u + nGs,s

)

= (σ2
u)n−1

(
σ2

uGs,s + (σ2
u)2 + nσ2

uGs,s

)

= (σ2
u)n+1 + (n + 1)(σ2

u)nGs,s

which is the hypothesized expression for |Σn+1|, completing the proof by induction. ¥

Now it must be shown that the inverse of Σ has a closed form. Before doing so, the

following lemma is needed.

Lemma Σ2
� = Σ�Σ� = (M − 1)I + (M − 2)Σ� where M is the number of microphone
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signals and Σ� is as defined in Equation 3.32.

Proof First, calculate the values of the diagonal elements of Σ2
� :

[
Σ2
�
]
i,i

=
M∑

j=1,j 6=i

e−jω(ti−tj)ejω(ti−tj) = M − 1. (A.15)

The values of the off-diagonal elements are:

[
Σ2
�
]
i,j

=
M∑

k=1,k 6=i,k 6=j

e−jω(ti−tk)ejω(tj−tk) (A.16)

=
M∑

k=1,k 6=i,k 6=j

e−jω(ti−tj) (A.17)

= (M − 2)e−jω(ti−tj). (A.18)

Therefore, Σ2
� = (M − 1)I + (M − 2)Σ� . ¥

Theorem The inverse of ΣM is given by:

Σ−1
M =

|ΣM−1|
|ΣM | I − (σ2

u)M−2Gs,s

|ΣM | Σ� (A.19)

Proof We have the following:

Σ−1
M ΣM =

[ |ΣM−1|
|ΣM | I − (σ2

u)M−2Gs,s

|ΣM | Σ�

] [
(σ2

u + Gs,s)I + Gs,sΣ�
]

(A.20)

=
|ΣM−1|(σ2

u + Gs,s)
|ΣM | I +

|ΣM−1|Gs,s

|ΣM | Σ�

−(σ2
u + Gs,s)(σ2

u)M−2Gs,s

|ΣM | Σ� − (σ2
u)M−2|Gs,s|2
|ΣM | [(M − 1)I + (M − 2)Σ� ]

=
[ |ΣM−1|(σ2

u + Gs,s)− (M − 1)(σ2
u)M−2|Gs,s|2

|ΣM |
]

I

+
[ |ΣM−1|Gs,s − (σ2

u + Gs,s)(σ2
u)M−2Gs,s − (M − 2)(σ2

u)M−2|Gs,s|2
|ΣM |

]
Σ�

, aI + bΣ� .

It can be shown with straightforward algebra that a = 1 and b = 0 so that Σ−1
M ΣM = I. ¥
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Now that it was shown that |ΣM (ω)| does not depend on the delay vector τ , it can safely

be omitted from the optimization process. Therefore, the optimal ML delay vector τ̂ML

must maximize the following function:

f(τ ) = −1
2

∫ ∞

−∞
XH(ω)Σ−1

M (ω, τ )X(ω)dω (A.21)

= −1
2

∫ ∞

−∞

|ΣM−1(ω)|
|ΣM (ω)| XH(ω)X(ω)− (σ2

u)M−2Gs,s(ω)
|ΣM (ω)| XH(ω)Σ� (ω)X(ω)dω.

However, the first term in the integral and the constant factor 1
2 can be ignored because

they do not depend on τ . Therefore, the optimal τ̂ML maximizes:

φ(τ ) =
∫ ∞

−∞

(σ2
u)M−2Gs,s(ω)
|ΣM (ω)| XH(ω)Σ�X(ω)dω (A.22)

=
∫ ∞

−∞

(σ2
u)M−2Gs,s(ω)
|ΣM (ω)|

M∑

i=1

M∑

j=1

X∗
i (ω) [Σ� ]i,j Xj(ω)dω

=
∫ ∞

−∞

(σ2
u)M−2Gs,s(ω)
|ΣM (ω)|

M∑

i=1

M∑

j=1,j 6=i

Xi(ω)ejω(�i−�j)X∗
j (ω)dω

=
M∑

i=1

M∑

j=1,j 6=i

[∫ ∞

−∞

(σ2
u)M−2Gs,s(ω)
|ΣM (ω)| Xi(ω)X∗

j (ω)ejω(τi−τj)dω

]
.

Therefore, the maximum likelihood time delay estimator for a microphone array with M

sensors is:

τ̂ML = argmax
�∈RM

M∑

i=1

M∑

j=1,j 6=i

[∫ ∞

−∞

(σ2
u)M−2Gs,s(ω)
|ΣM (ω)| Xi(ω)X∗

j (ω)ejω(τi−τj)dω

]
. (A.23)

That is, the ML estimator is the sum of




M

2


 generalized cross correlation functions

between all pairwise combinations of microphones, each using the same weighting function:

W (ω) =
(σ2

u)M−2Gs,s(ω)
|ΣM (ω)| =

(σ2
u)M−2Gs,s(ω)

(σ2
u)M + M(σ2

u)M−1Gs,s(ω)
=

Gs,s(ω)
(σ2

u)2 + Mσ2
uGs,s(ω)

. (A.24)

For the case where M = 2, the result of [Knapp and Carter (1976)] is obtained.
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