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Abstract

We all know how much joy and freedom hands-free communication system has brought to our
daily life. But associated with this is the problem of acoustic echo which degrades the quality of
communication. A number of researches have been conducted in order to eliminate acoustic
echo. Most of the acoustic echo cancellers are made on the assumptions of the linearity of the
echo. However, this assumption is no longer valid when the nonlinearity along the echo path is
taken into account. This led to the invention of Nonlinear Acoustic Echo Cancellation (NLAEC)
techniques such as Volterra filters. However, in some situations, NLAEC is inferior to a linear
Acoustic Echo Cancellation (AEC), especially when the channel generates a negligible (or no)
nonlinear echo. In general, the ratio of the linear to nonlinear echo signal power is unknown a
priori, and will vary over time, thus making it difficult to know if NLAEC would improve or
degrade the cancellation. Therefore, in this thesis a convex combination of the linear and the
nonlinear Volterra filters is studied. Simulation has been carried out and the results indicate the
combination scheme follows the best contributing filter regardless of the nature of the echo.
Another important problem of AEC is the problem of double talk (DT) which occurs when both
parties talk at the same time. If DT is not controlled it results in diverging of the adaptive filter
coefficients and as a result audible echoes pass without being cancelled. In order to alleviate
this problem most DT controllers have been studied based on correlation of the available
signals. Since correlation is valid only for linear relationship; this assumption doesn’t hold when
the nonlinearity along the echo path is considered. Therefore, in this thesis mutual information
(MI1) based DT detection has been studied together with AEC. Simulation is carried out by
introducing a DT region and the results obtained indicate performance improvement of 97.06%

in terms of algorithm misalignment error (AME).

Key words: Acoustic echo, Convex Combination, Volterra, adaptive filters

ii|]Page
Convex Combination of Adaptive Linear FIR and Nonlinear Volterra Filters for Acoustic Echo Cancellation



List of Abbreviations

AEC Acoustic Echo Cancellation/Canceller
AES Acoustic Echo Suppression/Suppressor
AFC Adaptive Filter Coefficients

AME Algorithm Misalignment Error

AR Autoregressive

ARMA Autoregressive Moving Average

DT Double Talk

DTD Double Talk Detection/Detector
ERLE Echo Return Loss Enhancement
EMSE Excess Mean Square Error

FIR Finite Impulse Response

IR Infinite Impulse Response

LMS Least Mean Square

LNLR Linear to Nonlinear Ratio

LRT Log likelihood Ratio Test

MA Moving Average

MSE Mean Square Error

MI Mutual Information

NLAEC Nonlinear Acoustic Echo Cancellation
iii|]Page

Convex Combination of Adaptive Linear FIR and Nonlinear Volterra Filters for Acoustic Echo Cancellation



NLMS Normalized Least Mean Square

RIR Room Impulse Response
RLS Recursive Least Square
SM System Mismatch

ST Single Talk

iv|Page

Convex Combination of Adaptive Linear FIR and Nonlinear Volterra Filters for Acoustic Echo Cancellation



List of Figures

Figure Page
Figure 1.1: Evolutions of Telephone Handsets...........c.ooiiiiiiiiiii e 1
Figure 2.1: Sources of acoustiC @Ch0 IN @ T00M........oovi it il
Figure 2.2: Source of hybrid echo in telecommunication system..............cccociviii i iii e, 4
Figure 2.3: A 2-Wire to 4-Wire Conversion Hybrid Circuit.............cooovvvieiie i i, 5
Figure 3.1: Acoustic Echo Suppressor Block Diagram..........c.coeveiiivn i iiiiii e ee e 7
Figure 3.2: Adaptive Acoustic Echo Canceller Block Diagram.............coooiiiiiiiiiiiiinineenen, 8
Figure 4.1: Structure of FIR Linear FIlter. .. ... ..o e 12
Figure 4.2: Basic setup of Linear AEC Using Adaptive FIR Linear Filter........................... 14
Figure 4.3: Plot of Room Impulse Response (RIR) and Linear FIR Adaptive Filter Coefficients
(AFC) for number of IterationNS =2 ... . oi it e e e e e e e 17
Figure 4.4: Plot of Room Impulse Response (RIR) and Linear FIR Adaptive Filter Coefficients
(AFC) for number of Iterations =50 .........uiuiieiie it e e e e 17
Figure 4.5: Plot of Mean Square Error [Learning curve] for different number of iterations....... 19
Figure 4.6: Plot of Echo Return Loss Enhancement for different number of iterations............20

Figure 4.7: Plot of Room Impulse Response (RIR) and Linear FIR Adaptive Filter Coefficients

(AFC) for number of Iterations =50 ... ......uiuiiriie i e e 21
Figure 4.8: Plot of Mean Square Error [Learning curve] for number of iterations =50.............22
Figure 4.9: Plot of Echo Return Loss Enhancement for number of iterations =50.................. 19
Figure 5.1: Sources of nonlinearity in the acoustic echo path......................cocoie 024
Figure 5.2: Block diagram of adaptive second order Volterra filter...........................i....26
Figure 5.3: Architecture of Second order Volterra Filter............cooviiiii 27
Figure 5.4: Plot of Room Impulse Response (RIR) and Linear Volterra kernel response......... 31
viPage

Convex Combination of Adaptive Linear FIR and Nonlinear Volterra Filters for Acoustic Echo Cancellation



Figure 5.5: Plot of the nonlinear component of the acoustic echo to be identified by Volterra

QUAAIAIC KEINEL. ... . e e e e e e e et e e e 32
Figure 5.6: Plot of the Volterra quadratic kernel response after 50 iterations........................ 33
Figure 5.7: Plot of the MSE [Learning Curve] of Adaptive Second Order Volterra Filter.........34
Figure 5.8: Plot of Echo Return Loss Enhancement for different number of iterations............34

Figure 6.1: Block diagram of convex combination of linear FIR filter and second order Volterra

L L £ 37
Figure 6.2: Block diagram of Adaptive convex combination of linear FIR filter and second order
VOlterra fIEr FOr AEC . .. ...t e e e e e e e e e e e e 38
Figure 6.3: Evolution of the combination adaptation parameter.............c..coveiiiiiiiinenneen. 42

Figure 6.4: Plot of ERLE of the Linear FIR, Second Order Volterra Filter and their Convex
(@0 0] o] 181X o] o RO 1

Figure 6.5: Plot of EMSE of the Linear FIR, Second Order Volterra Filter and their Convex
(@0 0] o] 181X o] o e |

Figure 6.6: Evolution of the combination adaptation parameter................coocovveivnenneen45

Figure 6.7: Plot of ERLE of the Linear FIR, Second Order Volterra Filter and their Convex
(0] 013 F= LA o] o PR |

Figure 6.8: Plot of EMSE of the Linear FIR, Second Order Volterra Filter and their Convex

(0001301 o] [ 0T 1 o] 1 PP PUPRRPIY ¥
Figure 7.1: AEC with Double Talk Detector (DTD). ...cuvvri i eaea 50
Figure 7.2: Double Talk Region Detection using Ml for linear acoustic echo....................... 55
Figure 7.3: Algorithm misalignment error without DTD for linear AEC.............coceviivennn. 56
Figure 7.4: Algorithm misalignment error with MI based DTD for linear AEC..................... 56
Figure 7.5: Double Talk Region Detection using MI for Nonlinear acoustic echo.................. 57
Figure 7.6: Algorithm misalignment error with MI based DTD for linear AEC..................... 58
Figure 7.7: Algorithm misalignment error without DTD for linear AEC............cccoiviniinnnnn. 58
Figure 7.8: Algorithm misalignment error of quadratic kernel for nonlinear AEC with M1 based
D N 5 PP 59
vi|Page

Convex Combination of Adaptive Linear FIR and Nonlinear Volterra Filters for Acoustic Echo Cancellation



Figure 7.9: Algorithm misalignment error of quadratic kernel for nonlinear AEC without

vii|Page
Convex Combination of Adaptive Linear FIR and Nonlinear Volterra Filters for Acoustic Echo Cancellation



List of Tables

Table Page
Table 1: NLMS algorithmi. .. ... e e e e e e e e e e e e eea 13
Table 2: MSE and ERLE as a function of number of iterations................ccooviiii i, 20
Table 3: NLMS algorithm for second order Volterra filter.............cooooiiiiii i 29

viii|Page
Convex Combination of Adaptive Linear FIR and Nonlinear Volterra Filters for Acoustic Echo Cancellation



Chapter 1: Introduction

Chapter 1

Introduction

1.1. Need for Acoustic Echo Cancellation

When telephone was first invented people were forced to use both hands to make a telephone
conversation [1]. It was soon found that using both hands was inconvenient and other
telephone handsets were created which freed one hand. Nowadays, it's common to see most
people use both hands to perform other activities while talking on the phone using

loudspeakers and high gain microphones.

Figure 1.1: Evolutions of Telephone Handsets

The main problem of hands-free devices is that acoustic echo severely degrades the quality of
communication. Normally, people hear their own voices through air and bone conduction. This
feedback (or echo) is used by the speakers to adjust their volume. During telephone
conversations, people find it reassuring to hear an additional echo of their own voices through
the earpiece. This is a psychoacoustic phenomenon: most people would find the absence of an
echo disturbing, believing that if you cannot hear yourself, then the other person cannot hear
you either. However, an echo that is too loud or arrives too late can be annoying to the
speaker. The perceptual effects of an echo depend on the time delay between the incident and
reflected waves, the strength of the reflected waves, and the number of paths through which
the waves are reflected. If the echo is more than a few milliseconds long then it becomes
noticeable, and can be annoying and disruptive. In general, echoes with appreciable amplitude

and a delay of more than 1 ms are noticeable [2]. Provided the round-trip delay is on the order
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Chapter 1: Introduction

of a few milliseconds, echo gives a telephone call a sense of “liveliness”. However, echoes
become increasingly annoying and objectionable with the increasing round-trip delay and
amplitude in particular for delays of more than 20 ms. Hence echo cancellation is an important
aspect of the design of modern telecommunication systems such as conventional wire line

telephones, hands-free phones, cellular mobile phones, or teleconference systems.

1.2. Thesis Organization

The rest of the thesis is organized as follows: - In Chapter 2 the background information
regarding Acoustic Echo Cancellation (AEC) is given. In Chapter 3 the state of the art in AEC is
thoroughly investigated to find out what has already been done to combat echo problem and
the research motivation and objective of the thesis are defined. In Chapter 4 linear FIR filtering
and linear AEC are discussed and simulation results are also indicated for linear acoustic echo.
In Chapter 5 nonlinear filtering, in particular Volterra filtering, is discussed and how it is used to
cancel nonlinear echo is also indicated together with simulation results. In Chapter 6 convex
combination of adaptive linear FIR and Volterra filter for AEC is described. Simulation results
are also presented and discussed. In Chapter 7 DTD (Double Talk Detector) based on Mutual
Information (M) is discussed and also how it can be applied to detect the presence of near-end
speech in AEC scenario is shown. In Chapter 8 conclusions of what has been observed in this
thesis is given and also recommendations for future research is indicated. Finally, References

and Appendix are also included at the end of the document.
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Chapter 2: Background Information

Chapter 2

Background Information

Echo is the repetition of a waveform due to reflection from points where the characteristics of
the medium through which the wave propagates changes. Echo is usefully employed in sonar
and radar for detection and exploration purposes. In telecommunication, echo can degrade the
quality of service, and echo cancellation is an important part of communication systems. The
development of echo reduction began in the late 1950s, and continues today as new integrated
landline and wireless cellular networks put additional requirement on the performance of echo
cancellers. There are two types of echo in communication systems: acoustic echo and

telephone line hybrid echo (or electric echo) [2].

2.1. Acoustic Echo

Acoustic echo results from a feedback path set up between the speaker and the microphone in
a mobile phone, hands-free phone, teleconference or hearing aid system. Acoustic echo may be
reflected from a multitude of different surfaces, such as walls, ceilings and floors, and travels
through different paths as indicated in Figure 2.1. If the time delay is not too long then the
acoustic echo may be perceived as a soft reverberation, and may add to the artistic quality of
the sound. Concert halls and church halls with desirable reverberation characteristics can
enhance the quality of a musical performance. In its worst case, acoustic feedback can result in
howling if a significant proportion of the sound energy transmitted by the loudspeaker is

received back at the microphone and circulated in the feedback loop.
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Chapter 2: Background Information

Loudspeaker

Reflected sound

Microphone
Figure 2.1: Sources of acoustic echo in a room

2.2. Hybrid (Electric) Echo

Telephone line echoes result from an impedance mismatch at telephone exchange hybrids
where the subscriber's 2-wire line is connected to a 4-wire line as in Figure 2.2 below. In the
early days of expansion of telephone networks, the cost of running a 4-wire line from the local

exchange to subscribers’ premises was considered uneconomical.

Figure 2.2: Source of hybrid echo in telecommunication system
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Chapter 2: Background Information

Hence, at the exchange the 4-wire truck lines are converted to 2-wire subscribers local lines
using a 2/4-wire hybrid bridge circuit as in Figure 2.3 below. At the receiver due to any
imbalance between the 4/2-wire bridge circuits, some of the signal energy of the 4-wire circuit

bounces back towards the transmitter, constituting an echo signal.

El=
E ]|

I —

Figure 2.3: A 2-Wire to 4-Wire Conversion Hybrid Circuit

Compared to hybrid echo, acoustic echo has a higher power level and a longer echo path that is
also time-varying. Therefore, removing acoustic echo is more challenging than removing hybrid
echo. In fact, hybrid echo may be regarded as a special case of acoustic echo where the echo

path is short and time-invariant. This thesis focuses only on the control of acoustic echoes.
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Chapter 3

State of the Art in Acoustic Echo Cancellation

Ever since people noticed the presence of appreciable amount of acoustic echo posed annoying
experience during communications, experts in the area of communication have been trying to
combat the problem as early as 1950s [2]. In this chapter we will see what has been done to

alleviate the threat posed by echo in telecommunications.

3.1. Acoustic Echo Suppression (AES)

The development of echo reduction began in the late 1950s with the advent of echo
suppression systems. AES is an intuitive and straightforward approach to suppress acoustic
echo. It uses various devices to control the instantaneous levels of receive and transmit
channels. One of the most commonly used AES technique is voice controlled switching. It
changes the insertion loss (i.e., negative gains) between both channels according to the
direction of main activity, as illustrated in Figure 3.1. In order to suppress acoustic echo, a large
loss is placed in the return path when only the far-end speaker is talking. When the second
speaker at the near-end begins talking simultaneously with the first speaker (this situation is
called double-talk), the inserted loss must be reduced so that the speech of the second speaker
is not prevented from reaching the first speaker. This adjustment causes the acoustic echo to
be attenuated to some extent [3]. In the use of voice controlled switches with high attenuation,
a “comfort noise” is often added to simulate a background noise so the users know that the

communication is still on-going.
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Chapter 3: State of the Art in Acoustic Echo Cancellation

From Far-end -
.| Transmit

v

Gain

|

Control

Unit Nearend
. Receive | : ‘ /
- Gain h P a—

To Far-end

Nearend speech, v(n)

Figure 3.1: Acoustic Echo Suppressor Block Diagram

Echo of speech often has a smaller amplitude level than the speech signal, but otherwise it has
mainly the same spectral characteristics and statistics as those of the speech [2]. Therefore, the
only basis for discrimination of speech from echo is the signal level. As a result, the
speech/echo classifier (control unit) may wrongly classify and let through high-level echoes as
speech, or attenuate low-level speech as echo. Although AES is simple in structure and not
computationally demanding, it has various drawbacks such as speech clipping, frequent loss of
syllables as adjustable gains are turned on, user fatigue resulting from the need to synchronize
the conversation. These drawbacks led people to look for other methods and a while later they

discovered acoustic echo cancellation methods which is described as follows.

3.2. Acoustic Echo Cancellation (AEC)

AEC is a superior method in which an adaptive filter is used to produce a replica of the acoustic
echo signal y(n). This replica is then subtracted from the microphone signal, d(n) prior to its
transmission over the communication network so that the acoustic echo is removed. Figure 3.2

below shows the principle of AEC with an adaptive filter.
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x(n)

Nearend

G-

d(n) = v(n) + echo + noise

Nearend speech, v(n)

Figure 3.2: Adaptive Acoustic Echo Canceller Block Diagram

Acoustic echo cancellers can be deployed centrally at telecom operators’ station for economical
reasons or at every hands-free device in order to prevent the acoustic echo produced by that
device from transmitting to the other end. AEC is essentially a system identification problem
where the Autoregressive Moving Average (ARMA) model can be employed to identify the
unknown linear system. In practice, a Finite Impulse Response (FIR) adaptive filter (based on
the Moving Average (MA) model) is usually employed in AEC to synthesize the estimated
acoustic echo. Infinite Impulse Response (lIR) adaptive filters (based on either the
Autoregressive (AR) or the ARMA model) are not as commonly used since they have
convergence and stability problems and they do not show obvious advantages over FIR filters
[12]. As a result most researchers suggested linear FIR adaptive filtering using common
adaptation algorithms such as LMS or RLS as it is necessary to track the time varying nature of
the echoes [4, 5]. It wasn’t enough only to implement adaptive acoustic echo canceller as there
were other main challenges of AEC caused by the following [11]:

i. The acoustic echo path is long. For instance, it can be several hundred milliseconds for a

typical office room.
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Chapter 3: State of the Art in Acoustic Echo Cancellation

ii. Speech is a highly correlated and non-stationary signal.
To deal with the first challenge, an FIR filter with many tap length adaptive filter is used to
compensate the long echo path. This results in high computational cost even for the simplest
AEC algorithms, such as the normalized least-mean-square (NLMS) algorithm [13]. In order to
reduce computational complexity, methods such as subband adaptive filtering [14, 15] and
partially updating the adaptive filter coefficients [16, 17] have been developed. To deal with the
second challenge, adaptive filters with faster convergence such as the affine projection
algorithm [18] and its fast version, fast affine projection algorithms [19] have been developed.
Most works on AEC assume that the echo path can be modeled as a slowly time-varying linear
system. However, this assumption is no longer valid when nonlinear components along the
echo path are taken into account. Major nonlinearities of the echo path may be caused by low-
quality loudspeakers and overdriven amplifiers. As a result some researchers developed a
nonlinear adaptive filtering approach such as nonlinear Volterra adaptive filter to alleviate the
problem [6, 7]. However, in some situations, a nonlinear AEC is inferior to a linear AEC,
especially when the channel generates a negligible (or no) nonlinear echo.
The other most important challenge for AEC is double talking situation. If double talk occurs
and there is no control mechanism it will make the adaptive filter diverge and audible echoes
may pass without being cancelled. A number of researches based on correlation of the available
signals [29, 30, 31, and 32] have been carried out in order to tackle this problem. However,
since correlation captures only the linear relationship between any two random variables it is
no longer valid for nonlinear AEC.
3.3. Research Question
We have seen from the foregoing discussion that a number of researches have been conducted
in order to eliminate acoustic echo. Most of the acoustic echo cancellers are made on the
assumptions of the linearity of the echo. However, this assumption is no longer valid when the
nonlinearity along the echo path is taken into account. This led to the invention of Nonlinear
Acoustic Echo Cancellation (NLAEC) techniques such as Volterra filters. However, in some
situations, NLAEC is inferior to a linear Acoustic Echo Cancellation (AEC), especially when the

channel generates a negligible (or no) nonlinear echo. In general, the ratio of the linear to
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nonlinear echo signal power is unknown a priori, and will vary over time, thus making it difficult
to know if NLAEC would improve or degrade the cancellation.

Therefore, it is necessary to find a method which can integrate both linear and nonlinear
adaptive echo cancellation schemes and favor the appropriate one depending on the nature of
the echo path i.e,, linear or nonlinear.

We have also seen that there is a need to implement a good DTD which is robust for both linear

and nonlinear acoustic echo.

3.4. Objective of the Thesis

3.4.1. General Objective

In the problem statement we have seen that there is a need to find a scheme which can
integrate both linear and nonlinear filters and favor one of the two depending on the echo
path. Therefore, convex combination of adaptive filters which offers a better tradeoff when
compromising nature of filters is involved is studied in this thesis. Together with the convex
combination scheme, the problem with DT situation is also solved by implementing Mutual
Information based DTD.

3.4.2. Specific Objectives

Therefore, the specific objectives of this thesis are:-

» To design adaptive linear FIR filter for linear AEC

» To design adaptive nonlinear Volterra filter for nonlinear AEC

» To design adaptive convex combination of linear FIR and nonlinear Volterra filters

» To design Ml based DTD to combat the DT situation
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Chapter 4

Finite Impulse Response (FIR) Linear Adaptive Filters

4.1 Introduction

As explained before, acoustic echo originates from the coupling between the loudspeaker and
the microphone of the hands-free device. Random sound fields composed of direct and
reflection waves provide a fundamental model for a finite impulse response (FIR) system [41].
The impulse response of this linear system is the superposition of several delayed and
attenuated pulses. In practice, due to continual changes in the acoustic environment (e.g.,
persons/objects moving), the impulse response is a complicated function of time and the
corresponding linear system is time-variant. In this section we will see how adaptive linear FIR
filters are used to eliminate the linear echo.

Among digital signal processing operations, linear filtering is probably the most common and
important one. It is called adaptive if its parameters, the coefficients, are varied according to a
specified criterion as new information becomes available. The updating has to follow the
evolution of the system environment as fast and accurately as possible, and, in general, it is
associated with real-time operation. It’s is this behavior of FIR adaptive filters that makes them

most appealing to AEC.

4.2. Linear Adaptive Filters

A linear adaptive transversal filter is shown in Figure 4.1, where z~! represents a unit delay. It
is based on an FIR filter structure which is inherently stable, as opposed to IIR filters, and
therefore is commonly used in practice. In order to discuss linear adaptive filtering algorithms
suitable for AEC, it is necessary to first define the far-end speech signal vector x,, and the

adaptive filter coefficient vector w,,:
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X = [x(1), (1 = 1), e, X( = N A 1)) T ottt 4.1

Wy = [Wo (1), W1 (1), eee, W1 (T) ] ettt st 4.2

where N is the length of the adaptive filter, n is the index of the discrete time and T denotes the

transposition operator.

x(n)

e(n)

Adaptation

Algorithm

Figure 4.1: Structure of FIR Linear Filter

Where:-

» x(n) represents the input signal sequence to the filter and in our case far-end speech

» d(n) is the desired signal or the reference signal to the adaptive filter

» y(n) is the filter output to match the desired response

» e(n) isthe error signal or the difference between the desired signal and filter output

In Figure 4.1 the FIR linear adaptive filter works in such a way as to minimize the mean square
error rather than the error itself, using stochastic gradient decent algorithms. In the following

section one such algorithm- the NLMS algorithm is discussed.
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4.2.1. The normalized least-mean-square (NLMS) algorithm

NLMS is one of the most popular algorithms for AEC due to its simplicity of implementation, low
computational complexity, and robust behavior. The computational complexity of NLMS is
O(2N) operations per sample (OPS), where one operation is defined as one real multiplication
plus one real addition [43].

The normalized least-mean-square (NLMS) algorithm [43] which has the following form:

NLMS Algorithm

Step 1: Initialization
w=0
Step 2: Recursion

forn=1to N do

e(n) =d(n) —wlix,

_ 2pxy,
Wni1 = Wn + /(x,Tl*xn+6)

end

Table 1: NLMS algorithm

The step-size u controls the convergence behavior of the algorithm: the larger the value of u,
the faster the algorithm converges, but this would also cause a greater misadjustment (i.e.,
larger residual error signal e(n)) in steady-state. For the algorithm to be stable, 4 must be
chosen from 0 < u < 2. The small positive constant § is introduced in order to prevent the

denominator from being too small when the power of the input signal x(n) is very low.
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4.3. Performance Measures

In order to define performance measure for the AEC, it’s necessary first to understand what is

required of the AEC.

Farend Speech, x(n)

Nearend

y(n)
e(n) vy B d(n) = v(n) + echo(n) + noise(n)

A

<4+—

Nearend speech, v(n)

Figure 4.2: Basic setup of Linear AEC Using Adaptive FIR Linear Filter

In Figure 4.2 above we have:-

» Far-end Speech, x(n)

» Near-end Speech, v(n)

» Background noise, noise(n)

» Desired Signal, d(n) = v(n) + echo(n) + noise(n)
» echo, the room impulse response

» Adaptive FIR Filter Response, y(n)

> Residual Error, e(n) = d(n) — y(n)
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Now having observed the available signals, it’s desirable that a good AEC has to produce y(n)
very close to d(n) or minimize e(n) such that the echo is cancelled before it reaches the far-

end speaker. According to the above idea the following performance measures are defined:

4.3.1. Echo Return Loss Enhancement (ERLE)
In order to evaluate the performance of an echo canceling system, the ratio of the expected

value of the microphone output squared, E{d?(n)}, divided by the expected value of the error
signal squared, E{e?(n)},is monitored. This quantity, in dB is called the Echo Return Loss

Enhancement or ERLE [44]:

E{d*(n)}

ERLE(TI) 10 10g10 E{ez—(n)} et wer aes ea wes war wee es ses was was ees es ses s aws ses wes war ees aee wes wes was aees

4.3

Where d(n) and e(n) are as defined above.

This quantity indicates the amount of echo being cancelled after every sample and the greater
its value the better our system performs. According to the ITU-T recommendation G167 for
acoustic echo controllers [23], ERLE from 30dB to 40dB at steady state and noise free

measurement scenario is good.

4.3.2. Mean Square Error (MSE)
The MSE is a measure of how the algorithm converges to the true value in a mean square sense

and is given as follows:
MSE (1) = E{(1)%} oo ot et et et et e e et et et et et et et et e e et e et e e et ern v e e eer o D

This measurement helps us to see if our system model is indeed minimizing the error and it is

sometimes called the learning curve of the algorithm.

4.3.3. Algorithm Misalignment Error (AME)
The coefficient based measure, referred to as algorithm misalignment error (AME) or system

mismatch (SM) [44], is defined by the ratio of the Euclidean norm of the coefficient error vector
and the Euclidean norm of the coefficient vector h of the system to be identified. It measures
the adaptive filter’s coefficients ability to converge to the true value at steady state.
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llw— hl?

AME = 45
A2

Where: - w is an adaptive filter coefficient after steady state
h is the room impulse response to be approximated by the adaptive filter

Another important property of the AME is that it does not depend on the statistics of the input
signal. Therefore, it represents a reliable performance criterion for adaptive filtering in system
identification, especially if highly colored and non-stationary inputs are involved. Obviously, the
computation of the AME requires complete knowledge of the echo path h. Thus, a
performance evaluation via AME is only applicable in computer simulations, where all

guantities of interest are accessible.

4.4. Simulation Results
4.4.1. Experimental Setup
To verify the performance of the linear FIR adaptive filter using NLMS algorithm for AEC

simulation is carried out using Matlab with the following settings:

» Two kinds of far-end speeches are used as filter input to test the robustness of the AEC for
varying degrees of non-stationarity.
v' ‘Melkamledet’ music is less non-stationary
v ‘farspeech’ speech signal is more non-stationary
» The room impulse response is generated using the common image method [20] with delay
of 250ms which is typical for average sized conference room.
» The FIR filter length is set to 2000 which has ideally to be the same as the product of the
room impulse response length or echo delay and the sampling frequency, fs (=delay*fs).
» The step size (4) for the NLMS algorithm is chosen as 0.45 to obtain a better tradeoff
between tracking speed and convergence.
» Different number of iterations is considered.
» In this section only single talk situation is considered that is near-end speaker is assumed to
be silent, v = 0.
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» No background noise is assumed as there is no standard set yet for achievable ERLE

according to [23].

4.4.2. Results
In this section we will discuss simulation results for the foregoing simulation setup

environment.

‘Melkamledet’ music input as far-end speech, x(n)

i.  Algorithm Misalignment Error (AME)

RIR and Adaptive Filter Coefficients
0.2 T T I ]

i i i —RIR
: : : ——— AFC[iter=2] |

0.15

0.1 Fh-qdlt o= ----- de i I de i R _

0.05 T OO FEEPRSSRLLERES o -

Amplitude

0 0.05 0.1 0.15 0.2 0.25
Time [sec]

Figure 4.3: Plot of Room Impulse Response (RIR) and Linear FIR Adaptive Filter Coefficients

(AFC) for number of iterations =2.
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RIR and Adaptive Filter Coefficients
02 I I I I
! ! —RIR
— AFCJiter=50] U

0.15

04 bg-qd-------- d e I de e R _

0.0 (LR -1 oo AU S A i

Amplitude

0 0.05 01 015 02 0.25
Time [sec]

Figure 4.4: Plot of Room Impulse Response (RIR) and Linear FIR Adaptive Filter Coefficients

(AFC) for number of iterations =50.

In Figures 4.3 and 4.4 above we see that the AME which is given by equation (4.5) decreases
from 0.034 to 5.87e™. It shows a great improvement in the adaptive FIR algorithm’s capability
to match the true room impulse response as the number of iterations is increased. However,
we cannot increase the number of iterations indefinitely since it could cost us in terms of
memory and computational time (two OPS is required for every iteration for NLMS algorithm).
In the following results we will see how much iteration would be enough in terms of the
improvement achieved by increasing the number of iterations and the associated

computational cost.
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ii. Mean Square Error (MSE)

In this experiment six different iterations (iterations =2, 10, 30, 50, 60 and 100) are considered

and the results are plotted for MSE (Figure 4.5) and ERLE (Figure 4.6) as a function of number of

iterations.
<107 Mean Square Error[Leaming Curve]
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Figure 4.5: Plot of Mean Square Error [Learning curve] for different number of iterations.

In Figure 4.5 above we see that, as expected, we have for all iterations the mean square error
decreasing as more and more samples are introduced into the filter. But, as can be seen from
Table 2 below for number of iterations 50 and above we do not gain much improvement while
the computational cost keeps on increasing as the number of iterations is increased. For NLMS
algorithm we have seen that the there are 20PS. In Figure 4.6 we see that as the number of
iterations is increased from 2 to 100. Table 2 below indicates the achievable improvement in

terms of MSE and ERLE as the number of iterations is increased.
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iii. Echo Return Loss Enhancement

Echo Return Loss Enhancement
40 ] —

ERLE [dB]

Figure 4.6: Plot of Echo Return Loss Enhancement for different number of iterations

No. | No. Iterations | Average MSE Difference | Average ERLE | Difference
1 2 3.56e-005 (-44.49dB) | -7.62dB 20.34dB 4.81dB
2 10 6.15e-006 (-52.11dB) 25.15dB

-1.29dB 0.96dB
3 30 4.56e-006 (-53.40dB) 26.11dB

-0.14dB 0.10dB
4 50 4.43e-006 (-53.54dB) 26.21dB

-0.02dB 0.02dB
5 60 4.40e-006 (-53.56dB) 26.23dB

-0.04dB 0.03dB
6 100 4.36e-006 (-53.60dB) 26.26dB

Table 2: MSE and ERLE as a function of number of iterations
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In Table 2 above we see that when number of iterations is increased from 2 to 50, we have MSE
reduction of -7.62dB to —0.14dB and ERLE improvement of 4.81dB to 0.10dB; but when the
iteration is increased from 50 to 100, MSE reduction of only -0.02dB to -0.04dB and ERLE
improvement of only 0.02dB to 0.03dB. From the above values what we see is that the number
of iterations equal to 50 is worth the improvement in MSE reduction and ERLE compared to the
computational cost it brings, whereas iterations above 50 do not provide enough
improvements compared to the computational cost they bring. We know from previous
discussions that NLMS has computational cost of 20PS. Therefore in this thesis number of
iterations considered is 50 for all simulations.
Il. ‘farspeech’ speech signal input as far-end speech, x(n)
i. Algorithm Misalignment Error (AME)

Here, as discussed above, we will only plot the simulation results for the number of iterations

equal to 50.
RIR and Adaptive Filter Coefficients
02 : : : '
: : : RIR
1 L S s ey AFC[iter=50] Y
O] M E— S T S -
0.0 [ -4 FAic b AR - A _
- . . .
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E
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-0.05 HW Wil 9 - R kb -k gmm e o BRRERRE b —
AME=T.08e-3
DA I -
5 -
02 ] ] ] ]
0.05 0.1 0.15 02 0.25

Time [sec]
Figure 4.7: Plot of Room Impulse Response (RIR) and Linear FIR Adaptive Filter Coefficients

(AFC) for number of iterations =50
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As it has been already mentioned in the Experimental setup (Section 4.4.1) the results from
Figure 4.7 to Figure 4.9 are plotted here for sake of proving our model can be implemented to
different kinds of input speeches. In Figure 4.7 we see that the matching between the true RIR
and our AFC is almost perfect (i.e., AME is only 7.08¢%) that the RIR (red) and AFC (blue) are
barely separable.

ii. Mean Square Error (MSE)

x107° Mean Square Ermror[Learning Curve]
'd' I I I I I
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3__ _______ . . . . . —
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E
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Figure 4.8: Plot of Mean Square Error [Learning curve] for number of iterations =50.

Here, in Figure 4.8, we see that the MSE decreases as more and more samples are introduced
into the system. This is similar to the result we obtained for the first kind of input speech
(Figure 4.5) which indicates our system is not sensitive to the nature of the input.

In Figure 4.9 also we see the same thing in terms of ERLE as in Figure 4.6 except we have breaks

here which are speech silent periods.
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iii. Echo Return Loss Enhancement

Echo Return Loss Enmhancement

-40

ERLE [dB]

-60

-80

-100

120 I I | I I
0] L i

Figure 4.9: Plot of Echo Return Loss Enhancement for number of iterations =50.

4.4.3. Discussion
In Figure 4.3 and Figure 4.4 we see that when the number of iterations increases from 2 to 50

the AME decreases from 0.034 to 5.87e~* which confirms that generally, by increasing the
number of iterations we can improve the performance of our adaptive FIR linear filter. In Figure
4.5 we see that the MSE also decreases when the iteration is increased and finally in Figure 4.6
we see that the ERLE increases as the number of iterations is increased. The same thing holds
for the second type of input that is the real speech signal which indicates our echo canceller is
robust for different kind of input signals. In conclusion, even if we can achieve a better
performance by increasing the number of iterations, after certain number of iterations the
achievable improvement is not worth the additional computational cost incurred by increasing
the number of iterations. In this simulation 50 is found to be a good value for number of
iterations as discussed above. Most importantly, in both of the above cases (in Figure 4.6 and
Figure 4.9) that is for different types of filter input, our AEC performs well to the standard
which as discussed earlier states the achievable ERLE has to be between 30dB to 40dB

according to [23]. In the next Chapter we will discuss the NLAEC using nonlinear Volterra filter.
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Chapter 5

Adaptive Nonlinear Volterra Filters for Nonlinear AEC

5.1. Introduction

While linear filters have been used widely in engineering, many problems are inherently
nonlinear and may better be addressed by nonlinear solutions. Acoustic Echo cancellation is
also one of those problems when the nonlinearity is considered in the echo path. In this section
we will first discuss the possible nonlinearities in the echo path and then the adaptive Volterra

filter for cancelling nonlinear acoustic echo.

5.2. Sources of Nonlinearities in Acoustic Echo

For the design of nonlinear echo cancellers, it is essential to have sufficient knowledge about
the properties of the underlying physical echo path. It turns out that the loudspeaker and its

amplifier constitute the main sources for nonlinear distortion [22].

D :
A

v

echo

A

AR

A

Figure 5.1: Sources of nonlinearity in the acoustic echo path
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Figure 5.1 above shows the basic components of an acoustic echo path that is common for
hands-free telephone sets or mobile phones. The respective signal path is a cascade of digital-
to-analog (D/A) converter, amplifier, loudspeaker, microphone, microphone preamplifier, and
analog-to-digital (A/D) converter. Additionally, it comprises the acoustic propagation path of

the speech signal between loudspeaker and microphone.

5.3. The Volterra Filter

The Volterra series model is the most widely used model for nonlinear systems for several
reasons. In particular, this model is useful for nonlinear adaptive filtering because the classical
formulation of linear adaptive filters can be easily extended to fit this model [21]. The Volterra
series expansion of a nonlinear system consists of a non recursive series in which the output

signal is related to the input signal as follows (see Figure 5.3)

Y00 = D woratk = 1) + Y woally L)x(e = 1) 2k — )
Iy L I

oo o oo

£ Woall Lo 1)xCk = 1) x(k = )x(k — 1)

L L I3

where wy;(l4,15,...,1;), fori = 0,1,...,00, are the coefficients of the nonlinear filter model
based on the Volterra series, and y(k) represents, in the context of system identification
application, the unknown system output when no measurement noise exists. The term
Woi(ly, 15, ..., 1;), is also known as the Volterra kernel of the system. As discussed in [21], the
Volterra series expansion can be interpreted as a Taylor series expansion with memory. As
such, the Volterra series representation is not suitable to model systems containing
discontinuities on their models, as occurs with the Taylor series representation of functions
with discontinuities. Another clear drawback of the Volterra series representation is the
computational complexity, if the complete series is employed. However, by truncating the
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series one can reduce the computational complexity by sacrificing the accuracy of the series
expansion. With reduced order, the Volterra series representation is quite complex even when
the orders of the series and the filter are moderate. Therefore, in this thesis only second order

Volterra filter is considered.

5.4. Adaptive Second Order Volterra Filter

As it has already been discussed what made Volterra filters most appealing in nonlinear filtering
is the ease to extend the adaptive linear filtering theory in a straight forward manner to the
Volterra model. Now, before we see how the NLMS algorithm is extended to Volterra filter let’s

first see how the adaptation is achieved in second order Volterra filter.

i / Yy (n)
Linear Kernel d(n)

x(n) Hy(n) yv(n)

A 4

Quadratic Kernel -

A 4

Hyo(m) Yoo () e(n)

Figure 5.2: Block diagram of adaptive second order Volterra filter

where Hy,; is linear Volterra kernel

Hy, is quadratic kernel

yvi, and yyq are the linear and quadratic kernel outputs respectively
In Figure 5.2 above, the second order Volterra filter has both the linear kernel, Hy; and
nonlinear kernel, Hyy which constitute the second order Volterra filter. The desired signal
d(n), the acoustic echo which has both linear and nonlinear components in our case,
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constitutes the reference signal for the Volterra filter and the Volterra filter replicates the echo
(that is in the form of y,(n) ) by the help of the error signal, e(n) which is the difference

between the reference signal, d(n) and the Volterra filter output, y,(n). This way the

adaptation continues until the error reaches to a required level.
5.5. Implementation of Second Order Volterra Filter
In this Section, the Volterra NLMS algorithm is presented for a second-order series and Nth-

order filter. This choice reduces the computational complexity to an acceptable level for some

applications such as AEC and also simplifies the derivations.

x(n) Wo1(0) y(m)
v T > A
z wo1(1)

>+
=
(2)
! }”L ‘
>+
wy2(0,0)
= ©
0,1
’:‘ wo2(0,1) Q
0,2
] ’:‘ Wo2(0,2) Q
wo2(1,1)
= ®
— wo2(1,2)
— ©
¢ Wo2(2,2)

Figure 5.3: Architecture of Second order Volterra Filter
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Now, from Figure 5.3 above the adaptive filter that estimates the signal y(k) using a truncated

Volterra series expansion of second order, can be described by
y(k) = {\izo WOl(ll)x(k - ll) + Zﬁ=0 Zﬁ:o WOZ(lll lz)x(k - ll) X(k - lz) e e D2

where wy;(l4,1;), fori = 0,1,...,N, are the coefficients of the nonlinear filter model based
on the second-order Volterra series expansion, and y(k) represents the adaptive filter output

signal. Now, if X (k) is interpreted in the following way

x(k)
x(k—1)

x(k — N)
x? (k)
x(K)x(k—1)

X(K) = L ettt s 5.3

x(K)x(k — N)

x(k = Nx(k = N + 1)
22k — N)

And the filter coefficients are interpreted in the following way

28| Page
Convex Combination of Adaptive Linear FIR and Nonlinear Volterra Filters for Acoustic Echo Cancellation



Chapter 5: Adaptive Nonlinear Volterra Filters for Nonlinear AEC

wo (k)
w; (k)

WN.(k)
Wo,0 (k)

W0,1(k)
w(k) = [ eeeereerereerrer ettt ettt et a et et a et et a et et e et s et aeasas et ntsas et aeteas et st saserteteaeene 5.4

wo ()

WN,N.—l(k)
L WN N (k) |

We have the filter output, y(k) as follows
POK) = W R)X(K) oottt ees e e s ees s ses s ensens s e s s s sssensns 5.5

The NLMS algorithm can also be implemented as follows

Second Order Volterra NLMS Algorithm

Initialization
w(0)=1[00..0]7

Dofork =0
e(k) =dk) — X" (k)w(k)

[ UL 00 0 7
0 00 - 0
(k + 1) (k)+2(()) gL o Oo e (k)X (k)
vk IXT (k)X (k)|
0 00 0
L0 00 Uyr

Table 3: NLMS algorithm for second order Volterra filter
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In the above algorithm we see that the linear kernel and the quadratic kernel use different
adaptation step sizes. This is important because the same step size for the two kernels may not

guarantee convergence for both of them at the same time.

5.6. Simulation Setup

To verify the performance of the second order Volterra filter for nonlinear acoustic echo

cancellation simulation is carried out using NLMS algorithm with the following settings:

» Here only one kind of far-end speech input is considered because we have seen the

algorithm can be implemented successfully for any type of input signal.
v ‘Melkamledet’ music is used as far-end speech input, x(n)

» The room impulse response is generated using the common image method [20] with delay
of 250ms as before.

» The quadratic kernel used is a 4X4 matrix as indicated in [21].

» The filter length for linear kernel is set to 2000 as before.

» The step size () for the linear kernel is chosen as 0.45 and for the quadratic kernel is 0.01to
obtain a better tradeoff between tracking speed and convergence.

» Number of iterations considered is 50 which is found to be a good tradeoff between
computational cost and accuracy.

» Here also only single talk situation is considered that is near-end speech is assumed to be

zero (the near-end speaker is silent), v = 0.

5.7. Results

In this section we will discuss simulation results for the foregoing simulation setup environment

as follows
Algorithm Misalignment Error (AME)

Here, unlike the linear adaptive FIR filters, the second order Volterra filter has two kernels: - the

linear and nonlinear (the quadratic kernel), therefore we will see the AME for both kernels.
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A. Volterra linear kernel
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Figure 5.4: Plot of Room Impulse Response (RIR) and Linear Volterra kernel response

In Figure 5.4 above we see that the Room Impulse Response (RIR), in red color and the
response of the linear kernel of the adaptive second order Volterra filter in blue color match
with the AME of only 8.02e-04 which together with the quadratic kernel results in a good (to
the standard) ERLE as indicated in Figure 5.8.

B. Volterra quadratic kernel

As explained in the simulation setup, Figure 5.5 below indicates the measured loudspeaker

nonlinear response which is a 4x4 matrix.
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Unknown Second Order Loudspeaker Response to be Estimated by AVE

Magnitude

Quadratic Kernel Length LI

Quadratic Kemel Length

Figure 5.5: Plot of the nonlinear component of the acoustic echo to be identified by Volterra

qguadratic kernel.

We know that in the Volterra second order filter the second order term is responsible for
eliminating the nonlinear terms in our echo. Figure 5.6 below indicates the response of the
guadratic kernel of the nonlinear second order Volterra filter which cancels out the nonlinear
measured loudspeaker response of Figure 5.5. As indicated in the Figure 5.6 the AME is only
3.49e-05 which is a good result as it leads to a good (to the standard) ERLE which is indicated in

Figure 5.8.
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Estimated AF Second Order Volterra Quadratic Kemels

==

Magnitude
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Quadratic Kernel Length 1 Quadratic Kernel Length

Figure 5.6: Plot of the Volterra quadratic kernel response after 50 iterations.

IL Mean Square Error (MSE)

In Figure 5.7 below the MSE or the learning curve for the algorithm indicates that the MSE
decreases as more and more samples are being introduced. Initially, we have large error (echo)

but it decreases as more samples are introduced or as the speech progresses in our case.
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x 107 Mean Square Error[Learning Curve]
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Figure 5.7: Plot of the MSE [Learning Curve] of Adaptive Second Order Volterra Filter

. Echo Return Loss Enhancement(ERLE)
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Figure 5.8: Plot of Echo Return Loss Enhancement for different number of iterations.
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5.8. Discussion

» Here the same kind of conclusions is drawn as that of the linear FIR adaptive filter, that is,
we managed to cancel the echo with AME of only 8.02e™ for the linear kernel. Additionally,
we have the added quadratic kernel which is used to cancel the nonlinear echo and in
Figure 5.6 we see that we have only AME of 3.49¢~°. These results are good results as they
lead to ERLE enhancement which is well above the standard by 10dB on average.

» The other most important point is that in Figures 5.8 we see that the steady state value for
the ERLE is between 40dB to 50dB which is well above the standard requirement (between

30dB and 40dB).
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Chapter 6

Convex Combination of Adaptive Linear and Nonlinear Volterra

Filters for AEC

6.1. Introduction

In recent years, nonlinear acoustic echo cancellation (NLAEC) schemes have become
increasingly important due to the popularity of hands-free devices and mobile phones that use
low-cost amplifiers and loudspeakers introducing significant nonlinearities into the acoustic
echo path. Adaptive Volterra filters are widely used for NLAEC because of their generic
structure, which can be considered as a straightforward generalization of linear adaptive filters
[21].

Although Volterra filters decrease the residual nonlinear echo, they may not always be superior
to a plain linear filter: For instance, if the echo cancellation scenario presents a low level of
nonlinear echo, non-negligible gradient noise produced by the adaptation of second and higher
order kernels degrades the performance of the NLAEC, so that the use of a simple linear
adaptive filter would be more efficient. Note that, in general, the power of nonlinear echo is
unknown, and will be time-varying for nonstationary signals like speech. Thus, the selection of
the most effective adaptive filter, linear or Volterra is not a trivial problem since it requires a
priori knowledge about the echo channel and the signal statistics.

A combination of filters constitutes an interesting way to mitigate different kinds of
compromises involving adaptive filters [9, 24]. In this approach two or more adaptive filters
adaptively combine their outputs obtaining a combined scheme that performs at least as well
as the best contributing filter. Due to their simplicity, these schemes have been used in several
areas of adaptive signal processing in communications and control applications, including blind

equalization [25].
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6.2. Convex Combination of Linear FIR and Second Order Volterra Filters

So far we have seen the individual filters i.e. the linear FIR and nonlinear Volterra filters and
also what we can expect from the convex combination of the two filters. In this section we will

see how the convexity is achieved and is applied to AEC. Figure 6.1 shows the block diagram of

how the two filters are combined in convex fashion.

Volterra Filter

Linear Filter yi(m) A(n)
H;(n)
i el | y(n)
I (n) —
: Linear Kernel Yvi
l Lad
Xy Hy, (n)
—
|
: Quadratic Kernel Yro(n)
l |
|
I
|
|

Figure 6.1: Block diagram of convex combination of linear FIR filter and second

order Volterra filter.
This scheme consists of a straightforward convex combination of an adaptive linear filter,

H;(n) and an adaptive second order Volterra filter including linear and quadratic kernels,

Hy (n) and Hy,y(n) , respectively. The outputs of the linear and the Volterra filters, can be
expressed as

RGO I T €13 F. 7 () I OO PRPUPON o |
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vy (n) = yy(n) + yyo(n)
= Hy,"(M)x(n) + 2T ()Hyp(n)X (1) .. coe cov s et et s et et et et s et e e w2 .60.2

where x(n) denotes the vector of the input signal samples, and yy, (n) and yyo(n) represent

the outputs of the linear and quadratic kernels of the second order Volterra filter, respectively.
The output of the combined filter reads [10]:
ym) = AM)y,(n) + [1 — AM) Yy (1) cer e e e e e et et et et et e e et et e et et e en 20000.3

Where A(n) is an adaptive weighting parameter that controls the combination and [0 <

A(n) < 1] for the convexity to hold.

e, (n) ~ d(n) J

/ g

Linear Filter

A 4

|

x(n) I
I

q : Linear Kernel

I L
I Hy,(n)
|
|
I
|
|
1 Quadratic
: | Kernel
|
: Hy,(n)
|
|
|
I

Figure 6.2: Block diagram of Adaptive convex combination of linear FIR filter and

second order Volterra filter for AEC.
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According to [10], for a good performance of the combination scheme, the contributing filters
should update their coefficients following their own rules, in order to minimize the power of

their own error signals. When using standard gradient descent rules, this results in

Hi(n + 1) = Hy(n) + pep(M)X(1N) wo vee vt et it s et et e s e et e v s s e e e e e 20,4
Hy,(n + 1) = Hy, () + Uy, €y (X(N) e s s s et e et et et et e v v v s s s e e 22205
Hyo(n + 1) = Hyo(n) + uVQeV(n)x(n)xT () s et e e e e et e et e e e e e e e e e e e e 0.0

Where u;, py, and pyo are step sizes for the linear, Volterra linear kernel and Volterra

guadratic kernel, and

L ) BT A G Tl 2 € T SO PTSY < 1
L ) I L € Il 2 € SO o X
are the errors produced by the linear and the Volterra filters, respectively, and d(n) is the
reference signal to be approximated by the adaptive filters (see Figure 6.2).

The mixing parameter A(n) can also be updated using a gradient descent method with the aim

of minimizing the square of the error produced by the combined filter, e(n)
L G I LG It € OO TPVRRPRN o R |

However, instead of directly adapting A(n), we will rely on the adaptation of another

parameter a(n), which defines A(n) via a sigmoid activation function,
A(n) = sgmla(n)] = [1 + e_a(")]_1 RO o 34
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This selection of sigmoid function is justified as it’s necessary to keep A(n) between 0 and 1.

Recently, a new update rule for a(n) has been presented in [26]. By normalizing the adaptation
of a(n), this rule allows an easier selection of the step size, u, and provides improved
performance in scenarios with time-varying signal-to-noise ratio (SNR). This normalized rule can

be expressed as:

a(n+1) = a(n) + (p‘(‘;)) A1 = A e(m)[ey (1) = €L (1)] o v eee oo e e eee e e 611
Where
p(n) = Bp(m—1) + (1 = B)ey(n) — €,(N)]? coe et e et e et et e et et et e et et e e v e 26,12

is rough (low-pass filtered) estimate of the power of [e,(n) — e, (n)].

Selection of the forgetting factor S is rather easy [26]. For instance, using § = 0.9 gives a good
enough approximation, and typically ensures that p(n) is adapted faster than any component
filter.

The functionality of the presented scheme can be described as follows. When the LNLR (Linear
to Nonlinear Ratio) is low (i.e., there is a significant level of nonlinear echo), the Volterra filter
represents an effective model of the channel, and minimization of the overall error
yields A(n) — 0, so that y(n) = yy(n) and the combination is equivalent to Volterra Filter.
The opposite occurs for high LNLR, with A(n) = 1and y(n) = y;(n), so that the combination
is equivalent to a linear filter, avoiding the gradient noise caused by the adaptation of the

Volterra quadratic kernel.
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6.3. Simulation Setup

To verify the performance of the convex combination of the linear FIR filter and the second
order Volterra filter for nonlinear acoustic echo cancellation simulation is carried out using

NLMS algorithm with the following settings:

» ‘Melkamledet’ music is used as far-end speech input, x(n)

» The room impulse response is generated using the common image method [20] with delay
of 250ms as before.

» The filter length for the linear kernel of the second order Volterra filter is set to 1000 and its
guadratic kernel is set to 4X4.

» The filter length for the linear filter is 2000.

» The step size (K) for both the linear filter and for the linear kernel is chosen as 0.45 and for

the quadratic kernel is 0.01to obtain a better tradeoff between tracking speed and

convergence.

Different number of iterations is considered.

In this section single talk situation is considered that is v = 0.

The step size for the adaptation of the combined scheme is set to 0.45

YV V V VYV

The forgetting factor beta is also set to 0.9 according to [26].

6.4. Performance Measure

In this case the Figure of merit is defined in a slightly different way according to [8] as follows

» Echo Return Loss Enhancement (ERLE)

ERLE(n)  Elld(m) —noise)I3/ 613

e(n) _ noise(n)]z} SEs mEs EEs EES EES EES EES EES EES EEE EEE w
v It indicates the amount of echo cancelled after each sample
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» Excess Mean Square Error (EMSE)

EMSE(n) = E{[e(1) — N0ISE(N)]?} s cev cercer e et e et et eet et e ee e et et et e en ens ena a0 10,14

v’ Itindicates the amount of residual echo after each sample

6.5. Simulation Results

In convex combination of filters what we expect is that the overall filter output should follow
the best contributing filter where individual filters follow their own rule to minimize their
adaptation error.
To prove our point we will consider two separate situations:-

i.  When the linear acoustic echo dominates

ii.  When the nonlinearity dominates the linear acoustic echo

Case I: - When linearity dominates [LNLR = o]

A. Adaptation Parameter A(n)

Ewvolution of Adaptation Parameter lambda(n)
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Figure 6.3: Evolution of the combination adaptation parameter [A(n)]
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From equation (6.3) we know that when the linear echo dominates the nonlinear echo, the
adaptation parameter, A(n) should evolve towards one. In Figure 6.3 above what we see is that
A(n) evolves towards one as the linearity is dominant which indicates that the linear filter in
this case is the best contributing filter and it’s the one which cancels the echo.
B. Echo Return Loss Enhancement
Figure 6.4 below indicates the ERLE for the two filters and their convex combination:-

» ERLE for linear FIR adaptive filter [blue curve]

» ERLE for Nonlinear Volterra filter [green curve]

> ERLE for the convex combination of the two [red curve]
Here, since the linearity dominates what we see is that the combination [red curve] follows the
best contributing filter that is the linear FIR adaptive filter [blue curve], therefore our model
works well when linearity dominates.
In addition to that the achieved ERLE is also between 30dB to 40dB at steady state which is

what the standard seeks.

Echo Return Loss Enhancement
45 T T T T T I I I
: : : : E Linear FIR Filter
40 —-------i—-------i—-------i—------ --- ML Volterra Filter

Convex Combination
35E--- - : _I 'r 11 1] .

it

ERLE (dB]

15

l" il
|

0 0.5 1 1.5 2 25 3 35 4 45
Mumber of Samples, n % 105

Figure 6.4: Plot of ERLE of the Linear FIR, Second Order Volterra Filter and their Convex

Combination
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C. Excess Mean Square Error (EMSE)

In Figure 6.5 below, plot for EMSE, the blue, green and red curves indicate the linear FIR
adaptive filter, the nonlinear second order Volterra filter and their convex combination
respectively. As we know from equation 6.14, EMSE indicates the amount of echo in dB that
remains without being cancelled and in Figure 6.5 above we see that the combination scheme
follows that of the linear and also they have lower residual echoes compared to second order

Volterra filter.

Leaming Curve for EMSE
'30 I | | | | I I I
' ' ' ' Linear FIR Filter
— ML Volterra Filter
Convex Combination ||

EMSE [dB]

100 | | | | | | | i
0 0.5 1 1.5 2 25 3 35 4 45
MNumber of Samples, n % 10°

Figure 6.5: Plot of EMSE of the Linear FIR, Second Order Volterra Filter and their Convex

Combination
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Case II: - When nonlinearity dominates [LNLR = —23dB]

A. Adaptation Parameter A(n)

Evolution of Adaptation Parameter lambda(n)
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Figure 6.6: Evolution of the combination adaptation parameter[A(n)]

From equation (6.3) we know that when the nonlinear echo dominates the linear echo (LNLR = -
23dB) in this case, the adaptation parameter, A(n) should evolve towards zero. In Figure 6.6
above what we see is that A(n) evolves towards zero and hence the combination scheme is
represented by the nonlinear Volterra filter as the nonlinearity is dominant.

B. Echo Return Loss Enhancement

In Figure 6.7 below we see that the red curve that is the combination scheme follows that of
the green curve which is the nonlinear Volterra second order filter as nonlinearity is dominant

and therefore, our model follows the best contributing filter.
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Echo Return Loss Enhancement
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Figure 6.7: Plot of ERLE of the Linear FIR, Second Order Volterra Filter and their Convex
Combination

C. Excess Mean Square Error (EMSE)

In Figure 6.8 below, plot for EMSE, the blue, green and red curves indicate the linear FIR
adaptive filter, the nonlinear second order Volterra filter and their convex combination
respectively. As we know from equation 6.14, EMSE indicates the amount of echo in dB that
remains without being cancelled and in Figure 6.8 below we see that the combination scheme
follows that of the nonlinear Volterra second order filter and also they have lower residual

echoes compared to the linear filter as nonlinearity is dominant.
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Leaming Curve for EMSE
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Figure 6.8: Plot of EMSE of the Linear FIR, Second Order Volterra Filter and their Convex

Combination.

6.6. Discussion

» In Figure 6.3 the adaptation parameter, A(n) evolves towards one from its initial value

that is 0.5 (average of 0 and 1) which implies that the linear filter is the dominant one in

this scenario and it’s in agreement with the convexity principle as can be inferred from

equation (6.3).

» In Figure 6.4 and 6.5 we see that the red curve and the blue curve which indicate the

Convex Combination and Linear FIR filter, respectively, overlap which means that the

combination model follows the best contributing filter: - in this case the Linear FIR as

linearity is dominant.
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» In Figure 6.6 the adaptation parameter, A1(n) evolves towards zero from its initial value
of 0.5 (average of 0 and 1) which implies in this case the dominant filter is the nonlinear
second order Volterra filter and the overall filter follows the Volterra model.

» In Figure 6.7 and 6.8 we see that the red curve follows the green curve which indicates
the Convex Combination and Nonlinear Volterra filter, respectively. It means that the
convexity model acts in the same manner as the best contributing filter: - in this case the
nonlinear Volterra as nonlinearity is dominant.

» The other most important point is that in Figures 6.4 and 6.7 we see that the steady state

value for the ERLE is as per the standard requirement which is between 30dB and 40dB.
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Chapter 7

Double Talk Detection (DTD)

7.1. Introduction

So far we have considered only single talk (ST) situation which occurs when only the far-end or
near-end speaker talks. This is not always true in real life, in fact according to [27] double talk
(DT) -when both parties talk at the same time, occurs 20% of the conversation period. If double
talk situation occurs and the adaptive filter is allowed to update its coefficients without any
control, the filter coefficients will diverge instead of converging to optimum value. This is
because the near-end speech acts as a corrupting noise to the filter reference which is normally
the echo of far-end speaker. Therefore design of a good DTD is essential when designing an

Acoustic Echo Canceller.

7.2. Working Principle of DTDs

Most echo cancellers attempt to detect double talk occurrences and then react by freezing the
adaptation of the adaptive filter. A DTD employs available signals or estimates to make the
decision of whether or not near-end speech v(n) is present. The DTD decision is then utilized to
design the control logic for the AEC filter. In general, double-talk detection is handled in the
following way [28]:
1. A detection statistic £ is formed using available signals, e.g., x, y, e, etc., and the
estimated filter coefficients.
2. The detection statistic ¢ is compared to a preset threshold T and the double-talk is
declaredif £ > T.
3. Once double-talk is declared, the filter adaptation is disabled.

4. If &€ <T,the comparison of ¢ to T and filter adaptation continue.
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Figure 7.1 below shows the implementation of DTD in AEC where the DTD produces a decision
statistic based on the available signal. The adaptive filter then acts accordingly by adjusting its

state.

x(n)

Decision DTD

Nearend

A
+
A

d(n) = v(n) + echo + noise

|

Nearend speech,v(n)

Figure 7.1: AEC with Double Talk Detector (DTD)

The Geigel algorithm [42] has been proven effective for line echo cancellers. However, it does
not provide reliable performance when applied to AECs. Cross-correlation-based DTD
techniques [29, 30] have been proposed, that appear to be suitable for AEC applications.
However, the correlation-based criterion captures only the linear relationship between two
random processes [30, 32, 29, and 31]. Although [33] derives an optimum log-likelihood ratio
test (LRT), the Gaussian assumption of signals does not hold any more when nonlinearity is
present. A new approach which can detect the DT situation for both linear and nonlinear
relationships based on mutual information has been presented in [34] and it will be discussed

and implemented here.
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7.3. DTD Based on Mutual Information (MI)

Mutual information (Ml) is in many ways the cornerstone of classic information theory, playing
central roles in the analysis of both digital and analog communication systems [35]. The primary
objective of DTD designs is to detect the presence of the near-end speech. In this section we

will see how Ml is suited for this task in AEC.

7.3.1. Ml and Its Calculation
We start with the fundamentals of MI. Denote continuous-valued random variables x and y by

the pair (x, y). The entropy or uncertainty of the variable x is defined in terms of its probability

density function (PDF), f(x) is:

H(x) =— fxf(x)logf(x)dx Y A% |

After having observed y, the uncertainty of x is given by the conditional entropy, defined in

terms of the conditional PDF f(x|y) and the joint PDF f(x, y):
H(x|y) = —fx fyf(x,y)logf(xly)dydx TR 207

The Ml between x and y is defined as in [35]

I(x:y) = H(x) — H(x|y)
= — [ flogf(x)dx + [ fyf(x, Wlogf (x|y)dydx ..o v ceev v v 7.3

and measures the reduction in the uncertainty of x due to the knowledge of y.
Another view of Ml is that it measures the degree to which x and y are not independent. With

the identity f(x,y) = f(x|y)f(y), the expression in (7.3) can be rewritten as

fx,
Icy) = [ fyf(x, y)log f(gfjgl) AYAX v cer e e e et eee et et e et e et et e et e e er s en s e T
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When x and y are statistically independent,f (x,y) = f(x)f(y), and thus I(x; y) = 0. The
value of I(x,y) grows as x and y become more dependent. The more dependent x is on y, the
more information one gains about x once y is known, and therefore the less uncertain x is
when y is known.

The following properties hold for Ml [35].

PropertyI: 0 < I(x; y) < o

Property Il: I(x; y) = 0if and only if x and y are statistically independent.

Property lll: I(x; y) = o if and only if y is a function of x, i.e.,y = g(x) where g(.) is
invertible.

Property IV: I(x; y) = I(u; v) if the transformation (x; y) —» (u; v) has the form
u = g(x),v = p(y) with g(.) and p(.) being one-to-one mappings.

In order to calculate the MI between x and y, we need to estimate the joint distribution
f(x; y). Histogram and Kernel methods are widely used to estimate MI but entail high
computational complexity [36]. To reduce the complexity in these methods, we adopt a recent
estimator that estimates entropy from the average distance to the k-nearest neighbors as in
[37]. Consider a set of N input-output pairs, z; = (x;; ¥;); i = 1;...; N, and the maximum

norm [37]
1z — Z"|loo = Max{|x — X1, [V = Y"1} v cor oo et et e e s e et et vt e e e e e et et e et e e nee 01D
for a fixed positive integer k, we find z,;) = (Xi@); Yk@)) as the k-th nearest neighbor of z;

according to the maximum norm.

Define the following distances
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where €;/2is the distance from z; to its k-th neighbor. €/2 and eiy/z are the distances
between the same points projected onto x and y subspaces.

Let ny and nly be the numbers of sample points that satisfy
|xi - xj| < €}/2 and |yi —yj| < el.y/Z respectively.
The estimator of the Ml between x and y is then obtained:

106y) = p(k) =2 = 22X, () + ()] + YN) w279

where Y (.) is the Digamma function (see appendix A).
As can be noted, this Ml estimator has a dependency on the value chosen for k (k-th nearest
neighbor). As it is recommended in [38], for a tradeoff between variance and bias, in the

examples, a mid-range value for k (k = 6) will be used.

Considering Figure 7.1 above, the DTD utilizes two signals- x(n) which is the far-end speech and
d(n) which is the sum of the echo of far-end speaker, background noise and the near-end
speech, v(n) (if any)- to make the decision on whether the near-end speech v(n) is present or
not. The idea here is to form a decision statistic ¢ and compare it with a preset threshold T.

Once double-talk is declared, the AEC filter adaptation is disabled.

To design the decision statistics £, we first consider the linear case (u = g(x) = ax, ais a
non-zero constant). If v(n) is absent thend(n) = h(n) * g(x(n)), i.e., y(n) fully depends
on x(n). Hence, to determine whether the signal v(n) is present or not is equivalent to
measuring the degree of dependency between x and d. From Property Ill of MI, I(x; d)
achieves the maximum when x and d are fully dependent. If we treat sequences x andd as
the realizations of random variables x and d, respectively, the presence of the near-end speech
reduces I(x; y). Therefore, the MI between x and d will be used as the detection statistic for

the DTD.
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and DT is declared if E < T or
ST is declared otherwise;
When the echo path is nonlinear (u = g(x) is an invertible nonlinear mapping of x), we know

from property IV of Ml that the Ml between x and d is the same as that between u and d:

T I Qe T C ) Il £ ) T & |

Therefore, the MlI-based DTD still works in the presence of the memoryless nonlinearity,
provided that the nonlinear mapping is one-to-one. It is worth pointing out that Shannon's
mutual information is a classical measure of statistical dependence between random variables
no matter whether the relationship between two random variables is linear or nonlinear. This

makes Ml based DTD robust to nonlinearities.

7.4. Simulation Setup

In this section we will simulate the DTD and AEC together to see the performance of the DTD.
As mentioned before, the Mutual Information between the far-end speech, x(n) and the
desired signal, d(n) will be considered for the DT detection. Here what’s important is the
determination of the threshold used to declare DT state. However, since there is no universal
rule for the selection of the threshold and it also depends on the nature of the method
implemented to detect the DT we will develop our own systematic approach to set the
threshold. In the simulation first the algorithm is run with only ST situation and the resulting Ml
between x(n) and d(n) is considered as a threshold. Once the threshold is set the algorithm is

run again with the near-end speech also applied.

» ‘Melkamlededt’ music is considered as far-end speech signal, x(n)
» ‘nearspeech’ speech signal stored in Matlab is used as near-end speech signal, v(n). It is
applied at two different locations in order to verify the robustness of the DTD.
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» The simulation is carried out for both linear acoustic echo and nonlinear acoustic echo

As a performance measure we will consider:-

» Algorithm misalignment error with DTD and without DTD

» The ability of the algorithm to pinpoint the DT region both in linear acoustic and nonlinear

acoustic case.
7.5. Results
A. DT Region Detection and Algorithm Misalignment Error for Linear Acoustic Echo

i. Performance of DT Region Detection

Double Talk Region Detection based on MI for Linear AE

! A N N ——
Farend speech ;
0.8 [T A ] Mearend speech || 777 7]
A T O R A —DTRegion || i |

Amplitude

Samples x 10°

Figure 7.2: Double Talk Region Detection using Ml for linear acoustic echo
In Figure 7.2 we have far-end speech (blue) which is the input to AEC, the near-end speech
(green) and the red line which is the result of Ml based DTD indicating the DT region. From the

Figure we see that both of the DT regions are identified using the Ml based DTD.
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ii. Algorithm Misalignment Error without DTD

RIR and Adaptive Filter Coefficients

0.2 ! ! I I
' ' RIR
0.15 AFC without DTD[iter=50] |
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AME=0_068
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02 | | | |
0 0.05 0.1 0.15 0.2 0.25

Time [sec]

Figure 7.3: Algorithm misalignment error without DTD for linear AEC

iii. Algorithm misalignment error with Ml based DTD

RIR and Adaptive Filter Coefficients

02 ! ! I I
H . RIR
A L1 T SO AFC with DTD[iter=50] |
] TN HH— S R SRR .
0.05 | P A N A i
@ ' ' :
=
= o
E
=T
-0.05 : R ERREEEEEE .
AME=0.002
O A A do —
A5 F---ff----- e e —]
n2 | | | |
0 0.05 0.1 015 0.2 0.25

Time [sec]

Figure 7.4: Algorithm misalignment error with Ml based DTD for linear AEC
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From Figure 7.3 [AME without DTD] and Figure 7.4 [AME with DTD] we see that the AME
decreases from 0.068 to 0.002 that is we have 97.06% improvement which indicates we have

achieved the desired improvement by using Ml based DTD.

B. DT Region Detection and Algorithm Misalignment Error for nonlinear acoustic echo

i DT Region Detection

Double Talk Region Detection based on M for Linear AE

! A B S S S S
0.8 I S S NN N Mearend speech || « ____ |
Farend speech
(v I T DR O Y NS W N SN O DT Region Y

Amplitude

Figure 7.5: Double Talk Region Detection using Ml for Nonlinear acoustic echo

In Figure 7.5 we have far-end speech (blue) which is the input to AEC, the near-end speech
(green) and the red line which is the result of M| based DTD indicating the DT region. From the
Figure we see that, the same as for the linear case, both of the DT regions are identified using

the Ml based DTD.
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ii. Algorithm Misalignment
» Linear Kernel
RIR and Adaptive Filter Coefficients
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Figure 7.6: Algorithm misalignment error with Ml based DTD for linear AEC
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Figure 7.7: Algorithm misalignment error without DTD for linear AEC
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» Quadratic Kernel

Estimated AF Second Order Volterra Quadratic Kemnels without DTD
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Figure 7.8: Algorithm misalignment error of quadratic kernel for nonlinear AEC with Ml based

DTD
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Figure 7.9: Algorithm misalignment error of quadratic kernel for nonlinear AEC without DTD
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7.6. Discussion

In Figure 7.2 and Figure 7.5 we see that the double talk regions for both linear acoustic echo
and nonlinear acoustic echoes are well detected by the Ml based DTD which indicates the
power of MI based approach for DTD design and also the results obtained are absolutely in

agreement with the theory discussed in the foregoing sections.

The other important point that we see is in Figures 7.2 and 7.3 for linear acoustic echo case is
that the algorithm misalignment error with Ml based DTD is much lower than without it, i.e.,
the misalignment decreases from 0.068 to 0.002 that is with improvement of 97.06%. The same
thing happens for the nonlinear acoustic echo as indicated in Figures 7.6 to 7.9. The AME for
the linear kernel has the same amount of improvement as for the linear AEC case and the AME
for the quadratic kernel decreases from 7.5e” to 3.59e™ . Therefore, the implementation of Ml
based DTD for AEC is very important as it has brought improvement in the echo cancelling

capacity.
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Chapter 8

Conclusions and Recommendations for Further Research

8.1. Conclusions

In this thesis we have seen that acoustic echoes are inevitable in modern hands-free
communication and also they need to be removed for enhancing speech quality in
communication systems. We have seen that convex combination of filters with different
natures is of great interest and we have successfully applied this combination scheme for AEC
in terms of linear and nonlinear filters. The results obtained also indicate that the combination
scheme is the best way to tackle different echo scenarios, i.e., whether the echo is linear or
nonlinear. The last but not the least is the use of DTD is highly essential to maintain the full
duplex communication system by freezing the adaptation of the AEC. Ml based DTDs are robust

for both linear and nonlinear AEC systems.

8.2. Recommendations for Further Research

Even if we have seen that convex combination of adaptive linear FIR and nonlinear Volterra
filters for AEC is robust to the different natures of the echo it has not come without any cost. In
fact it has additional computational cost and memory requirement. Therefore one research
area can be reducing this computational cost by implementing different kind of adaptive
algorithms with low computational cost and/or implementing in frequency domain. Other
research area of interest regarding this work is the hardware implementation of the convex

combination scheme with DTD.
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Appendix: Digamma Function

Appendix
DIGAMMA FUNCTION

The function ¥ (x), called the psi function or the digamma function, is defined as [40]

Y(x) = %(ln (573 ) SRR |
Where
I'(x) = fooo L S L o o N | PP

the I'(x) function also satisfies the recursion
N G o O B W ) I o o a0 | PP
and that when x is a positive integer n the gamma function reduces to

Thus, for any real x > 0, the function I'(x) interpolates continuously between successive
values of n!, and so generalizes the factorial function to nonintegral values of n. For obvious
reasons the gamma function is sometimes called the factorial function.

In probabilistic and stochastic model [39] the gamma function is used to represent the
probability distribution of a random variable X.

The continuous random variable X has a gamma distribution, with parameters a and g, if its
density function is given by

flx;a,pB) = ﬁx“‘lef I RSN

0,otherwise

wherea > Oand fi > 0.
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