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A bstract

Acoustic echo cancellation is investigated in a wideband voice-over-IP (VoIP) frame

work. Simulations using fullband and subband adaptive filtering algorithms show 

that subband adaptive filters are an effective solution. Low residual echo levels ob

served in oversampled subband echo cancellers are attributed to the adaptive filters 

exploiting the subband signal correlation to lower the output error. In simulated 

changing acoustic environments the minimum echo return loss enhancement (ERLE) 

of the subband Normalised LMS (NLMS) is over 3 dB higher than fullband; the 

result is verified using experimental data. In the presence of narrowband near-end 

disturbances with an active doubletalk detector some bands in a subband system 

can continue to adapt resulting in deeper convergence and higher ERLE during dou

bletalk. Nonlinear distortion created by wideband VoIP vocoders can degrade the 

performance of linear echo cancellers by 5 -  10 dB. The fast tracking IP Affine Pro

jection Algorithm (IP-APA) is shown to perform the best in the distorted channel, the 

differences between subband and fullband structures are not significant. Techniques 

from Fast Affine Projection algorithms are used to reduce the complexity of the IP 

Affine Projection Algorithm, making it more applicable for wideband acoustic echo 

cancellation.
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C hapter 1

In troduction

1.1 Echo C ancellation

Echoes in a telecommunications system occur whenever the signal sent out from the 

transmit side of the system is coupled back to the receiver side. If the coupling is 

electrical, occurring due to impedance mismatches in the telephone network, the re

sult is known as a network echo, a discussion of which can be found in [3]. Acoustic 

echoes on the other hand arise when a hands-free telephone is used, as in desktop 

teleconferencing and in-car wireless mobile telephones. The speaker signal from the 

hands-free terminal is acoustically coupled to the microphone, producing the echo. 

With a traditional telephone handset the loudspeaker is blocked by the ear against 

the earpiece. This disrupts the acoustic path between the loudspeaker and the mi

crophone, resulting in echo signal attenuation of at least 45 dB [4], In contrast, with 

a hands-free terminal the acoustic path is open and the microphone is free to pick 

up the signal radiated by the loudspeaker and transmit it back to the far end. In 

echo situations the far-end talker hears a version of their own speech delayed by the 

echo path length, this disturbs the talker, making natural conversation difficult. In

1
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extreme situations coupling at both ends of the connection results in a positive feed

back loop which can leading to howling instability. In order to maintain comfortable 

and natural speech acoustic echoes must be suppressed or removed.

The amount of required echo attenuation is dependent on the echo level and the 

length of the delay between the original speech and the echo. Very early reflections 

are interpreted as spectral distortion or reverberation rather than as distinct echoes. 

A small amount of reverberation is prefereable to none at all; telephone handsets 

deliberately allow some of the transmitted signal to pass through to the receiver to 

make the line feel “alive” . It is not until the delay between the original speech and the 

echoed speech reaches approximately 35 ms that the echo becomes an annoyance [3]. 

The perceptual level of the echo (how loud the echo sounds to a user) increases 

when either the echo magnitude or the echo path delay increase. The relationship 

between echo delay and the level of attenuation required for comfortable speech is 

approximately exponential: when the one-way transmission delay is 5 ms an echo need 

only be 20 dB lower than the speech signal for acceptable communications, whereas 

when the delay is 200 ms an echo signal 50 dB lower than the speech signal is still 

objectionable [5].

Early approaches to acoustic echo control relied on breaking the echo path by con

verting the channel from full-duplex to half-duplex using voice activated switches that 

stop transmission when the near-end speaker is silent. This approach is suboptimal 

for a number of reasons: degrading the channel to half-duplex reduces the naturalness 

of the conversation; voice-operated switching results in temporal clipping of speech 

bursts, so the perceptual quality of the conversation is reduced; and if both users are 

talking simultaneously there is no echo suppression at either end of the link [6]. A 

more effective solution is echo cancellation. An echo canceller creates a replica of the 

echo which is subtracted from the signal sent to the far end. An ideal echo canceller
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can completely remove the echo signal without distorting the near-end speech.

The adaptive echo canceller was invented in the 1960s by Logan, Kelly and Sondhi 

[7] as a method for controlling network echoes, it is also the most frequently used 

technique for acoustic echo cancellation. Figure 1.1 shows a block diagram of a 

generic adaptive echo canceller. In the model assumed by the echo canceller, the echo 

signal picked up by the microphone is composed of a direct path signal and signals 

reflected from neighbouring objects such as tables, walls, the floor and ceiling. W ith 

this view of the echo signal, the impulse response of the echo path can be modelled 

as a series of delayed impulses, where the magnitudes of the impulses are determined 

by the reflectivity of the corresponding surface, and the delays are determined by 

the acoustic path length. The far-end speech signal x(n) is convolved with the echo 

path impulse response h(n), which is assumed to be linear. The input to the near 

end microphone, yin), is composed of the echoed far-end speech d(n) = h(n)Tx(n), 

the near-end speech v(n), and near-end background noise b{n). The adaptive echo 

canceller creates an estimate d(n) of d(n) by convolving x{n) with the adaptive finite 

impulse response (FIR) filter tap weight vector h(n), which is an estimate of h(n). 

The replica of the echoed speech is then subtracted from the near end microphone 

signal to form the error signal e{n). If h{n) is a perfect estimate of h(n) then the 

echoed speech is completely removed and the error signal transmitted to the far-end 

contains only the near-end speech and background noise. In practice, system noise, 

undermodelling of the echo path impulse response, and non-linear distortion from the 

speaker and microphone limit the amount of echo cancellation that can be performed 

therefore e(n) contains some residual echo.
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x(n

h(nh(n

Figure 1.1: Adaptive echo canceller.

1.2 Voice Over Internet P rotoco l (VoIP)

In traditional wireline telephony speech is sampled at 8 kHz and the samples are 

directly compressed and transmitted in analogue form over the public switched tele

phone network (PSTN). In voice over Internet Protocol (VoIP), the sampled speech 

is divided into frames which are encoded and compressed using sophisticated voice 

coders (vocoders) which can significantly reduce the bandwidth of the data to be 

transmitted. The encoded voice signal is assembled into data packets which are trans

mitted over an Internet Protocol (IP) network such as a local area network (LAN) 

or a wide area network (WAN) such as the Internet. At the receiver end the speech 

frames are de-packetised, decoded, and the reconstructed samples are played out at 

8 kHz. VoIP calls can be pure VoIP, originating and terminating at IP terminals and 

travelling over data networks, or they may originate or terminate on the PSTN, in 

which case a network interface is required to transcode between the VoIP encoded 

and PSTN representations. In-depth reviews of the engineering issues related to VoIP 

implementation can be found in [8] and [9].

The dependence of echo delay on the perceptual echo level is an important factor in
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VoIP systems. Compared to PSTN conversations, VoIP conversations have additional 

sources of delay such as packetisation, coding, network, and playback buffer queueing 

delays [10] resulting in end-to-end delays of up to 200 ms [9], Echo cancellation is 

therefore a crucial component of a VoIP system.

1.3 W ideband VoIP

Current phone systems including the PSTN as well as second and third generation 

(2G and 3G) mobile systems transmit the narrowband 200-3400 Hz frequency range 

of speech. This frequency limit exists in order to maintain backwards compatibility 

with early telephone links which were bandwidth restricted due to physical limita

tions of the transmission medium. W ith VoIP the speech content is abstracted away 

from the physical medium. The speech signal no longer travels directly over the 

PSTN, so backwards compatibility with the existing network is no longer required, 

and a wider frequency band may be included. The most recent voice coding stan

dard, adopted by both the International Telecommunications Union (ITU) for land 

line use and the Third Generation Partnership Project (3GPP) for wireless mobile 

communications, operates at a sampling rate of 16 kHz1 and increases the transmitted 

voice spectrum to the 50-7000 Hz frequency range [11], [12], The extra bandwidth 

in the 50-200 Hz range contains low frequency background noise, the inclusion of 

which improves the sense of “presence” between conversation participants, enhancing 

the comfort and naturalness of the conversation. The high frequency addition from 

3400-7000 Hz enhances speaker recognition and improves fricative differentiation and 

by extension speech intelligibility; certain words, such as “sit” and “fit” , are difficult 

to distinguish at 8 kHz sampling rate, as the energy of the distinguishing sounds lies

xFor the purposes of this thesis “wideband speech” is speech sampled at 16 kHz and “narrowband 
speech” is sampled at 8 kHz.
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in the 5 - 8  kHz range [13]. Increasing the frequency range of transmitted speech also 

results in a subjective quality improvements: conversations seem more face-to-face, 

and communication becomes more transparent [14], [15].

1.4 Problem  S ta tem en t and T hesis O bjectives

The objective of this thesis is to investigate the problem of acoustic echo cancel

lation in a wideband VoIP environment and to determine which adaptive filtering 

algorithms and structures offer the best wideband acoustic echo cancellation perfor

mance. In order to maintain the perceptual benefits of wideband speech, echoes must 

be adequately controlled. While there is a large body of research dedicated to acous

tic echo cancellation in the PSTN framework (see eg., [4] for a review) very little 

work has been done to examine the specific issues associated with wideband echo 

cancellation, or the differences between the wideband and narrowband environments. 

Acoustic characteristics are not constant across frequencies: walls, floors and ceilings 

reflect and absorb higher frequency sounds differently than low frequencies. Similarly, 

the spectral distribution of speech energy is not uniform: it is mostly concentrated in 

low frequencies, with bursts of high frequency energy arising from plosive or fricative 

sounds.

The frequency dependence of acoustic environment and speech properties affects 

the performance of acoustic echo cancellers. The highly coloured wideband speech 

spectrum slows the convergence of many adaptive echo cancellers. This problem is 

further hampered by the long adaptive filters required to model wideband environ

ments: an adaptive echo canceller operating at 16 kHz requires twice as many taps to 

model the same echo path length as an 8 kHz canceller, and long adaptive filters are
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slower to converge. This hindered convergence results in high residual echo levels, es

pecially in changing acoustic environments where the adaptive filters must constantly 

re-converge and adapt to track the non-stationary echo path.

Many have argued that subband structures are required at higher sampling rates 

to overcome the slow convergence of long adaptive filters for highly coloured inputs 

and also to manage the computational complexity associated with adapting long 

filters [16]. Subband adaptive filters may have advantages in other echo cancellation 

scenarios. Convergence in the presence of high level near-end disturbances and echo 

path tracking in a non-stationary acoustic environment are two challenging adaptive 

echo cancellation situations that may benefit from the ability of a subband echo 

canceller to process different frequency bands independently. This thesis will compare 

the performance of subband and fullband adaptive filters in diverse wideband echo 

situations to determine which structure is best suited for wideband echo cancellation.

Since wideband telephony is typically achieved using VoIP, this thesis will also ex

amine concerns specific to echo cancellation in a VoIP network. When a VoIP vocoder 

is present in an echo path, the echo path becomes non-linear and echo cancellation 

performance is compromised. Different algorithms and structures will be compared to 

see how they are affected by this non-linear distortion. Wideband vocoder distortion 

is frequency dependent, so subband and fullband structures should be affected differ

ently, as should different adaptive algorithms. This thesis will attempt to determine 

which adaptive filtering algorithms and structures are most effective for acoustic echo 

cancellation in the presence of wideband vocoder distortion.
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1.5 C ontributions

• Analysis of residual echo levels in oversampled subband adaptive filters. It is 

observed that under some conditions oversampled subband adaptive filters can 

produce residual echo levels below those of the linear time invariant Wiener 

filter. This behaviour is identified as resulting from the adaptive filter exploit

ing input signal colouration information to achieve output squared error levels 

below the Wiener MSE. This was previously observed for fullband filters with 

highly coloured inputs, here it is demonstrated for oversampled subband fil

ters for a broader class of input signals. Bandpass filtering by the analaysis 

filterbank creates narrowband signals, then these signals are downsampled by 

a non-critical factor, the resulting subband signal is still highly coloured. It is 

observed that this colouration created by the oversampling process is sufficient 

to cause subband filters to exhibit the behaviour, even for white noise inputs. 

This work is presented in chapter 4.

•  Comparison of fullband and subband adaptive filters in a wideband acoustic echo 

cancellation framework. Echo cancellation in the steady state, convergence 

speed, and tracking ability are compared for subband and fullband adaptive 

filters. Using simulated data subband echo cancellers are shown to offer better 

echo path tracking. These results are verified using experimental speech data 

recorded in a real changing echo environment. Using speech data and measured 

wideband acoustic echo path impulse responses, subband structures are shown 

to provide better convergence and echo cancellation when a doubletalk detector 

is present. These contributions are in chapters 5 and 6.

• Assessment of the effects of wideband VoIP vocoder distortion on acoustic echo
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cancellation. The impact of vocoder distortion is compared for subband and full

band adaptive echo cancellers. The Improved Proportionate Affine Projection 

Algorithm (IP-APA) is proposed as an effective algorithm for echo cancellation 

in the vocoder distorted path. This contribution is in chapter 7.

•  Proposition of complexity reduction and stabilisation enhancements for the IP- 

APA. The complexity reductions result from applying techniques from Fast 

Affine Projection algorithms, and the proposed online regularisation stabilises 

the algorithm for subband implementations and speech inputs. The modifica

tions are presented in chapter 8.

1.6 O rganisation

This thesis is divided into seven parts. Chapter 1 contains an introduction to echo 

cancellation and wideband VoIP communications. The thesis objectives are presented, 

and the thesis contributions are summarised.

Chapter 2 is a review of literature relevant to the thesis. Adaptive filtering algo

rithms used in later simulations are described in detail, and their relative advantages 

and disadvantages are discussed. Different approaches to subband adaptive filtering 

are reviewed, with special attention paid to the oversampled local-error adaptation 

structure employed in this thesis. Fullband and subband doubletalk detection are 

briefly reviewed, and the normalised cross-correlation doubletalk detection algorithm 

is explained. An overview of linear predictive voice coding and the G.722.2 vocoder 

are presented in order to understand the effects of vocoder distortion on acoustic echo 

cancellation. The review of related background material is provided to give unfamil

iar readers the information necessary to interpret the simulation results presented in 

later chapters.
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The simulation framework used in this thesis is described in chapter 3. A descrip

tion of the apparatus used to measure acoustic impulse responses in real conference 

rooms is provided, and a number of measured wideband acoustic echo path impulse 

responses are presented and discussed. The performance metrics used to compare 

adaptive filtering algorithms are defined, and the parameters used in subsequent sim

ulations are summarised.

In chapter 4 the phenomenon of non-linear, non Wiener behaviour in adaptive 

filters is examined. The non Wiener effects are observed in subband adaptive filters, 

and the relationship between the level of subband oversampling and the severity of 

the non-linear behaviour is explored. The reason for the behaviour is presented, and 

it is shown that the circumstances under which it occurs are different for fullband and 

subband adaptive filters. Practical applications of the effect and methods to prevent 

it are also considered.

In chapter 5 simulation results are presented comparing the performance of adap

tive filtering algorithms and structures when the echo path is time-varying. Using 

measured echo path impulse and magnitude responses, it is shown that echo path 

changes do not affect all frequencies equally. Tracking and reconvergence ability is 

compared for fullband and subband echo cancellers in wideband and narrowband sit

uations, using simulated echo path changes and experimental data recorded in a real 

changing echo environment.

In chapter 6 simulation results are presented that compare the convergence abili

ties of fullband and subband NLMS adaptive filters when there are near-end distur

bances and a doubletalk detector is present. Double-talk detectors halt adaptation 

in the presence of high-level near-end disturbances, slowing the rate of convergence; 

when the magnitude of the disturbance varies with frequency subband and fullband 

adaptive filters are affected differently. Simulation results are used to compare the
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differences in fullband and subband convergence for wideband and narrowband echo 

environments.

In chapter 7 the impact of wideband vocoder distortion on adaptive echo cancellers 

is studied. The non-linear distortion imposed by a vocoder depends on the content 

of the speech, and is not constant for all frequencies. How this distortion affects 

the echo cancellation performance of different adaptive echo cancellation structures is 

examined, and simulation results are presented comparing the performance of fullband 

and subband algorithms for undistorted and vocoder distorted echo paths.

In chapter 8 a stabilised, reduced complexity version of the improved proportion

ate affine projection algorithm (IP-APA) is proposed. The modified IP-APA uses 

techniques from the Gauss-Seidel fast affine projection algorithm to reduce the com

plexity, and an online regularisation to improve the stability and make the algorithm 

it more robust to near-end disturbances. Simulation results are presented that con

firm the algorithm’s fast convergence for speech inputs and good tracking ability for 

changing echo environments.

Chapter 9 summarises the findings of the thesis and proposes future extensions to 

the presented work.
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C hapter 2

Background R ev iew

This chapter provides an overview of previous work and relevant literature in the field 

of study of this thesis. A review of adaptive filtering algorithms is provided, including 

a detailed description of the algorithms used in the subsequent simulations. Subband 

adaptive filtering is also discussed with a focus placed on applications to echo cancel

lation. The subject of doubletalk detection is reviewed, and existing work related to 

subband doubletalk detection is discussed. Finally, the issue of vocoder distortion in 

echo cancellation is considered, providing a brief overview of linear predictive coding 

and a description of the G.722.2 vocoder.

2.1 A daptive F iltering A lgorithm s

Considering the echo canceller of figure 1.1, the acoustic echo cancellation problem is 

formulated as follows.

x(n) =  [x(n), x(n  — 1 ) , . . . ,  x{n — N  — 1)]T

h{n) =  [h0, h i , . . . , h L]T

h(n) = [h0(n), h i(n ) , . . . ,  hN_1(n)]T

12
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d{n) = f ( n ) x L(n) 

y(n) = d{n) +  v(n) +  b{n)
 ̂T

din) = h (n)x(n ) 

e(n) =  y(n) — d{n)

(2 . 1)

(2 .2 )

(2.3)

=  i f f )  ~
hT{n)

0L - N

)xL{n) +  u(n) +  b{n) (2.4)

Where n is the discrete-time index, h{n) is the length-L linear echo path impulse 

response vector, h(n) is the length-N  adaptive filter tap weight vector is a zero- 

vector of length L — N  and x L{n) is a vector of the previous L input samples. If L = N  

it is possible for h{n) =  h(n), resulting in total removal of the echoed signal d(n) from 

the error signal e(n), which is transmitted to the far end listener. However, in practice 

L is typically much larger than N.  In wideband acoustic echo cancellation the room 

echo path impulse response can be thousands of samples long but the adaptive filter 

only models the first few hundred samples containing the majority of the impulse 

response energy. The unmodeled tail of the echo path contributes to the uncancelled 

residual echo.

It can be shown [17] that the linear filter which minimises the mean-square error 

(MSE), between the output and the desired signal, £{\d{n) — d{n)|2} =  £{e2(n)}, is 

given by:

f p t  ^ xx—xd (2-̂ )

where R X2; =  E{x{n)xH (n)} is the correlation matrix of the input signal, and rxd = 

£{x{n)d*{n)} is the cross-correlation between the input and the desired signal. The 

solution in (2.5) is known as the Wiener solution. If the entire data sequence is 

available, the correlation matrix and cross-correlation vector can be calculated, and
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the linear MSE optimal Wiener solution of equation (2.5) can be computed directly. 

In real-time echo cancellation, the the data is arriving sequentially, and the filter 

tap weights must be computed online. A number of algorithms have been derived 

to adapt the modelling filter coefficients so that the tap weight vector converges to 

the Wiener solution, and there is generally a tradeoff between algorithm complexity 

and speed of convergence. In real situations the echo path h{n) is time varying; 

acoustic echo paths can change rapidly in response to people moving or objects being 

moved in the near-end room, disrupting the echo reflecting paths. Adaptive acoustic 

echo cancellation therefore requires the use of algorithms that can converge quickly, 

but also rapidly track changes [16]. Since wideband acoustic impulse responses can 

be hundreds of milliseconds long, requiring thousands of taps to fully model, the 

algorithms must also have low computational complexity in order to be implemented 

on low-cost processors.

2.1.1 R ecursive Least Squares A lgorith m

The recursive least squares algorithm is an adaptive algorithm that recursively com

putes the least square estimate of the tap-weight vector. Beginning with an initial 

estimate, the weight vector is updated with the new sample data, using the update 

equation [17]:

h(n) = h(n — 1) + R ~^x(n)e*(n)

The estimate of the correlation matrix inverse is computed recursively to avoid 

the computationally expensive matrix inversion. The reference data vector x(n) is 

whitened by the inverse correlation matrix, so all of the frequencies of the tap weight 

vector are excited, leading to very fast convergence. The use of all previous inputs to 

recursively estimate the correlation matrix accelerates the convergence in a stationary
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environment , but reduces the ability of the adaptive filter to track changes in h(n). To 

compensate for this, an exponential forgetting factor is used so that the estimation 

is based on a finite window of previous samples. Unfortunately small forgetting 

factors that enable the fast tracking required for acoustic echo cancellation can lead 

to instability for speech inputs [4], In general, the tracking performance of RLS is 

not as robust as algorithms such as LMS [17]. The computational complexity of RLS 

is another disadvantage of the algorithm. The coefficient update of a length N  RLS 

adaptive filter with real coefficients requires Crls =  4N  +  31V2 multiplications per 

sample period [18], so the computational burden grows quadratically as the filter 

length increases. The complexity and tracking performance of RLS combine to limit 

its applicability in acoustic echo cancellation applications, consequently it is not used 

in the simulations that follow.

2.1.2 L east M ean  Square A lgorith m s

Each possible tap-weight vector has a unique MSE value associated with it, which 

is the expected value of the squared output error averaged over all possible input 

sequences. Since the MSE is a quadratic cost function, the set of possible MSEs forms 

a convex surface in the tap weight vector space, with a unique minimum corresponding 

to the Wiener solution. The convex shape of the error surface permits a gradient 

descent approach to finding the optimum tap weight vector. In a gradient search an 

estimate of the local shape of the error surface is used to adapt the tap weight vector 

down the error surface towards the minimum MSE solution.

The least-mean square (LMS) algorithm, first introduced by Widrow and Hoff [19], 

belongs to the family of stochastic gradient algorithms wherein the gradient estimate 

is based only on the current data vector and desired signal sample; this is equivalent 

to using the instantaneous squared error as the cost function. The LMS tap weight
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update equation is given by

h(n +  1) =  h(n) + 2fj,x(n)e*(n), (2-6)

where /x is a parameter which controls the size of the “step” taken by the weight vector 

at each iteration. The convergence time, stability, and steady state error of the LMS 

algorithm are dependent on the step-size parameter. Larger values of /x lead to faster 

convergence but, due to the noisy nature of the gradient estimate, larger steady-state 

error. Also, since the tap weight vector affects the output error, which in turn controls 

the adaptation, there is feedback in the adaptation process, so the algorithm can 

become unstable if /x is too large. A small /i effectively lowpass filters the fluctuations 

in the gradient estimate, keeping the algorithm stable and yielding less steady-state 

error, but slower convergence. In the absence of near-end disturbances, the LMS- 

adapted coefficient vector h{n) converges to the Wiener solution /xopt in the mean- 

square sense.

The magnitude of the tap weight vector adjustment in LMS update equation in 

(2.6) is directly proportional to the magnitude of the input vector x(n). When the 

input power is high, the gradient noise is magnified, resulting in slow convergence. 

Furthermore, the power of the input signal is generally not known a-priori, which 

makes it difficult to choose a step-size /x that will ensure stability. A solution to both 

of these problems is provided by the normalised LMS (NLMS) algorithm, which uses 

a time-varying step-size /x(n). The NLMS /x(n) is chosen based on the principle of 

minimum disturbance as the step-size that modifies h(n) as little as possible while
^  H

ensuring the a-posteriori error is zero, ie., d(n) — h (n +  1 )x(n) = 0. It can be shown 

that the value of /x(n) that satisfies this principle is [17]:

^   ̂ 2x H(n)x(n)

This time varying step-size leads to the NLMS algorithm described in Algorithm 1,
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where 6 is a small positive value to avoid division by zero and p  is a constant step- 

size parameter chosen to control steady-state error; convergence occurs for NLMS if 

and only if 0 < p  < 2 [20]. The computational requirement for NLMS is C ^ l m s  =  

3 +  2N  which, in contrast to RLS, grows linearly with the filter length. The NLMS 

algorithm is one of the most frequently used adaptive filtering algorithm for acoustic 

echo cancellation due to its robustness, ease of implementation, and low complexity.

A lgorithm  1 (Normalised Least Mean Square (NLMS) Algo-

rithm).

Initialisation

x(0) =  h( 0) =  0N

Adaptation

FOR n > 0
 ̂H

e(n) =  y(n) — h (n)x(n)

h(n + 1) =  h(n) + p H( w  , x n (n)x{n)
— -x(n)e*(n) 
+ <5

ENDFOR

Notation

p: step-size control parameter.

6: small positive constant to prevent numerical instability.

2 .1 .3  A ffine P ro jec tio n  A lgorith m

Despite the advantages of the NLMS algorithm, it is well known to exhibit slow con

vergence for coloured input signals such as speech [20], [21]. The affine projection 

algorithm (APA) [22] is a generalisation of NLMS, developed to overcome this prob

lem. Rather than using a single input signal vector APA uses an input signal matrix,

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



18

X(n), composed of the last P  input vectors X(n) =  [x(n), x(n — 1 ) , . . . ,  x ( n —(P — 1))]. 

APA can be thought of as a tradeoff between RLS and NLMS, both in terms of com

plexity and convergence speed. While RLS uses a whitened gain vector composed of 

the input signal vector whitened by the full inverse correlation matrix, APA of order 

P  uses a partially-whitened gain vector formed by multiplying the input signal matrix 

with a whitening matrix that is a stochastic estimate of the inverse P  x P  correlation 

matrix. Consequently, APA of order P  can decorrelate and auto-regressive process of 

order P, thereby achieving faster convergence than NLMS [23]. The basic regularised 

APA is presented in Algorithm 2, where hi is a regularisation matrix, analogous to the 

parameter h in NLMS, used to prevent numerical instability in the matrix inversion.

Algorithm  2 (Affine Projection Algorithm (APA)).

Initialisation 

hi 0) =  Qjv

X  =  Ojvxp

Adaptation 

FOR n > 0

e(n) =  y{n) — X.T (n)h (n )

h(n +  1) =  h(n) + i i X( n)  [XH(n)X(n) +  hi] _1 e*(n)

ENDFOR

Notation

hi: diagonal regularisation matrix, to stabilise matrix inverse.
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2 .1 .4  Fast A ffine P ro jec tio n  A lgorith m s

The complexity of the order-P APA as presented in Algorithm 2 is C a p a  =  2 N P  +  

K invP 2 multiplies per update, where K inv is a constant representing the complexity 

of the matrix inverse [24], While the complexity for a given value of P  grows linearly 

with increasing filter length, it is still considerably higher than NLMS. The Fast 

Affine Projection (FAP) algorithm [24] uses simplifying approximations to reduce the 

complexity to C f a p  = 2X +  20P, which makes it comparable to NLMS for acoustic 

echo applications where N  >> P. The first approximation involves the computation 

of the error vector e(n), which is reduced from the matrix multiplication of full APA 

to:

ein)
e ( n ) (2.7)

(1 — fj,)e(n — 1)

where e(n — 1) consists of the upper P  — 1 elements of e(n — 1); this approximation is 

valid for values of /i close to 1. Further complexity reduction is achieved by using a fast 

recursive approach to compute the correlation matrix inverse [XH(n )X(n) +  <5l]-1. 

FAP also uses an alternative coefficient vector that maintains the fidelity of the error 

signal e(n), but can be updated more efficiently than the traditional APA tap weight 

vector.

While it achieves the goal of computational complexity reduction, fast recursive 

estimation of the correlation matrix inverse causes FAP to suffer from numerical in

stability problems. To resolve this issue, the conjugate-gradient fast affine projection 

(CG-FAP) algorithm [25] was developed. In CG-FAP the matrix inverse is reduced 

to a series of P  linear equations which enables the inverse to be computed using 

the conjugate gradient method. The Gauss-Seidel fast affine projection (GS-FAP) 

algorithm [26] uses the same principles as CG-FAP, except that it employs the lower
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complexity Gauss-Seidel method, described in [27], to compute the matrix inverse. 

Both algorithms are have a higher asymptotic computational complexity than FAP, 

CG-FAP requires 2N + 2P2 + 9P + 1 real multiplications per iteration, while GS-FAP 

requires 2N + P 2 + 4P  — 1, however, in [25] it is shown that for projection orders 

P < 8, CG-FAP is less computationally intensive than FAP. The GS-FAP algorithm 

is presented in Algorithm 3. The full APA, as presented in Algorithm 2 is used for 

the simulations that follow, unless otherwise stated.
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Algorithm  3 (Gauss-Seidel Fast Affine Projection Algorithm (GS- 

FAP)).

Initialisation

k  o) = x(0) = 0N1]_{0) = rxx( 0) = Op 

R(0) =  SI b = [  1 0?_1]T 

P (  0) =  b / 5  

Adaptation 

FOR n >  0

Lxxk) = rxx{n -  1) +  x(n)C(n)  -  x(n -  N )C (n  -  N)

Update R(n) using rxx

Solve R(?7.)p(n) =  b using one GS iteration

h(n)  — h { n  ~  1) +  t ^ l P - i ( n  ~  l ) x ( n  — P )
^  H

e(n) = y{n) — h (n)x(n) — pfjH(n)r{n) 

e(n) =  e(n)p(n)

7 7(7 7) =  [0 fjT{n — 1)]T +  e(n)

ENDFOR

Notation

dl: diagonal matrix, to initialise R(n).

£(n): uppermost P  elements of xin).

7]P-i{n)'. lowermost element (scalar) of the vector 77(77.)..

77(7 7): uppermost P — 1 elements of 77(7 7).

r(n): left column of the autocorrelation matrix R(n).

r(n): lowermost P — 1 elements of r{n).
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2.1 .5  In d iv id u al S tep -S ize  A lgorith m s

The NLMS algorithm does not make any assumptions about the nature of the sys

tem being modelled, making it a suitable, but not necessarily the most efficient, 

algorithm for all types of system identification problems. Since acoustic echo path 

impulse responses tend to have similar time domain characteristics, algorithms have 

been developed to exploit a-priori knowledge about the echo path shape in order to in

crease convergence or tracking speed. The Exponential Step-Size NLMS (ES-NLMS) 

algorithm [28] was derived based on extensive measurements of office room acoustic 

echo path impulse responses. It was observed that the variance (energy) of acoustic 

echo path samples decreases in an approximately exponential fashion. To take advan

tage of this observation the ES-NLMS algorithm uses individual step-sizes for each 

tap, rather than a single /j, for the entire adaptive filter, and the step sizes decrease 

exponentially with increasing tap index. A downside of the ES-NLMS algorithm is 

that the step-size profile is fixed, so the reverberation characteristics of the room in 

which the echo canceller is operating must be known.

By using individual step-sizes that are chosen adaptively, the shape of the echo 

path can be exploited without a-priori knowledge of the characteristics of the acoustic 

environment. An example of an individual step-size algorithm that adaptively mod

ifies the step-sizes is the Proportionate NLMS (PNLMS) algorithm [29]. In PNLMS 

the available adaptation gain is distributed in proportion to the tap energy. This 

is achieved by using a time-varying N  x N  step-size matrix with diagonal elements 

that are proportional to the absolute value of the corresponding adaptive filter tap 

weight. While PNLMS offers fast convergence for sparse echo paths (close to a delta 

function), it is slower than NLMS for dispersive echo paths, making it unsuitable for 

acoustic echo applications. In [30] this poor performance was explained by the fact 

that during initial adaptation the tap estimates are inaccurate and distributing the

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



23

adaptation energy based on those estimates results in poor convergence. To reduce 

the effect of inaccurate tap estimates, the improved PNLMS (IP-NLMS) algorithm 

in [30] changes the energy distribution rule used by PNLMS by adding a fixed ele

ment to the step-size matrix. This fixed component smooths the energy distribution 

thereby improving the convergence when the coefficient estimate is not accurate. The 

IP-NLMS algorithm is presented as Algorithm 4, where a  is a parameter that con

trols the ratio of fixed to proportionate step-size. For a = — 1 the algorithm reduces 

to standard NLMS, and for a = 1 it behaves like PNLMS. According to [30], good 

choices of a are 0 or -0.5, and a value of a = —0.5 is used for the simulations in the 

sequel.

Individual step-size algorithms can also be combined with the APA to further 

improve convergence speed for coloured inputs [31], producing algorithms that ex

ploit both the input signal statistics and the impulse response shape to achieve fast 

convergence and good tracking for white or coloured inputs. An example of such 

an algorithm, the Improved Proportionate Affine Projection Algorithm (IP-APA), is 

listed in Algorithm 5. The convergence and tracking benefits of using proportionate 

step-sizes comes at the cost of additional complexity. For IP-NLMS and IP-APA, 

the computation of the step-size matrix requires N  multiplies to calculate ||h(n)||i 

and an additional N  multiplies to compute the individual step-sizes. Furthermore, 

the calculation of the power normalisation for IP-NLMS requires an additional N  

multiplications compared to NLMS, and the calculation of the whitening matrix in 

IP-APA requires an additional P N  multiplications compared to APA.
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A lgorithm  4 (Improved Proportionate NLMS (IP-NLMS)).

Initialisation 

x(0) =  h{ 0) =  0N 

A(0) =  //I 

Adaptation 

FOR n > 0
 ̂H

e{n) =  y(n) — h (n)x(n)

A(n) =  diag{a0(n ),. . . ,  aN_i(n)}

ENDFOR

Notation

e: small positive constant to avoid numerical instability. 

a: parameter controlling ratio of fixed to adaptive step-size.

where

I G { 0 , 1 , . . . ,  N  —  1}
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A lgorithm  5 (Improved Proportionate APA (IP-APA)).

Initialisation

m  = oN

X  = Ojvxp 

A(0) =  n I 

Adaptation 

FOR n > 0

e(n) = y(n) — X.T (n)h (n )

A (n) =  diag{a0(n ),. . . ,  aN_i(n)} 

where
/ . l —a . , \hih(n)\ ,

ai(n ) =  “ 9  at +  ( 1  +  \-11------- > I e {0 , 1, . . .  , N  -  1}
2N 2\\h(n)\\1 + e

h(n +  1) =  h(n) +  f iA(n — l)X (n)[X if(n)A(n — l)X (n) +  5I]_1e*(n)

ENDFOR

Notation

51: diagonal regularisation matrix, to stabilise matrix inverse, 

e: small positive constant to avoid numerical instability. 

a: parameter controlling ratio of fixed to adaptive step-size.

2.2 Subband Echo C ancellation

Subband adaptive filtering was proposed in [32] and [33] as a method to overcome 

the problems associated with wideband acoustic echo cancellation, namely the high 

computational complexity associated with modelling a wideband echo path and the 

slow convergence of LMS adaptive filters with large numbers of taps and for coloured 

inputs such as speech [16]. In addition to reducing the complexity and speeding
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convergence of adaptive filters, subband processing offers flexibility to the designer 

of an acoustic echo cancellation system; different parameters can be chosen for each 

subband.

The subband approach makes echo cancellation more computationally feasible in 

several ways. First, the bandlimited subband signals can be downsampled, thereby 

allowing the filter adaptation to occur at a lower rate than the system sampling 

rate. Even for modest downsampling factors, the reduction in processing rate can be 

enough to overcome the additional computational cost associated with the analysis 

and synthesis filtering required to decompose and reconstruct the subband signals. 

Second, if the subband filters are adapted independently, the adaptation can be per

formed in parallel on a multi-processor system using lower cost DSPs. This is the 

approach taken in [34] and [35] where subband systems were implemented on general 

purpose DSPs, the first using an 8-band system and operating at a system sampling 

rate of 8 kHz, the second using a 64-band system for wideband echo cancellation at 

16 kHz sampling rate.

In addition to making the problem more tractable, the subband configuration may 

also improve the performance of an echo canceller, especially in the wideband case. 

The adaptive algorithm step-size can be chosen separately based on the energy in each 

subband, leading to faster convergence and better tracking in the bands where there 

is more signal energy. More importantly however, for highly correlated input signals, 

such as speech, the subband signals will be more spectrally flat than the fullband 

signal. For algorithms such as NLMS for which the convergence speed depends on 

the spectral flatness of the input, subbanding can result in faster convergence [36].

An example of the convergence improvement offered by subband adaptive filters 

can be seen in figure 2.1, where the system distance convergence of two-times oversam

pled subband NLMS is compared to fullband NLMS and fullband APA with P  =  3.
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F igure 2.1: System distance convergence of fullband and subband adaptive algorithm s for 
coloured input.

The highly coloured input is formed by filtering white noise through an all-pole filter 

obtained from 16th order linear prediction of a voiced speech segment (see section 

2.4.1). The convergence of the fullband NLMS is very slow as a result of the severe 

spectral coloration. As the number of subbands is increased, individual bands be

come more spectrally flat, and the rate of convergence of the overall system increases, 

such that the initial convergence of the M  = 16 subband system approaches that of 

APA. The issue of convergence speed for correlated inputs is magnified in a wideband 

setting, as the spectral coloration of wideband speech signals is greater than that of 

narrowband, and the higher sampling rate necessitates more adaptive filter taps to 

model the same echo path length.

The flexibility that subband adaptive filtering provides arises in the way it allows 

for different processing in each subband. In [1] it is suggested that the number of taps 

in each subband can be adjusted so that fewer taps are assigned in the bands with little
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S ubband  Analysis

Fullband Synthesis S ubband  A nalysis

H

ff)~~ Â/-l

F igure 2.2: Subband echo canceller after [1]

echo energy or where the echo path has a shorter reverberation time, thereby reducing 

the complexity and improving the convergence speed without degrading the overall 

performance. A similar conclusion is reached in [37] where, based on listening tests, 

it is shown that higher frequency echoes are less perceptually significant, so subband 

structures can allocate fewer taps to those bands without audible degradation of the 

echo cancellation performance.

2.2.1 Subband A d ap tive  F ilter  S tru ctu res

In a subband echo cancellation system, as shown in figure 2.2 the the input signal 

x(n) and the reference signal y{n) are split into M  subbands by a bank of analysis 

filters H_m, m  G {0, . . . ,  M  — 1}, and downsampled by a factor D < M. The subband 

adaptive filters hm{n) are adapted using the local error signals em(n), and the fullband 

error signal e(n) is obtained by upsampling the subband error signals by D, and 

filtering through the bank of synthesis filters F_m. With the local error structure, in
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order for the fullband error to be driven to zero the subband errors must also be zero. 

When this occurs, the system satisfies the condition [34]:

M —l M  — l

£  L ( z D)Hm(z) = £  Hm(z)h(z). (2.8)
m=0  m = 0

An alternative approach to subband adaptive filtering involves synthesising the full

band echo replica d(n), computing the fullband error signal e(n) =  y(n) — d(n), 

splitting the fullband error into subbands, and using the subbanded global error to 

adapt the subband adaptive filters. In this configuration, a zero fullband error signal 

does not imply zero subband errors, instead the approach leads to synthesis-dependent 

solutions that satisfy the weaker condition [34]:

M - l  M —l

£  E m(z)hm(zD)Hm(z) = £  F J z ) H m(z)h(z). (2.9)
771 =  0  771=0

A primary advantage of the global error approach is that it is capable of driving the 

fullband error to zero without requiring the subband error to be zero, consequently 

it is capable of cancelling modest reconstruction errors in the filterbanks. The global 

error method has not been examined as much as the local error method because of

two main drawbacks: error components outside of the frequency range of a given

subband act as noise in the subband signal, slowing the adaptation; and the subband

error signals used for adaptation are delayed by the synthesis filterbank, degrading the

tracking ability of the adaptive filter and reducing its effectiveness for acoustic echo 

cancellation [16]. All of the simulations in this thesis use the synthesis-independent 

configuration of figure 2.2.

The early analyses of subband echo cancellation systems in [34] and [38] demon

strated that for a critically downsampled subband system (ie., where D — M)  using 

non-ideal filterbanks, the output error signal contains significant aliasing distortion in 

the transition band region. The reason for this is as follows. In an analysis filterbank
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where only adjacent filters overlap, the filters have a magnitude of 0.5 or -3 dB at 

the crossover point, in order to ensure that the filterbank is power complimentary 

and the overall filterbank frequency response is flat. Since the crossover point of a 

critically sampled filterbank is the Nyquist frequency, and the filters are non-ideal, 

all of the spectral content in the transition band is aliased back into the baseband. If 

no processing is performed on the subband signals it is be possible to compensate for 

the aliasing with an appropriately designed synthesis filterbank, however in subband 

echo cancellation processing is performed as the echo signal is removed at the subband 

level. The aliasing in a critically sampled subband acts as high level noise, disrupting 

the adaptation and resulting in poor echo cancellation in the transition band regions.

One option to deal with the aliasing problem is to use adaptive cross-filters as 

described in [38]. The cross-filters compensate for the non-ideality of the filterbank 

by including some energy from adjacent bands in the subband error signal. Even 

though the cross-filters can be shorter than the main filters, they still present an 

added computational burden. The most common approach to dealing with subband 

signal aliasing is to avoid aliasing distortion by using non-critical downsampling (ie., 

D < M), this approach was first suggested in [1]. In an M  band filterbank, where the 

subband signals are downsampled by a factor D < M,  the crossover point between 

adjacent filters is it/ M  while the Nyquist frequency of the downsampled signal is n /D ,  

allowing the transition band of the analysis and synthesis filters to be (7t/D  — ir/M) 

wide without introducing aliasing from the transition band. As an additional ad

vantage, this wide transition band permits the use of shorter analysis and synthesis 

filterbanks, reducing the signal path delay. This is especially important in a VoIP 

setting where any delay above the significant network, buffering and queueing delays 

is undesirable. Naturally the lower downsampling factor results in an increase in com

putational complexity; the choice of decimation factor is therefore a tradeoff between
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aliasing in the subband signals, signal path delay and computational complexity.

2.2 .2  F ilterb an k  D esign

The topic of filterbank design is extensive and complex, and has been treated in 

detail in previous works such as [39] and [2], and will not be discussed here. However, 

the structure of the filterbank is an important design decision, and will be briefly 

addressed.

A common structure for filterbanks is the uniform modulated filterbank, where 

the input signal is split into a set of subband signals each covering an equal fraction of 

the frequency spectrum. There are two complimentary ways of visualising a uniform 

modulated filterbank. The first way, depicted in figure 2.3(a) is to see the subbanding 

process as consisting of distinct modulation and filtering steps. For each branch of 

the analysis portion of the uniform modulated filterbank the input signal is frequency 

translated so that the centre of the desired frequency band is at to = 0, the modu

lated signal is then lowpass filtered and downsampled to create a subband signal at a 

reduced sampling rate. On the synthesis side, the fullband signal is reconstructed by 

upsampling the subband signals, passing them through an anti-imaging lowpass filter, 

de-modulating them from the baseband to form a bandpass signal, and summing the 

bandpass signals. An equivalent way of viewing the process, depicted in figure 2.3(b) 

is to combine the filtering and modulation steps into a bank of modulated bandpass 

filters Hm(z), m  E {0,1, . . . ,  M  — 1}, evenly spaced across the frequency spectrum. 

The bandpass filters are derived by convolving a lowpass prototype filter with a mod

ulation kernel. The uniform modulated structure is desirable as the design of the 

entire bank of filters reduces to designing the lowpass prototype. The choice of mod

ulation kernel affects the frequency positioning of the filters and determines whether 

the resulting subband signals are real or complex. A popular choice is the Discrete
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(a) Modulation and lowpass filtering interpretation.

(b) Bandpass filterbank interpretation.

F igure 2.3: A lternate interpretations of a uniform G D FT analysis filterbank, after [2].

Fourier Transform (DFT) kernel W where WM = eh27rm/M), which produces a 

bank of complex filters centred at uim = 2nm/M,  such that the m  =  0 channel cen

tred is at oj = 0. The Generalised DFT (GDFT) extends DFT-modulated filterbanks 

to allow the m = 0 band centre to be other locations than the origin. The GDFT 

kernel is given by IT^(m+TOo)G+™o) where no and mo are the time and frequency offsets 

controlling the frequency bin centres and phase offsets of the modulated bandpass fil

ters [39]. The structure used in this thesis is a uniform GDFT modulated filterbank, 

implemented as in figure 2.3(b).

T he analysis and  synthesis filters used  in  th is  thesis are  near perfect reco n stru c tio n  

GDFT m o d u la ted  filters designed using a  M a t l a b  p rog ram  based  on th e  w ork in  [40]
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and available at [41]. The program employs an iterative least squares approach to 

design a prototype filter that minimises an error function consisting of a weighted 

sum of the analysis-synthesis reconstruction error and the stopband energy. In this 

way a tradeoff can be obtained between perfect reconstruction and in-band aliasing. 

The prototype filter has real valued coefficients and exhibits linear phase. The GDFT 

frequency offset is mo =  1/2, which places the bin centres at wm = 2-rcm/M +  n /M .  

This is known as odd-channel stacking and it allows the real frequency range u = [0,7r] 

to be covered with a bank of M /2 evenly spaced filters. The time offset of n0 = 

(Lp — l)/2,  where Lp is the length of the prototype filter, ensures that the overall 

analysis-synthesis system is linear phase [40]. Figure 2.4 presents the magnitude 

response of an example GDFT modulated oversampled filterbank for the case of 

M  = 8 and D =  4. The prototype filter has Lp = 64 coefficients and was designed 

to have a stopband attenuation of 90 dB as in [40]. It should be noted that fast 

versions of oversampled GDFT filterbanks exist that employ a polyphase factorisation 

and the Fast Fourier Transform (FFT) to achieve an overall filterbank complexity of 

Cfast =  -^(4Mlog2 M  +  6M  + Lp) real multiplications per sample [18]. For simplicity, 

this thesis uses the direct form implementation with M  complex linear phase bandpass 

filters which requires Cdirect =  4M(Lp/2) real multiplications per sample.

If complex signal processing is not desirable, there are several possible methods 

to obtain real-valued subband signals including using a bank of bandpass filters or a 

single-sideband modulated filterbank. The allowable downsampling rate of a bank of 

real bandpass filters is limited by the bandpass sampling theorem and is therefore is a 

function not only of the bandwidth, but also the upper cutoff frequency. A bandpass 

signal can be represented by uniform sampling at the rate [42]:
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/
/:

Normalized Frequency (xtt rad/sample)

F igu re 2.4: GDFT m odulated analysis filterbank, M  =  8, D =  4

where f u is the upper frequency and B  is the bandwidth. For integer decimation 

factors, the band-edge must be at an integer multiple of the sampling rate divided 

by the B. For oversampled filterbanks, this restriction brings about the need for 

non-uniform subbands [40].

To obtain real-valued subband signals while avoiding the issues associated with 

bandpass sampling, the bandpass signals may be modulated to the baseband prior to 

downsampling. Real modulated subband signals can be constructed from the com

plex signals produced by GDFT modulated filterbanks by: frequency shifting the 

complex baseband signal so that the spectrum lies entirely in positive frequencies; 

and taking the real part of the modulated signal, thereby reflecting the spectrum 

about lo = 0 and creating a real signal with twice the bandwidth of the original 

complex signal. The result is known as a single-sideband (SSB) signal [39]. The act 

of twinning the spectrum and doubling the bandwidth of the subband signal halves 

the allowable downsampling factor, however real calculations are less computationally 

intensive than complex calculations. In [43] it is shown that for the LMS algorithm,
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the computational complexity of a SSB implementation is higher than a DFT filter

bank version due to the extra computational burden of creating the SSB signal from 

the complex subband signal. However, it is been argued in [18] that for algorithms 

such as the affine projection algorithm that have a large overhead calculation, a SSB 

implementation may be more efficient.

2.2.3 S tead y  S ta te  P erform an ce o f  Subband  Echo C ancellers

The echo cancellation performance of all adaptive filters is limited by background 

noise, undermodelling of the echo path impulse response [44] and non-linear distortion 

from sources such as the hands-free terminal loudspeaker and microphone [45]. In 

the case of subband echo cancellers there are additional limits posed by aliasing 

distortion [41] and the need to model non-causal subband impulse responses [34], 

According to [16] under modelling of the echo path and aliasing distortion caused by 

non-ideal analysis filterbanks are the greatest sources of excess MSE, and the MSE 

performance of the system is dominated by the larger of the two until the MSE is 

small enough that they both contribute.

The effect of echo path undermodelling can be seen in figure 2.5 where the steady 

state ERLE for white noise trained echo cancellers is plotted as a function of the 

number of adaptive filter taps. Since the impulse response used for the simulation has 

4000 samples and no noise was added, the ERLE of the fullband system approaches 

infinity (MSE goes to zero) for adaptive filter lengths greater than 4000. In the 

subband case, the analysis filters have a stopband attenuation of 90 dB, so the ERLE 

is initially dominated by undermodelling of the echo path and therefore grows at the 

same rate as the fullband system. Once the number of taps exceeds approximately 

3500, the error incurred by undermodelling of the echo tail becomes small, and the 

ERLE growth rate slows, eventually reaching a maximum of approximately 43 dB for
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4000 taps. This ERLE limit is not caused by aliasing distortion, but by the need to 

model non-causal taps. There is an early mention of this issue in [34] an in-depth 

analysis is provided in [46].

The need to model non-causal taps arises when a fullband echo path is approx

imated by a set of subband filters. Each of the subband magnitude responses is a 

frequency windowed (bandpass filtered), and frequency expanded (decimated) version 

of the fullband magnitude response. In the time domain this frequency windowing 

corresponds to convolution with a modulated two-sided sine (a;) function, which re

sults in a non-causal subband impulse response. Not modelling the non-causal taps is 

essentially undermodelling the front of the impulse response rather than the tail, and 

the effect on ERLE is the same. Some of the non-causal taps can be accounted for by 

delaying the desired signal relative to the reference signal, effectively increasing the 

flat delay of the echo path. In VoIP systems where the flat delay is already high, the 

non-causal taps can be modelled adequately without added delay. Figure 2.6 shows 

the effect that modelling these non-causal taps has on the achievable ERLE, 4300 

taps were used to ensure that the tail remained fully modelled as the desired signal 

was increasingly delayed. The rate of ERLE increase begins to decay as the limit 

of approximately 70 dB is reached where the effects of aliasing distortion mix with 

the effects of undermodelling. In summary, for a noise and distortion-free subband 

echo canceller, undermodelling of both ends of the impulse response and aliasing dis

tortion combine to limit the achievable ERLE so that for a fully modelled system, 

a fullband structure will always outperform an equivalent subband structure in the 

steady state. In practice however, background noise and signal distortion likely the 

achievable ERLE before these limitations become apparent.
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2.3 D oubletalk  D etection
38

When both the near-end and far-end users of a telephone link are speaking at the 

same time, the situation is known as doubletalk. During doubletalk, the near end 

speech acts as a high-level uncorrelated noise source and can result in mis-convergence 

of the adaptive filter. A doubletalk detector must be used to detect the presence of 

near-end speech and halt or slow the filter adaptation while the near-end talker is 

active.

The simplest and earliest doubletalk detection algorithm is known as the Geigel 

algorithm [47]. The Geigel algorithm compares the levels of the current near-end 

sample, and a history of previous far-end samples and declares doubletalk when:

In [47] a threshold value of T  = 0.5 is used, based on the assumption that the 

hybrid coupling loss is approximately 6 dB. The Geigel algorithm is frequently used 

in network echo cancellation, but it does not perform well in acoustic echo situations, 

where the coupling loss is much more variable.

A more general and robust algorithm that does not assume a fixed coupling loss 

is the normalised cross-correlation algorithm [48] which uses the decision variable

between the input signal vector and the near end signal. The algorithm works in the 

following way: assuming the echo path h to be linear, stationary and of finite length

\ y ( n )\ > T. (2 .10)
max{|x(?7, — 1)|, |x(n  — 2) | , . . . ,  \x(n — iV)|}

(2 .11 )

Where ay is the near end signal power and rxy =  £{x(n)y*(n)}  is the correlation
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L, when no doubletalk is present the microphone signal y(n) consists only of echo:

y(n ) =  hHx L(n)

and therefore

c72y = hHTixxh (2.12)

Furthermore, since h is linear

Lxy = £{x(n)y*(n)} = R xxh 

Which gives an alternate form of (2.12)

e 2y = L Xy K l L xy (2.13)

Taking the square root of the ratio of (2.13) and (2.12) gives (2.11). In the absence of 

doubletalk the numerator and denominator of (2.11) will be equal, giving the decision 

variable a value of 1. When doubletalk is present the denominator will include the 

power of the near end speech in addition to the echo power, so the decision variable 

will take on a value less than 1. In real situations local background noise will also 

corrupt the echo power estimate in the denominator. In that case the threshold 

value can be adjusted to compensate for near end background noise, or a noise offset 

can be adaptively calculated and added to the numerator, as in [49]. In practical 

implementations the approximation h(n) ~  h is used, based on the assumption that 

the coefficients have converged to a neighbourhood of the Weiner solution. The signal 

power and cross-correlation vector, ay and rxy are assumed to be stationary, or at 

least slowly varying, and are typically estimated using a sliding window average. A 

hangover period, Th0id, is also employed to account for the noisy behaviour of the
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doubletalk detection variable [50]; if doubletalk is declared, adaptation is halted for 

at least XJioM-

In [50] numerous methods for detecting doubletalk in acoustic echo cancellers are 

discussed and compared using an objective measure. It is shown that the normalised 

cross-correlation approach of [48] provides the most robust and accurate detection, 

consequently this is the doubletalk detection algorithm employed in this thesis.

2.3.1 Subband D o u b leta lk  D etec tio n

As with adaptive filtering algorithms, all doubletalk detection algorithms can be used 

in a subband system. Also, just as subband adaptive filters can operate using either 

global or local error signal, subband doubletalk detectors can use either global or 

per-subband doubletalk decisions. In [51] two subband doubletalk detection configu

rations are studied, in both configurations the decision to declare doubletalk is a global 

decision based on a combination of the local decisions from the subband doubletalk 

detectors. In the first configuration the decision for all bands is based on the decision 

of the subband detector found to have the best detection performance, in this case 

the lowest frequency subband. In the second configuration the decision for all bands 

is formed by taking a sum of all of the local subband decision variables weighted by 

the signal power in the corresponding subband. It was demonstrated that, compared 

to the fullband configuration, the “optimal subband selection” method, where only 

the decision from the lowest frequency band was used, yielded a better probability 

of detection for the same probability of false alarm. The weighted sum method also 

performed better than the fullband scheme, but by a lesser amount. The optimal sub

band selection method requires an a-priori selection of which subband will be used 

for the decision, rendering it vulnerable if narrowband noise degrades the SNR in the 

chosen band.
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The authors of [51] also mentioned, but did not investigate, the possibility of 

having the subband doubletalk detectors independently control their respective sub- 

bands. This is the approach taken in [52], where local decision doubletalk detectors 

are used in a critically decimated cosine modulated subband echo cancellation struc

ture. To compensate for the aliasing created by critical sampling, the subband error 

and reference signals and the gradient estimates incorporate some adjacent-channel 

components. The doubletalk detection variable in equation (2.11) is also modified to 

include adjacent-band terms. It was found that when doubletalk was present during 

the initial convergence period, the fullband doubletalk detector halted the adapta

tion more frequently than the subband detectors, resulting in faster convergence of the 

subband structure, and a 4.2 dB higher ERLE during the convergence period. The 

faster convergence was attributed to the doubletalk signal energy not being present 

in all bands during the doubletalk period, so some bands continued to adapt while 

the global decision structure was halted entirely. This effect would likely be more 

prominent in a wideband scenario, where the spectral distribution of the doubletalk 

energy is even less uniform.

2.4 V ocoder D istortion

2.4.1 Linear P red ic tiv e  C oding

Human speech production can be roughly modelled as an excitation source in the 

throat driving a time-varying filter representing the vocal tract. Many low bit-rate 

voice coding systems achieve high quality speech transmission at significantly reduced 

bit-rates by dividing a speech signal into frames, and fitting each frame of data to 

this simplified model. By transmitting only the vocal tract model parameters and a
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description of the excitation signal, rather than the entire sequence of speech samples, 

the data rate of the speech signal is greatly reduced.

In linear predictive (LP) coding the vocal tract filter is modelled as an all-pole 

filter. To regenerate the speech signal from the transmitted parameters, the all-pole 

analysis filter is driven with an excitation signal. In the ^-domain, the speech signal 

s(n), produced by the input excitation signal x(n), is given by [53]:

®W = TVW)X{Z)

= i + e L “*V (̂z)’ <214)

where upper-case letters denotes the z-transform, g is the gain of the vocal tract, the 

coefficients ak of the polynomial A(z)  are known as the predictor coefficients, and p is 

the prediction order. The term linear prediction is used because each reconstructed 

speech sample is predicted from a linear combination of the p previous samples as 

s{n ) = Ylk=iaks in ~  k). The LP coefficients are selected using a least mean 

squares criterion to minimise e2(n) =  (s(n) — s(n))2, the squared error between the 

reconstructed and original speech sample values.

The LP residual signal given by r(n) =  s(n) — s(n) is the ideal excitation, as 

it perfectly reproduces the original speech, however transmitting the entire residual 

signal requires too much bandwidth for a low-rate system. Code-excited LP (CELP) 

uses codebooks known to both the transmitter and the receiver; the transmitter only 

sends the codebook index and an excitation magnitude scaling factor, rather than 

the entire excitation signal, significantly reducing the amount of data transmitted. 

In CELP systems the excitation vector is chosen from the codebook to minimise the 

perceptual difference between the original and coded speech. The objective is to have 

the reconstructed speech resemble the original to the human ear. This is done using a 

closed-loop analysis-by-synthesis search procedure whereby an estimate of the original
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speech is created using the synthesis filter and the excitation codebook vectors in 

equation (2.14), the estimate is subtracted from the original speech and the resulting 

error signal is shaped by a filter which reduces the weight of the quantisation error 

in areas that are less perceptually relevant . By minimising the MSE of this weighted 

error signal, an excitation is chosen which sounds the most like the original input 

signal.

2.4.2 G .722 .2  /  A M R -W B  C odec O verview

The AMR-WB codec is a recently developed low bit-rate voice coder designed for 

packet network telephony. It has been adopted by both the International Telecom

munications Union (ITU) for land line use (as ITU standard G.722.2) and the Third 

Generation Partnership Project (3GPP) for wireless mobile communications [11], [12]. 

Unlike previous vocoders, such as those used in second generation wireless mobile sys

tems, AMR-WB operates at a sampling rate of 16 kHz, and is therefore able to offer 

high quality wideband speech. The AMR-WB coder/decoder (codec) defines nine 

speech coding modes, allowing a trade off between speech quality and transmission 

rate. The two lowest bit rate modes are intended only to be used during severe 

channel conditions, while the upper seven modes offer varying degrees of high qual

ity wideband speech. All of the modes use the same coding model, differing only in 

the size of the CELP codebook, level of parameter quantisation and the number of 

parameters transmitted. The AMR-WB coder is based on the algebraic code-excited 

linear prediction (ACELP) [54] coding model which is a form of CELP using algebraic 

codes to simplify the excitation search procedure.

The AMR-WB codec operates on 20 ms frames of speech, which corresponds to 

320 samples at a sampling rate of 16 kHz. The LP analysis and excitation search 

are performed at a rate of 12.8 kHz, so the input speech is first downsampled by a

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



44

factor of 4/5. The speech signal is also filtered through high-pass and pre-emphasis 

filters. The high pass filter has a cutoff of 50 Hz to eliminate unwanted low frequency 

components, and the pre-emphasis filter enhances the high frequency components to 

reduce the dynamic range of the input signal thereby reducing the effects of fixed- 

point arithmetic.

After input pre-processing, LP analysis is performed to calculate the prediction 

coefficients. Since there can be a large change in LP coefficients over the 20 ms frame 

period, the frames are divided into four 5 ms subframes where the computed LP 

coefficients are used for the fourth subframe, and the coefficients for the first three 

subframes are calculated by interpolating between the current coefficients and those 

of the previous frame.

Once LP analysis is complete the excitation is selected from the algebraic code

book. In addition to the fixed codebook described in section 2.4.1, there is also an 

“adaptive codebook” consisting of the previously transmitted excit ation vectors. This 

past excitation is delayed, scaled and added to the fixed codebook excitation vector 

to create the long-term pitch structure of the synthesised speech. The adaptive code

book gain and lag are found using the same analysis-by-synthesis procedure used to 

find the fixed codebook excitation. When the adaptive codebook parameters have 

been identified, the adaptive contribution is subtracted from the target speech signal 

to create a new target signal which is used in the closed loop search for the fixed 

codebook vector. Once the entire excitation is chosen, the fixed and adaptive code 

book indices, the excitation gain and index, and the quantised LP coefficients, are 

encoded and transmitted to the receiver

At the receive end, the decoder decodes the received LP coefficients and generates 

the excitation based on the fixed and adaptive codebook information. The excitation 

vector is then filtered through the synthesis filter to create a 12.8 kHz sampling rate
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speech signal. The signal is post-processed to reverse the pre-processing performed 

by the encoder and then upsampled to the original 16 kHz. The spectral gap left by 

the antialiasing filter is filled by a high-band signal which is generated by filtering 

random noise through a frequency expanded version of the LP filter.

In addition to employing the basic ACELP coding model, the AMR-WB codec 

has some additional features to permit further transmission rate reductions. As the 

“Adaptive Multirate” part of the name implies, it is possible for the encoder to adap

tively switch between coding modes at a speech frame boundary, in order to maximise 

the speech quality under changing channel conditions. The codec can also contains 

a Voice Activity Detection (VAD) component which attempts to determine the pres

ence of a signalling tone, speech or other information which should be transmitted. 

Depending on the transmission situation, if the VAD determines that no speech is 

present the coder may either switch to a lower rate to code the background com

fort noise, or simply transmit parameters describing the background noise, which is 

synthesised at the receiver.

2 .4 .3  Echo C ancella tion  in th e  P resen ce  o f V ocoder D isto r 

tion

For optimum performance an acoustic echo canceller should be placed as close to 

the echo source as possible, typically it is integrated within the hands-free terminal 

itself. However, as discussed in [55], there are cases where a centralised echo can

celler is desirable. A centralised echo canceller placed at a network gateway could 

service the echo cancellation needs of multiple terminals, thereby reducing terminal 

complexity, and enabling decreases in terminal size, power consumption and/or cost. 

A centralised or network gateway echo canceller may also be required if the echo
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cancellation provided by the terminal is not adequate. W ith the delay dependence of 

perceptual echo levels, an acceptable level of residual echo may become objectionable 

when it is subjected to the delays of a VoIP network. When a centralised echo can

celler is used in a VoIP situation, the encoder and decoder become part of the echo 

path. Since LP coders aim for perceptual fidelity rather than waveform matching, 

the encoding and decoding process introduces significant non-linear distortion into 

the echo path, degrading the performance of a linear echo canceller.

An extensive investigation of the effects of vocoder distortion was performed by 

Huang in [6]. The work focuses on network echo cancellation, and compares the ERLE 

performance of fullband NLMS, Fast Affine Projection (FAP) and Fast Transversal 

Filter (FTF) algorithms when the echo path includes vocoder distortion in both the 

transmit and receive paths. The vocoders tested were the ITU G.729 and G.723.1 

vocoders, both of which are based on the linear predictive coding model, and operate 

at 8 kHz sampling rate. It was demonstrated that while FTF provides the best echo 

performance when no vocoder is present, FAP performs the best in the non-linear 

echo path. This was attributed to the FAP’s superior tracking ability. The source of 

the non-linear distortion was also investigated: perceptual quality enhancement post

filtering, model parameter quantisation, and LP filter excitation modelling, were all 

found to affect the echo cancellation performance, however excitation modelling was 

identified as having the greatest impact.

Following the work of Huang, Lu studied non-linear post-filtering approaches to 

reduce the significant residual echo which results from vocoder distortion degrading 

the performance of a linear acoustic echo canceller. The approach in [56], uses a 

non-linear pitch analysis based post processor to reduce the residual echo left after 

APA echo cancellation when the channel includes a G.729 vocoder. The work in [55] 

uses the adaptive cross spectral algorithm rather than APA, and a psychoacoustic
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Wiener-type post-filter, which attempts to lower the residual echo below the audible 

threshold, rather than the pitch analysis approach. As with [56], the G.729 vocoder 

is used to produce the non-linear echo path.

Other than the work of Huang and Lu, there has been little research related to 

the impact of vocoder distortion on echo cancellation. In particular, the effect of the 

wideband G.722.2 vocoder has not been investigated. While G.722.2 employs the 

same coding model as G.729, it operates at a higher sampling rate and uses higher 

order linear prediction, therefore the distortion it imposes should differ.
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C hapter 3

E xperim ental Setup  and S im ulation  

P aram eters

3.1 Echo P ath  Im pulse R esponse M easurem ent

In order to obtain accurate Loudspeaker-Room-Microphone echo path impulse re

sponses for simulation use, echo path measurements were carried out in real con

ference rooms using commercially available hands-free terminals: the Mitel 5235 IP 

Phone and Mitel 5140 IP Appliance, shown in figure 3.1. Signal leads were attached 

to the terminal allowing the loudspeaker to be driven externally and the microphone 

signal to be measured directly without any processing from the terminal. The setup 

used to measure the echo path impulse responses is depicted in figure 3.2. The ana

log to digital conversion (ADC) and digital to analog conversion (DAC) tasks were 

handled by a PreSonus Firepod digital sound recording interface. The Firepod has 

integrated pre-amps with individual gain adjustment which allowed the high level 

reference and low-level microphone signals to be captured with high dynamic range; 

a 5 kHz tone was used as a calibration signal to measure the relative gains of the 

channels. The Firepod was connected via an IEEE 1394 (Firewire) link to a Pentium

48
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(a) Mitel 5235 IP Phone (b) Mitel 5140 IP Appliance

F igure 3.1: H ands-free term inals used for echo p a th  im pulse response m easurem ents.

Pentium IV PC 
With Adobe Audition PreSonus Firepod

Firew ire Link

White
noise

Recorded
signals

Am plifier

c

Reference signal

Microphone signal

F igure 3.2: Echo path  impulse response m easurem ent setup.

IV PC running Windows XP. Thirty seconds of Gaussian white noise excitation was 

generated on the PC, converted to analog by the Firepod, amplified by an external 

audio amplifier and used to drive the speaker of the hands-free terminal. The echo 

signal was captured using the stock microphone in the hands-free terminal, digitised 

by the Firepod at 48 kHz and 24 bits/sample, and transferred to the PC via the 

firewire link. The signal used to drive the speaker was also captured, to serve as a 

delay and distortion compensated reference signal. The playback and simultaneous 

recording were managed by Adobe Audition version 1.0 recording software running 

on the PC.

To extract the impulse responses the recorded microphone and speaker signals were
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used as the echo and reference inputs to a 12000 tap NLMS adaptive filter running at 

48 kHz. A small step size was used to ensure a small steady-state misadjustment. The 

48 kHz sampling rate allowed for easy downsampling to 16 kHz wideband and 8 kHz 

narrowband echo path impulse responses. The 16 kHz impulse response was obtained 

using the M a t l a b  command h = 3*decim ate(h ,3 ,256, ’FIR’), which uses a 256 

tap FIR anti-aliasing pre-filter before decimating the impulse response by a factor 

of 3. The scaling factor of 3 compensates for the magnitude scaling introduced by 

downsampling. It should be noted that decimating the original data sequences prior 

to NLMS deconvolution produced the same 16 kHz impulse responses.

The measurements were carried out in one large and one small conference room 

(Carleton University rooms ME4359 and ME4439). The first 500 samples of the nor

malised impulse responses of the echo paths sampled at 16 kHz, and the corresponding 

magnitude responses, are presented in figures 3.3 -  3.6. The echo path of figure 3.4 

is the path that was used for simulations unless otherwise noted.

For a given terminal, the early samples of impulse responses are similar as they 

arise from mechanical coupling (vibration) and direct acoustic path coupling. How

ever the later samples, corresponding to the reflections off of the walls, table and 

ceiling, differ between the rooms. Comparing figures 3.3 and 3.4, which were mea

sured in the large conference room, to figures 3.5 and 3.6, which were measured in 

the small room, the contributions of the early reflections can be seen more distinctly 

in the impulse response plots for the small room. This is likely because the walls and 

ceiling are closer to the phone in the smaller room, and the reflected echoes aren’t 

attenuated before they reach the microphone as much as they are in the large room.

The magnitude responses for a given phone are also similar, especially in the low 

frequency region. The echo paths of figures 3.5 and 3.3 both possess comb-hlter like 

magnitude responses in the region below 2500 Hz, and the responses of figures 3.6 and
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Figure 3.3: Echo p a th  impulse and m agnitude response for Mitel 5235 hands-free term inal 
in a large conference room.

3.4 both have a strong primary peak around 500 Hz and a secondary peak around 2000 

Hz. The high frequency regions are more variable for both terminals, but the spectral 

tilt for all four measured paths is greater in the highband region from 4000 -  8000 

Hz than the 0 -  4000 Hz narrowband region. High frequencies are also attenuated 

more than lower frequencies; in figures 3.5 and 3.6, both measured in the in the small 

conference room, the magnitude response at 7 kHz is approximately 10-15 dB lower 

than it is at 4 kHz, depending on the terminal. Additional observations pertaining 

to the echo path impulse and magnitude responses, and their effect on the simulation 

and experimental results, are described in the appropriate chapters.

3.2 Perform ance M etrics

Two typical performance metrics used to compare adaptive echo cancellers are the 

echo return loss enhancement (ERLE) and the system distance. The ERLE is an 

estimate of how well the echo signal is being cancelled by the adaptive filter, and is 

defined as the ratio of the echo power going in to echo canceller to the power of the
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in a small conference room.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



53

000 2000 3000 4000 5000
Frequency (Hz)Sample

(a) Echo path impulse response (b) Echo path magnitude response

Figure 3.6: Echo path  impulse and m agnitude response for Mitel 5140 hands-free term inal 
in a small conference room.

residual echo leaving the echo canceller:

ERLE(n)  = lOlogj
£ { d \ n ) }

dB
310 £ { e \ n ) }

In practice, the expectations are estimated using a sliding window:

Y . t o y \ n - k )
10 Ei£o

ERLE(n)  ~  10 log dB (3.1)

Where y{n) is the microphone signal, e(n) is the residual echo, and Nw is the size of 

the averaging window. A window size of Nw = 500 was chosen for this thesis as it is 

long enough to smooth the ERLE estimate, but short enough that the power of a 16 

kHz speech signal does not fluctuate greatly during the window period.

System distance provides an estimate of how deeply the system has converged by 

measuring the norm of the difference between the adaptive filter tap weight vector 

and the time-invariant Wiener solution. For a fullband filter, the system distance is 

given by:

A(n) =  10 log
\ \ h - h { n ) f

10 dB (3.2)
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Where h is the Wiener solution and h(n) is the adaptive filter tap weight vector at

time n. As discussed in section 2.2 a subband adaptive filter does not converge exactly

Since the goal of the echo canceller is to remove the echo rather than match the 

Wiener solution, ERLE will be the more frequently used performance metric. For 

white inputs ERLE and system distance generally oppose, a large ERLE indicates a 

small system distance. This is not the case for narrowband inputs where the adaptive 

filter will rapidly converge in the frequency region where there is power, resulting in 

a large ERLE, but the tap weight vector will still be far from the Wiener solution, 

resulting in a large system distance. If the filter has converged for a narrowband input, 

and is then driven by frequencies beyond the original input, the ERLE performance 

will be poor while the system distance will improve, as the filter converges in the 

new frequency region. System distance will be used to compare convergence speed 

of different adaptive filtering structures and algorithms, and to show how deeply the 

adaptive filter converges.

to the Wiener solution, rather a set of fully-converged local error adapted subband 

filters satisfies the condition:

M - 1

Y  hm(zD)Hm{z) = Y  H m(z)h{z).
m = 0

The subband system distance is therefore calculated as:

M  — l

m=0 
M — l

m = 0
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All of the simulations were carried out in M a t l a b  version 6.5.1 for Windows XP, 

running on a Pentium IV 2.6 GHz PC with 1 GB of RAM. The speech signal inputs 

are from the TIMIT database [57], and the white Gaussian inputs were generated 

using M a t l a b ’s r a n d n  command. No noise was added to the measurement signals, 

instead the ERLE was limited by undermodelling. The number of fullband taps 

was selected to be 2400, which, based on figure 2.5 yields a maximum ERLE of 

approximately 30 dB. The NLMS step-size was chosen to be p =  1.0, which gives 

the fastest convergence for NLMS [20]. The affine projection order was selected 

to be P = 3, as the performance gains were minimal for higher orders, especially 

in the vocoder distorted channel (this is consistent with the findings of [56]). The 

number of subbands and decimation factor were chosen to be M  =  8, and D = 4, as 

the combination offered reduced complexity compared to the fullband system, while 

maintaining low delay due to the short analysis and synthesis filters enabled by two- 

times oversampling. Structures with M  =  4 and M  = 16 were also tested, and 

offered comparable performance. The G.722.2 encoder and decoder programs used 

in chapter 7 are the 3GPP floating point reference implementation of the AMR-WB 

codec [58]. Table 3.1 summarises the main adaptive filtering algorithm parameters 

that were used for the simulations, unless otherwise noted.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



56

Param eter N otation Value

Number of subbands M 8

Decimation factor D 4

Number of fullband adaptive filter taps N 2400 taps

Number of subband adaptive filter taps N / D 600 taps/subband

NLMS step-size V 1.0

Affine projection order P 3

IP-NLMS proportioning parameter a -0.5

Table 3.1: Default sim ulation param eters.
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C hapter 4

O utput Error Levels in  O versam pled  

Subband A d ap tive  F ilters

Under certain conditions, the mean square error performance of adaptive filters can 

exceed that of the linear time-invariant Wiener filter. The causes of the phenomenon 

are presented and the conditions under which it occurs are discussed, and shown to 

hold true for lowpass, non-Markov correlated signals. In this chapter observations of 

the effect in subband adaptive filters are presented and the practical implications are 

discussed.

4.1 O utput Error Perform ance B ounds for A dap

tive Filters

Contrary to the simplified description presented in section 2.1, the NLMS algorithm 

does not adapt the tap weight vector to the Wiener solution, but rather it adapts to 

minimise the output squared error. If the statistics of the input and reference signals 

obey certain conditions, known as the “independence assumptions” , the Wiener filter 

is the solution that minimises the output squared error, and the two descriptions

57
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can be considered equivalent. In certain cases where those conditions are not met, 

NLMS adaptive filters have been shown to out-perform the time-invariant Wiener 

filter. While the Wiener filter is the MSE-optimal linear time invariant (LTI) filter, 

the NLMS estimator is non-linear and may exploit signal correlation information 

not used by the Wiener filter to achieve a lower MSE. This effect was demonstrated 

in [59] for the case of adaptive equalisation, in [60] for adaptive linear prediction and 

in [61] for adaptive noise cancellation. In [62] near-end distortion was observed in 

a subband APA echo canceller, and was attributed to the colouration of the highly 

oversampled subband signals. An in-depth review of the topic of non-Wiener effects 

in adaptive filtering can be found in [63], and summary of the explanation presented 

in [63] and [61] will be presented here.

Incorporating the adaptation history, the tap weight vector of an NLMS adaptive 

filter (the echo path estimate) at time n can be written as [63]:

n ~ 1  * ( - \

k n ) = m + ^ - ^ ~ m -  (4.i)

This yields the estimated echo replica:

/V -s £[
d(n) =  h (n)x(n)

n — 1 / . v

= hH(0)x(n) + (4-2)

Since e(n) =  d{n) — d(n), the estimate in (4.2) is a function of all past input and 

reference signal samples and the mean-square optimal estimator, which upper-bounds 

the NLMS estimator, is given by:

dopt{n) = £{d(n)\x(n), x(n  — 1) , . . . ,  x(0), d(n — 1), d(n — 1) , . . . ,  d(0)}. (4.3)

In order to investigate the convergence of (N)LMS, most authors impose restrictions

on the statistics of the input and desired signals to simplify the estimator in (4.3).
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There are a variety slightly differing “independence assumptions” , but those used 

in [61] are:

1. the current data vector, [d(n), x F(n)]T, consisting of the concatenation of the 

current desired signal and current input vector, and all previous data vectors 

{[d(n — 1 ) , xT(n — 1)]T, . . . ,  [d(0), xT(0)]T} are independent of one another.

2. the current desired signal d(n) is dependent only on the current input vector 

x{n).

3. the desired signal d{n) and the input vector x(n) are mutually Gaussian.

The first two conditions reduce the terms in the expectation of (4.3) so that it sim

plifies to

dind{n) = £{d(n)\x(n)},

and the third condition restricts the optimal estimator to be linear, so that the optimal 

estimate can be written as
/V -s

d in d ,l in ( l7 '')  t k  .

Under these conditions the MSE-optimal estimator, and the upper bound for the 

NLMS estimator, is the Wiener solution.

The independence assumptions are invoked to simplify analysis of the NLMS es

timator in order to predict the average convergence of the adaptive filter, but in 

some cases they do not apply. Assumption 1 is especially restrictive, as it precludes 

correlation in the input data sequence. In [61], rather than investigate the average 

performance the authors wished instead to upper-bound the performance of the NLMS 

estimator. To achieve this goal the first two assumptions were dropped, allowing for 

correlated inputs and resulting in an optimal estimator that is a function of all past 

data vectors, while the third independence assumption was maintained to produce a
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linear estimator. Under these more relaxed conditions, the optimal linear estimator is 

a time-invariant two-channel infinite horizon Wiener filter which uses all previous in

put and desired signal samples to estimate the current desired signal sample. In [63] 

it is shown that since the correlation sequence of most signals decays rapidly, the 

optimal estimator can be well approximated by a two-channel finite horizon Wiener 

filter, which incorporates a limited history of reference and desired signal samples. It 

is also shown that the two-channel Wiener filter can be represented by an equivalently 

optimal one-channel, time-varying Wiener filter which uses only the reference signal 

x(n) as input.

Using this time-varying Wiener filter model, the superior MSE performance of 

adaptive filters was explained. When the input processes to the NLMS filter are 

sufficiently narrowband, the short term correlation will be high. If the adaptation 

step-size is large enough, the NLMS adaptive filter can approximate the time-varying 

Wiener filter and exploit the correlation to achieve MSE performance above that of the 

one-channel LTI Wiener filter. If the input signals are not coloured, no information 

about the current desired signal can be gleaned from previous desired signal samples 

or the distant past of the input signal, and the traditional Wiener filter is optimal. 

If the step-size is not large enough, the NLMS filter cannot track the time-varying 

Wiener filter, so it converges towards the optimal time-invariant Wiener solution. 

Clearly the NLMS estimator does not and can not make use of all of the information 

in (4.3) as most of it is embedded in the tap weight vector, consequently its MSE 

performance can only approach that of the two-channel Wiener filter when the input 

signals exhibit high short-term auto and cross-correlations. On the other hand, the 

more general affine projection algorithm makes explicit use of the previous P  input 

vectors and desired signal samples, so it may be better able to exploit the coloration 

of both the input and the reference signals.
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4.2 O bservations in O versam pled Subband A cou s

tic  Echo C ancellers

In oversampled subband adaptive filters, the analysis filterbank combined with non- 

critical downsampling results in subband reference and desired signals that are 

severely coloured. In highly oversampled subband adaptive filters, this subband sig

nal colouration can lead to non-Wiener effects and near-end signal cancellation. A 

simulation was performed to compare the steady state ERLE levels of fullband NLMS 

and APA adaptive filters to that of 8-channel subband NLMS and APA systems with 

decimation factors of 2, 4 and 6. The objective was to determine whether or not an 

oversampled subband adaptive filtering system with a large step size and high over- 

sampling factor can be made to exhibit non-Wiener behaviour when the equivalent 

fullband system does not. The input to the fullband and subband adaptive filters was 

5 x 105 samples of white Gaussian noise signal, and the echo signal was formed by 

convolving the input with a measured echo path impulse response. The filters were 

allowed to adapt to the sequence, and steady-state ERLE was calculated from the 

last 1000 samples and plotted as a function of step-size. To verify that the effect was 

not caused by some other phenomenon in the subband configuration, the experiment 

was repeated using fullband filters with varying degrees of input signal coloration. 

Fullband coloured inputs mimicing those of the oversampled subband signals were 

created from the WGN data sequence by lowpass filtering with decimated (frequency 

expanded) versions of the subband analysis prototype filters. The results are pre

sented in figure 4.1 for the NLMS case and figure 4.2 for APA with order P = 3; the 

ERLE that would be achieved by the Wiener filter is indicated by the dashed line.

There are several notable points from the ERLE results. Clearly the more highly 

oversampled the subband structure, or equivalently the more narrowband the input to
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Figure 4.1: M aximum ERLE as a function of step-size for oversampled subband and full
band adaptive filters using the normalised LMS algorithm. The heavy dashed line indicates 
the W iener filter ERLE.
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the fullband structure, the higher the steady state ERLE for large step-sizes. This is 

in accordance with the hypothesis that the narrowband/highly coloured nature of the 

input signals can be exploited to achieve a higher ERLE. Also of note is the fact that, 

of the subband NLMS configurations, only the four-times oversampled (decimation 

factor of 2) system achieves an ERLE that is higher than the Wiener level. While 

the others seem to be exploiting the subband signal correlation to achieve an ERLE 

that is greater than the fullband structure, the signals are not correlated enough to 

reach a level that is in excess of the linear time-invariant Wiener filter. For subband 

APA both the four-times, and 2-times oversampled configurations achieved ERLEs in 

excess of the Wiener level, and the APA structures achieved a higher maximum ERLE 

than NLMS, indicating that it is better at exploiting the colouration. The discrepency 

between the fullband and subband APA results may be a result of the better tracking 

ability of subband filters (see chapter 5). Finally, the ERLE improvement begins to 

decrease once the step-size reaches a critical level, approximately 1 for NLMS and 1.5 

for APA. This is likely because the excess MSE caused by gradient noise overrides the 

benefit gained by tracking the time-varying Wiener filter. What is not clear from the 

figures is what impact the ERLE gain has on the adaptive filter tap weight vector.

When the NLMS filter is tracking the time-varying Wiener filter, the adaptive 

filter tap weights fluctuate around some neighbourhood of the LTI Wiener solution, 

rather than converging to it. In order to show that this results in a tradeoff be

tween ERLE performance and system distance, the performance of the fullband and 

oversampled subband systems for these metrics was compared for the case of large 

and small step-sizes. As with the previous experiment the trials were run for sub

band structures with varying degrees of oversampling and for fullband structures with 

varying degrees of input signal coloration. Figure 4.3 compares the ERLE, averaged 

over 20 independent trials, and figure 4.4 compares the system distance performance

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



65

of the subband systems with step-sizes of n = 1.0 and n = 0.1. Figures 4.5 and 4.6 

present the same information for the fullband systems with coloured inputs. Note 

that the /r =  1.0 trials were run for 2 x 105 samples, while the n = 0.1 trials were run 

for 5 x 105 samples, to account for the slow convergence in the latter case.

As expected the ERLE gain of the oversampled structures, which can be seen 

in figure 4.3(a) for n = 1.0 is no longer present in figure 4.3(b) when /i =  0.1. 

Similarly, comparing figure 4.4(a) to 4.4(b), it can be seen that decreasing the step- 

size results in slower, but deeper convergence to the LTI Wiener solution. Both of 

these observations are consistent and indicate that for small step-sizes the NLMS tap 

weight vector will converge to the LTI Wiener solution, whereas for large step-sizes 

it will track the time-varying optimal Wiener solution [63]. The slow asymptotic 

convergence of the subband structure system distance is well known [64], and results 

from slowly converging modes in the transition band region, where there is very little 

adaptation energy.

Comparing figures 4.5(a) and 4.5(b), it can be seen that, as with the oversampled 

subband systems, reducing the step-size for the fullband systems with coloured inputs 

removes most of the ERLE advantage except for the most coloured input. Figures 

4.6(a) and 4.6(b) show that unlike the subband systems, lowering the step-size did 

not significantly deepen the convergence. Contrary to the subband situation where 

the signal coloration is introduced by oversampling and the input signal is white, the 

coloration in this case is present in the original input signal. As a result, regardless of 

the step-size, the filter can not converge in the frequency region corresponding to the 

stopband of the lowpass filter, as there is no energy to drive the adaptation, so the 

final system distance remains the same. It is also interesting to note that the initial 

system distance convergence rate is not lower for the coloured inputs than it is for 

the white noise. This seems to be a contradiction to the common guideline that LMS
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convergence speed is governed by the ratio of the largest to the smallest eigenvalue of 

the autocorrelation matrix, and is therefore slower for correlated inputs [4], While it 

is true that the asymptotic convergence is fastest for the white noise case, the initial 

convergence shown in the figures is consistent with the theory presented by Slock 

in [20] and Morgan in [21]. In [20] it is demonstrated that for any given point in time, 

there exists an autocorrelation matrix eigenvalue distribution for which the MSE is 

lower than the white noise MSE at that same time. For input signals with high 

eigenvalue spreads (ie., highly coloured signals), the adaptive filter will experience a 

period of rapid initial convergence followed by a very slow asymptotic convergence, 

which is what is observed in figures 4.6 (a) and (b). Unlike Markov (autoregressive) 

process correlated signals, the lowpass filtered input signals are spectrally flat in the 

active region so the adaptation energy is equally distributed amongst all frequencies 

that are present. As a result the initial convergence rate in the active region is faster 

than the white noise case for the same signal power. After the filter has converged in 

the active region, there is very little energy left to drive adaptation, so the filters do 

not converge in the stopband region and the steady state system distance is large.

4.3 Sum m ary and P ractica l A pplications

In this chapter, it was demonstrated that when an adaptive filter with a relatively 

large step-size receives correlated inputs, the filter can exploit the correlation to 

achieve output error levels below those of the linear time-invariant Wiener filter. 

Since the APA explicitly uses past data, it is better than the NLMS algorithm at 

exploiting the correlation in both the desired and reference signals to reduce the 

output error; most of the signal correlation information is embedded in the NLMS 

tap weight vector. It was also shown that the colouration inherent in oversampled
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subband signals is sufficient to cause oversampled subband adaptive filters to pro

duce output error levels below the time invariant Wiener filters, even if the original 

fullband signal is uncorrelated.

While it is evident that adaptive filters can be made to exhibit this non-Wiener 

behaviour, it is not entirely clear whether or not the effect is desirable. The effects 

of the phenomenon may depend on the target application, and whether it is being 

exhibited in a subband or fullband system. In an echo cancellation application the 

objective is to minimise the residual echo and achieving below Wiener output error 

may be desirable. However, if the target application is system identification the low 

output error, which comes at the cost of higher system distance, reduces system 

modelling accuracy. In a fullband configuration, the ERLE gain in the frequency 

region where the filter is excited is obtained by varying the tap weights about the 

Wiener solution. These fluctuations sacrifice the modelling in the region where there is 

less energy in order to improve the performance in the active region. If a fullband filter 

exhibiting non-Wiener effects filter were to receive echo energy in the previously non

active frequency region, the cancellation would be very poor until the filter converged 

to the new signal. In contrast, the low energy regions in the subband correspond 

to the analysis filterbank stopband, so there is no risk that these modes will be 

excited. The authors of [46] claim that oversampled subband systems may treat 

the stopband regions of the subband signals as “don’t care” regions, offering extra 

degrees of freedom to achieve a lower MSE. While their discussion was in the context 

of modelling non-causal taps, the principle may apply in this case as well.

In wideband speech, the voiced speech segments consist of strong narrowband fre

quency components, so it is possible that non-Wiener effects could occur in a fullband 

structure. In both the subband and fullband configurations the phenomenon relies 

upon the time-varying nature of the adaptive filter, therefore the tap weights must
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keep changing for the benefit to be realized. If adaptation halts, as in a doubletalk 

situation, the weights will be frozen in a sub-optimal state in a neighbourhood of the 

Wiener filter weights, resulting in a somewhat higher residual echo during doubletalk 

periods. However, according to [37] the desired echo return loss during doubletalk 

is about 5 to 10 dB lower than the singletalk case, on account of temporal and fre

quency masking of the echo signal by near end speech, so the temporarily higher 

residual echo during doubletalk may not be objectionable. On the other hand, in [62] 

a subband APA filter is allowed to adapt during doubletalk, while the adaptation 

remained stable, some of the near-end signal was cancelled resulting in undesirable 

audible distortion. As this demonstrates, despite its potential benefits there are cases 

where the phenomenon should be avoided, so a system designer should be aware of 

it, especially when employing oversampled subband adaptive filters.
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C hapter 5

Effect o f C hanging Echo P a th  on Echo  

C ancellation

Many comparisons of echo cancellation algorithms focus on the speed of initial con

vergence, while less attention is given to tracking ability. Acoustic echo paths change 

rapidly and frequently in response to changes in the near-end room. A person mov

ing, an obstructing object being placed near the speaker or a door opening all affect 

surfaces off of which echoes reflect, thereby changing the echo path. Acoustic echo 

cancellers must respond quickly to track these changes in order to maintain good echo 

cancellation performance.

In this chapter, it is demonstrated that echo path changes do not impact all regions 

of the echo path impulse and magnitude responses equally. With that observation in 

mind, fullband and subband versions of NLMS, IP-NLMS and IP-APA are compared 

to determine which structure and algorithm performs the best in simulated and real 

changing echo environments. NLMS is used as a benchmark to evaluate the fast- 

tracking IP-NLMS, and IP-APA is also considered to determine the impact of the 

memory of the algorithm on its tracking ability. The 16 kHz wideband and 8 kHz 

narrowband cases are both considered to investigate the impact of signal bandwidth

73
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5.1 C hanging Echo P ath  Im pulse R esponses

Depending on the nature of the echo path change, some of the components of the 

impulse response may remain the same despite the disruption. For a given hands-free 

terminal, the distance between the speaker and the microphone is fixed. Consequently 

the delay associated with the direct path and the early reflections off of the table will 

remain relatively constant, and the location of the samples in the impulse response 

corresponding to those reflections will remain fixed, though the magnitudes may vary. 

This effect can be observed in figure 5.1, which shows the first 150 samples of two 

echo path impulse responses measured in the same room using the same hands-free 

terminal. The measurement of figure 5.1(a) was made with the hands-free terminal 

on an empty table, and the impulse response of figure 5.1(b) was measured with 

a small box placed on the table in front of the hands-free terminal. Since the box 

does not greatly obstruct the direct path between the speaker and the microphone, the 

location of the first large echo path component is at sample 17 for both measurements, 

although the magnitude differs slightly. Since many of the reflecting surfaces (table, 

ceiling, walls) are consistent between the two measurements, the general shape of the 

impulse response also remains the same. One exception is the presence of additional 

early reflections, likely corresponding to reflections off of the box, which can be seen 

around sample 20. Figure 5.1 also demonstrates the justification for individual step- 

size algorithms. The impulse response samples with the greatest change in magnitude 

are the samples with the greatest magnitude. The proportional algorithms are able to 

exploit the similar overall shape of the changing impulse responses to achieve better 

tracking than ordinary NLMS; the larger early reflection components have greater
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Figure 5.1: First 150 samples of the impulse responses used for changing echo path simu
lations.

magnitude fluctuations, so they are allotted more of the adaptation power, producing 

faster initial convergence and tracking.

Just as echo path changes leave some samples of the impulse response unchanged, 

the effect on the echo path magnitude response can be limited to certain frequency 

regions. A moving hand in the echo path or an object being placed in front of the 

speaker may affect higher frequencies more than lower, because high frequencies are 

absorbed more easily and because the wavelength of the lower frequencies may be 

larger than the hand or obstructing object. Figure 5.2 presents the magnitude re

sponses corresponding to the echo path impulse responses of figure 5.1. In contrast to 

the impulse responses, the overall shape of the magnitude responses differs consider

ably. The exception is the region below approximately 1.5 kHz, where the magnitude 

responses are quite similar, indicating that the low frequency echo components are 

not affected as greatly by the obstruction. This is consistent with the observation 

from section 3.1 that for a given hands-free terminal, the low frequency region of the 

magnitude response does not vary as much as the high frequency region. For this 

type of echo path change a subband adaptive filter might offer better tracking. While
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Figure 5.2: Magnitude response of echo paths used for changing path simulations.

a fullband filter would have to adapt all tap weights in response to the disruption, a 

subband adaptive filter would only be required to adjust the weights of the filters in 

the affected bands. This is supported by figure 5.3, which presents the real part of 

the first 100 samples of the subband analysed impulse responses of figures 5.1. The 

impulse responses of lowest subband, covering the frequency range from 0 - 2  kHz, 

are almost identical. There are only slight changes in the sample values, and there 

are no additional reflection components, so the subband adaptive filter would quickly 

reconverge in that band. For the upper 3 bands, the differences between the unob

structed and the obstructed echo path impulse responses are similar to the fullband 

case. However, the subband adaptive filters may have a tracking advantage even in 

the upper bands; each of the subband adaptive filters is shorter than the fullband 

filter, so they should be faster to respond to and reconverge for all types of echo path 

change.
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Figure 5.3: First 100 samples of subband unobstructed (blue) and obstructed (red) echo 
path impulse responses.
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5.2 Sim ulated Echo E nvironm ent R esu lts

To examine the impact of a changing echo path on the echo cancellation performance 

of adaptive filters under controlled conditions, fullband and subband versions of the 

NLMS, IP-NLMS and IP-APA algorithms were compared using 5 seconds of white 

gaussian noise excitation with a simulated changing acoustic environment. After 1.25 

seconds of initial convergence an abrupt echo path change was simulated by changing 

the echo path coefficients from those of the small conference room of figure 3.6 to 

the coefficients of the large conference room of figure 3.4. The filters were allowed to 

reconverge for 2 seconds, then from t = 3.0 to t = 3.5 seconds a more realistic gradual 

change was simulated by linearly interpolating between the two impulse responses of 

figure 5.1, as in [65]. The ERLE performance, averaged over 20 trials, is shown in 

figure 5.4 for 8 kHz sampling rate and figure 5.5 for 16 kHz sampling rate. From 

the figures it is clear that the subband IP-APA consistently offers the highest ERLE 

performance, followed by the subband IP-NLMS algorithm. The constant gap, of 

approximately 5 dB, between subband IP-APA and all of the other algorithms, com

bined with the fact that subband IP-APA has this advantage over subband IP-NLMS 

while fullband IP-APA performed identically to fullband IP-NLMS, as would be ex

pected for a white input, indicates the presence of the non-Wiener effects discussed 

in chapter 4.

According to [65], the minimum ERLE during the echo path change plays an 

important role in a user’s subjective evaluation of echo cancellation. From the figures 

it is clear that the subband structures outperform their fullband counterparts in terms 

of minimum ERLE for both abrupt and gradual echo path changes. The average 

and standard deviation, taken over 20 trials, of the minimum ERLE for all of the 

algorithms is summarised in table 5.1 for 8 kHz sampling rate, and table 5.2 for 16
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M inim um  ERLE (dB)

A lgorithm Abrupt Change Gradual Change

Fullband NLMS 10.81 ±0.61 13.06 ±0.58

Subband NLMS 13.71 ±0.50 15.84 ±0.61

Fullband IP-NLMS 11.69 ±0.63 18.78 ±0.40

Subband IP-NLMS 14.76 ±0.57 24.49 ±  0.43

Fullband IP-APA 11.69 ±0.64 18.80 ±0.40

Subband IP-APA 18.94 ±0.68 29.15 ±0.46

T able 5.1: M inimum ERLE during path  changes, 8 kHz sampling rate.

M inimum  ERLE (dB)

A lgorithm Abrupt Change Gradual Change

Fullband NLMS 8.93 ±  0.44 11.69 ±0.42

Subband NLMS 12.13 ±0.53 15.05 ±0.48

Fullband IP-NLMS 10.06 ±0.39 17.86 ±0.39

Subband IP-NLMS 13.20 ±0.43 23.63 ±  0.35

Fullband IP-APA 10.06 ±0.39 17.88 ±0.40

Subband IP-APA 17.62 ±0.38 28.01 ±0.38

Table 5.2: Minimum ERLE during path  changes, 16 kHz sampling rate.

kHz.

The minimum ERLE varies between sampling rates, structures and algorithms, 

and some trends become apparent when the tables are examined. For both types 

of echo path change, at both sampling rates, the subband configurations outperform 

their fullband counterparts. For all algorithms the minimum ERLE for both types 

of changes was lower for the 16 kHz sampling rate than for 8 kHz, approximately 1.5 

dB lower for the abrupt change and between 0.5 and 1 dB dB lower for the gradual
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change. The gap between fullband and subband differs significantly between algo

rithms. The minimum ERLE for subband NLMS is approximately 3 dB higher than 

that of fullband NLMS for both gradual and abrupt changes at both sampling rates. 

In contrast, the gap for IP-NLMS is approximately 3 dB for the abrupt change, but 

almost 6 dB for the gradual change. Similarly, while the minimum ERLE values dif

fer, the gap for IP-APA is approximately 3 dB higher for the gradual change than it 

is for the abrupt change. The differences between NLMS and the proportionate algo

rithms are greater for the gradual change than for the abrupt change. For the abrupt 

echo path change, the minimum ERLE of subband IP-NLMS is about 4 dB higher 

than fullband NLMS, and subband NLMS even outperforms fullband IP-NLMS and 

IP-APA. However, for the gradual echo path change the superior tracking ability of 

the proportional algorithms becomes evident. For the 16 kHz sampling rate simula

tion the fullband NLMS ERLE is degraded to 11.69 dB, while the subband IP-NLMS 

ERLE is only degraded to 23.63 dB, a difference of almost 12 dB.

5.3 E xperim ental D ata  R esu lts

In addition to the simulated changing echo path, the algorithms were compared using 

experimental white noise and speech data, recorded in a real changing echo environ

ment using the setup described in section 3.1 with the Mitel 5140 hands-free terminal 

in the large conference room. A changing echo path was produced by moving a hand 

in front of speaker at a rate of approximately 1 Hz, and the SSNR for the recording 

was measured at approximately 35 dB. Figures 5.6 and 5.7 show the ERLE perfor

mance of the algorithms for one trial of the white input at 8 kHz and 16 kHz sampling 

rates respectively. The effect of the hand moving at an approximately constant rate 

can be seen in the periodic peaks and valleys of the ERLE curve. It is clear from
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Figure 5.6: ERLE performance comparison of fullband and subband algorithm s with white 
noise input in a real changing acoustic environm ent, 8 kHz sampling rate.

the figures that, for this trial, the subband IP-APA has a significant advantage over 

the other algorithms, fullband and subband. The valleys of the subband IP-APA 

ERLE curve are even higher than some of the peaks of fullband NLMS. While some 

qualitative observations about the ERLE performance can be made, the continously 

varying echo path makes quantitative statistical comparisons difficult.

Rather than comparing minimum or mean ERLE, the ERLE values from four trials 

were aggregated into ERLE histograms, showing the number of ERLE samples that 

fall in a given range. The width of the histogram is an indication of how variable the 

ERLE is over the measurement period, which in this case corresponds to how greatly 

an algorithm is affected by the changing echo path. Compared to an algorithm 

with poor tracking capabilities, the histogram curve of a fast tracking algorithm 

would therefore have a peak more to the right of the plot, corresponding to a high 

modal average ERLE, and would be more narrow, indicating a more consistent ERLE.
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Figure 5.7: ERLE performance comparison of fullband and subband algorithm s with white 
noise input in a real changing acoustic environment, 16 kHz sampling rate.

Figures 5.8 and 5.9 show the ERLE histograms for white noise inputs at 8 kHz and 

16 kHz sampling rates respectively. The shape of the histograms is a result of the 

shape of the ERLE curves: the extreme right of the histogram corresponds to the 

ERLE of the peaks, the extreme left to the ERLE in the troughs, and the modal peak 

to the transition region. The differences between the 16 kHz and 8 kHz curves are 

not significant, the relative spacing of the histograms was the same for both sampling 

rates, although the 8 kHz histograms were positioned 1 -  2 dB higher than the 16 kHz 

curves. Examining the figures, parallels between the results from the recorded data 

and those of the simulated changing environment become apparent. The subband 

IP-APA stands out from the rest of the algorithms with a modal peak around 20 dB, 

almost 10 dB greater than subband IP-NLMS. In contrast the histograms of fullband 

IP-NLMS and IP-APA are almost indistinguishable. In general the curves for the 

subband adaptive filters indicate better tracking performance: for NLMS the subband
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Figure 5.8: ERLE histogram  for four trials of white noise input in a real changing acoustic 
environment, 8 kHz sampling rate.

curve is more narrow, and has a peak that is 3 -  5 dB higher than the fullband; for 

IP-NLMS the modal average of the subband version almost coincides with that of 

fullband IP-NLMS and IP-APA, but the subband histogram is more narrow and has 

less weight in the low ERLE regions, indicating better overall tracking performance.

The algorithms were also compared using speech data recorded in a real changing 

echo environment, a total of four trials were carried out using sentences from two 

male and two female speakers in the TIMIT database. Figures 5.10 and 5.11 show 

the ERLE results for one trial of female speech input. In contrast to the white input 

case the content of the 16 kHz sampling rate speech signals is different from that of 

the 8 kHz signals, consequently there there are differences in algorithm performance 

between the two sampling rates. For the speech used in this trial, no single algorithm 

clearly outpaces the rest for 16 kHz sampling rate: the fullband IP-APA has faster 

initial convergence, but the subband IP-APA has a consistently higher ERLE after
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Figure 5.9: ERLE histogram  for four trials of white noise input in a real changing acoustic 
environment, 16 kHz sampling rate.

approximately t = 1 second. For 8 kHz sampling rate the subband IP-APA has the 

highest ERLE for almost the entire segment.

As with the white noise date, the ERLE samples from the four trials were ag

gregated in to histograms, shown in figures 5.12 and 5.13, for 8 kHz and 16 kHz 

sampling rates. The variable nature of speech power and SNR leads to a wider ERLE 

histogram that is roughly bimodal, with the higher ERLE peak corresponding to the 

speech periods, and the other to the ERLE during silence. The histograms support 

the observation from the single trial that the performance gap between the subband 

and fullband versions of the algorithms is much smaller for speech input than for 

white noise. The histograms of subband and fullband IP-NLMS are very close, as 

are those of subband and fullband NLMS. Fullband and subband NLMS have the 

same maximum ERLE, but fullband NLMS has a lower minimum ERLE, indicating 

that it is affected more by the changing echo path. Similarly, the minimum ERLE
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Figure 5 .12 : E R L E  h istogram  for four tria ls  of speech in p u t in a real changing acoustic 
environm ent, 8 kHz sam pling ra te .

is lower for fullband IP-NLMS than it is for subband IP-NLMS, while the maximum 

ERLE is the same. Somewhat surprisingly, at 8 kHz sampling rate the modal aver

age ERLE of fullband IP-NLMS is higher than subband IP-NLMS, and even exceeds 

fullband IP-APA. This may be due to the fact that the narrowband speech signal is 

less correlated than the wideband, so the subband structures and the APA have less 

of an advantage. At 16 kHz sampling rate, the fullband and subband IP-APA per

form the best. While the maximum ERLE achieved by the fullband version is higher, 

the modal peaks of the subband version correspond to higher ERLE values, and the 

overall histogram is weighted more towards higher ERLE. For the 8 kHz sampling 

rate data, subband IP-APA outperforms the other algorithms by approximately 5 dB 

in terms of minimum, maximum and modal ERLE.
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Figure 5.13: ERLE histogram  for four trials of speech input in a real changing acoustic 
environment, 16 kHz sampling rate.

5.4 Sum m ary

In this chapter the tracking performance of subband and fullband adaptive filter

ing algorithms was investigated. By examining impulse responses recorded with the 

same hands-free terminal under different conditions it was demonstrated that not all 

frequency regions are affected equally by echo path changes. For a given hands-free 

telephone terminal the magnitude of the low frequency response does not change sig

nificantly between rooms or when a small obstructing object is placed in front of the 

speaker, the effect on the high frequency region is greater. It was postulated that 

subband adaptive filters would be able to exploit this frequency disparity and offer 

better tracking than fullband filters, especially in the wideband case. This hypothesis 

was supported by simulation results from adaptive filters operating in a synthetic 

changing echo environment with white noise excitation; the subband adaptive filters 

all outperformed their fullband counterparts for both abrupt and gradual changes.
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The hypothesis was also verified using experimental data recorded in real changing 

acoustic environment. When experimental white noise data was used, the advantage 

of the subband systems persisted, and they yielded a higher modal average ERLE. 

For speech recorded in a changing echo environment, the performance gap between 

the fullband and subband algorithms narrowed, such that IP-APA was the only al

gorithm for which the subband version clearly outperformed the fullband. Among 

the algorithms tested, subband IP-APA consistently offered the best tracking per

formance, for real and synthetic echo environments, and the the individual step-size 

algorithms offered superior reconvergence and tracking capabilities compared to tra 

ditional NLMS. The advantages of IP-APA were more evident for wideband speech 

input than for narrowband.
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C hapter 6

Effect o f D ou b leta lk  D etecto rs on Echo  

C anceller C onvergence

Doubletalk detectors are important components of an echo cancellation system; if 

adaptation is not halted during periods of near-end speech, the adaptive filter will 

quickly diverge resulting in poor echo cancellation performance. To prevent diver

gence doubletalk detectors are typically configured to have a very low probability 

of missing a doubletalk period, unfortunately this low miss probability results in a 

correspondingly high probability of a declaring doubletalk when there is none. If adap

tation is repeatedly halted due to these false alarms, the convergence and tracking 

abilities of the adaptive filter are degraded. This chapter compares the convergence 

performance of subband and fullband echo cancellers employing normalised cross

correlation based doubletalk detectors. In the first simulation the echo cancellers are 

adapted in the presence of continuous near-end speech, in the second case there is 

high-level coloured background noise and a short period of near-end speech.

90
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6.1 C onvergence in th e  P resence o f D oubletalk

The decision variable used in the cross-correlation based doubletalk detector, pre

sented in equation (6.1), uses power comparison to determine when doubletalk is 

present.

The power predicted by convolving the cross-correlation vector with the echo path 

estimate is compared to the power of the microphone signal, therefore contributions

decision metric score. With a fullband doubletalk detector, adaptation of the entire 

filter is halted even if the doubletalk signal is narrowband, as with a voiced phoneme 

in wideband speech. In [52] it is demonstrated that if the doubletalk decision is made 

on a per-subband basis rather than globally, some bands are able to adapt during 

the doubletalk period, leading to better overall convergence for a subband structure. 

While the speech samples used in [52] were sampled at 8 kHz, this effect should be 

more prominent for 16 kHz sampled speech, as the signal power is even less uniformly 

distributed across the frequency spectrum and a segment of speech occupies a smaller 

instantaneous portion of the total bandwidth.

Simulations were carried out to compare the impact of doubletalk on subband 

and fullband adaptive filters. As the objective was to compare subband and fullband 

implementations, not to determine which algorithm was best for convergence in dou

bletalk conditions, only the NLMS algorithm was considered. The system distance 

convergence of fullband and subband NLMS adaptive filters with normalised cross

correlation based doubletalk detectors was compared for speech inputs at 8 kHz and 

16 kHz sampling rates. The same number of subbands ( M =  8) and decimation rate 

(D = 4) were used at both sampling rates, and the 8 kHz fullband and subband

(6. 1)

of all frequencies are summed together with equal weighting to determine the final
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filters used half the taps of their 16 kHz counterparts: 1200 taps and 300 taps per 

subband respectively. The filters were allowed to adapt for 0.5 seconds before the 

doubletalk detector was enabled. The doubletalk detector was calibrated, using the 

methods described in [50], to achieve a probability of doubletalk miss of Pm = 0.05, 

and the doubletalk hangover period was set to T^oid = 30 ms as in [50]. For both cal

ibration and simulation, background noise was added to the microphone signal with 

a segmental SNR of 35 dB. The background noise, recorded in a conference room, is 

from the heating, ventilation and air conditioning (HVAC) system and is lowpass in 

nature, as can be seen in the power spectral density plot in figure 6.1. As in [52] the 

doubletalk signal was filtered to create a more narrowband signal; in this case the 

filter was a two pole HR filter designed to mimic the long-term average male and fe

male speech power spectrum [66]. The doubletalk signal was scaled to yield a ratio of 

near-end to far-end speech power (NFR) of 0 dB. The 16 kHz sampling rate versions 

of the speech signals used in the simulation are shown in figure 6.2. Both signals are 

sentences from the TIMIT database, the far-end signal is spoken by a female speaker, 

and the near-end (doubletalk) signal is spoken by a male. The 8 kHz sampling rate 

versions of the signals were obtained by downsampling the 16 kHz signals.

The system distance plots for both the 8 kHz and 16 kHz setups are shown in 

figure 6.3. The plots are normalised so that the system distance at t = 0.5 seconds, 

when the doubletalk detectors were activated, is 0 dB. As expected the fullband 

system distance is constant during the doubletalk period, as the fullband filters are 

completely halted. In contrast, the subband system distance continues to decrease, 

albeit at a much slower rate, indicating that some of the bands are not halted by the 

doubletalk. After 3 seconds of adaptation with the doubletalk detector active, the 

system distance for the subband structure was 0.96 dB less than that of the fullband 

structure for 8 kHz sampling rate, and 1.59 dB less at the 16 kHz sampling rate.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



93

CD■a

S£
3

aco

5o
Cl

Frequency

Figure 6.1: Power spectral density of background noise recorded in a conference room, 
shown for 16 kHz sampling rate.

0.15 

0.1 

0.05 

0
-0.05 

- 0 .1

0.5 1 1.5 2 2.5 3 3.5 4

Near End Signal
0 .1 5 p  

0.1 - 

0.05 - 

0 - 
-0.05 - 

- 0.1  -

0.5 1 1.5 2 2.5 3 3.5 4
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The convergence improvement of the subband configuration is also reflected in the 

ERLE, shown in figure 6.4. The average ERLE of the subband structure during the 

active periods is 0.6 dB higher than the fullband at 8 kHz, and 0.9 dB higher at 16 

kHz. That the system distance and ERLE advantages of the subband system are 

greater at 16 kHz than 8 kHz sampling rate is possibly due to the doubletalk signal 

being relatively more narrowband at the 16 kHz than 8 kHz, so more bands covering 

a larger portion of the normalised frequency range can continue to adapt during the 

doubletalk period.

6.2 C onvergence in th e  P resence of N arrow band  

Background N oise

Since the doubletalk decision variable uses the power of the microphone signal in the 

denominator, background noise in the near end room picked up by the microphone is 

included in the calculation and can affect its value. This problem is investigated in 

[49], where it is shown that local background noise lowering the value of the doubletalk 

decision variable can cause a false declaration of doubletalk. While stationary noise 

can be compensated for by lowering the decision threshold, the method proposed 

in [49] compensates for stationary and non-stationary noise by adaptively estimating 

the noise power and adding a noise correction term to the numerator of the decision 

variable in equation (6.1). However, even with noise correction the variable nature 

of speech power can result in a low instantaneous SNR, which lowers the detection 

variable and causes doubletalk to be declared. As with near-end speech, if the near

end background noise is narrowband the doubletalk detection variable of a subband 

doubletalk detector may only drop below the threshold in some bands, allowing the 

others to continue adapting.
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Figure 6.3: Convergence of doubletalk detector controlled fullband (dashed line) and 
subband (solid line) echo cancellers in the presence of narrowband near-end speech.
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Figure 6.4: ERLE for doubletalk detector controlled fullband (dashed line) and subband 
(solid line) echo cancellers in the presence of narrowband near-end speech.
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Figure 6.5: Far-end (top) and near-end (bottom) speech signals used to investigate con
vergence in the presence of narrowband background noise.

To compare the convergence of fullband and subband NLMS echo cancellers in the 

presence of high level background noise, the recorded noise signal was scaled so that 

the segmental SNR was 20 dB, and the doubletalk detectors were then re-calibrated 

to achieve Pm =  0.05 at the increased noise level. The near and and far-end speech 

segments used for the simulation are both of male speakers from the TIMIT database 

and are shown in figure 6.5. As with the previous simulations, the Liters were allowed 

to converge for 0.5 seconds before the doubletalk detectors were enabled.

Figure 6.6 shows plots of the system distance convergence of subband and fullband 

echo cancellers operating at 8 kHz and 16 kHz sampling rates. Once again the plots 

are normalised so that the system distance at t = 0.5 seconds, when the doubletalk 

detectors were activated, is 0 dB. Observing the regions of the plots where the system 

distance remains constant, it is evident that the fullband configurations are frequently 

halted due to background noise causing the doubletalk detection variable to drop 

below the decision threshold. It should be noted that lowering the fullband thresholds

Near End Signal

0.5 1 1.5 2 2.5 3 3.5 4

Far End Signal
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to allow more adaptation during singletalk resulted in the doubletalk period not being 

detected and the filters diverging. The rate of convergence of the subband structures 

slowed after the initial 0.5 seconds, indicating that adaptation was halted in some 

bands. After 3 seconds of adaptation with the doubletalk detector enabled the system 

distance of the subband structure had converged by 0.83 dB more than the fullband 

structure at 8 kHz and 0.92 dB more at 16 kHz sampling rate. From the ERLE 

plots of figure 6.7 it can be determined that the subband systems also had an average 

ERLE advantage during doubletalk of 0.9 dB at 16k, and 0.7 dB at 8 kHz.

6.3 Sum m ary

These experiments seem to confirm the findings of [52], that there are cases where 

per-subband doubletalk detectors can offer convergence advantages over fullband dou

bletalk detectors. When a near-end disturbance is present, either background noise 

or near-end speech, a fullband doubletalk detector senses the disturbance and halts 

adaptation for the entire filter. If the disturbance is narrowband, a subband dou

bletalk detector will only halt adaptation in the bands where the disturbance is high. 

As the simulations presented in this chapter demonstrate, the ability of subband fil

ters to continue adapting some bands in the presence of doubletalk results in improved 

convergence and better echo cancellation performance.
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Figure 6.6: Convergence of doubletalk detector controlled fullband (dashed line) and 
subband (solid line) echo cancellers in the presence of high level narrowband background 
noise.
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Figure 6.7: ERLE for doubletalk detector controlled fullband (dashed line) and subband 
(solid line) echo cancellers in the presence of high level narrowband background noise. The 
doubletalk period is from approximately t = 2 to t = 4.
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Chapter 7

Effect o f V ocoder D istortion  on Echo  

C ancellation

Effective echo cancellation is difficult if there is a VoIP vocoder in the echo path. A 

low bitrate vocoder such as G.722.2 is designed to produce an output that closely 

resembles the input as heard by the human ear, while using a very small number of 

bits per sample. The reconstructed waveform, while sounding like the original input, 

is very different from the original. Operating on a block-by-block basis, the linear 

predictive coder introduces significant non-linear, time-varying distortion.

Figure 7.1 shows a block diagram of an acoustic echo canceller operating in a VoIP 

network with vocoders in the echo path, as in the case of a centralized echo canceller.

G.722.2
Encoder

G.722.2 /  IP
D o c o d o iT v  Nctworl

G.722.2
Encoder

Figure 7.1: Acoustic echo canceller with G.722.2 wideband VoIP vocoders in the echo 
path.
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In this thesis the IP network was not simulated, and the encoder and decoder were 

directly connected. When the undistorted signal is used as the reference signal for a 

linear echo canceller, and the echo path producing the desired signal contains vocoder 

distortion, the adaptive filter will attem pt to model the transformation in order to 

create an accurate echo replica and minimize the output error. There are many steps 

in the the G.722.2 encoding and decoding process where distortion is introduced and 

while the linear time-invariant components of the vocoder, such as the fixed high-pass 

and lowpass filters, can be effectively modelled by an adaptive filter, the time-varying 

components are more difficult to capture. In [6] it is suggested that the superior 

performance of FAP in the presence of vocoders be a result of the strong tracking 

capabilities of the algorithm. Supporting that claim, in [55] it is stated that faster 

tracking algorithms result in less residual echo power when there is vocoder distortion 

in the echo path. If faster tracking improves the echo cancellation performance when 

vocoders are present, then fast tracking algorithms, such as IP-NLMS and IP-APA, 

should therefore offer better performance than NLMS. Furthermore, subband algo

rithms should also perform well, in accordance with the tracking performance results 

presented in chapter 5.

This chapter investigates the effects of G.722.2 vocoder distortion on acoustic echo 

cancellation. Using fullband NLMS as a representative algorithm the influence of the 

different coding rates offered by G.722.2 is examined to determine how vocoder distor

tion impairs echo cancellation performance. Next, the NLMS and IP-APA algorithms 

are used to demonstrate how fullband and subband adaptive filters are affected dif

ferently by the presence of vocoders. Finally, the ERLE performance of fullband and 

subband implementations of NLMS, APA, IP-NLMS and IP-APA are compared with 

and without vocoder distortion in the echo path, to determine which algorithm and 

structure best handles the non-linearity imposed by the vocoder. Since the G.722.2
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(a) Speech signal. (b) Specgtrogram of speech signal.

Figure 7.2: Speech segment used to investigate the effects of vocoder distortion on echo 
canceller performance.

vocoder is designed to encode speech, It is unable to properly represent white noise, 

therefore the the distortion imposed on a white noise signal is not representative of the 

distortion in practice. For this reason real speech excitation is used for all simulations 

in this chapter.

The G.722.2 vocoder has nine coding rates. The main differences between them are 

the level of LPC model parameter quantization and the size of the fixed and adaptive 

codebooks used to generate the excitation sequence. When smaller codebooks are 

used, the excitation is likely to be further from the ideal excitation, resulting in a 

more distorted echo signal. In [6] excitation modelling was identified as having the 

greatest effect on ERLE performance. To examine the impact of the coding rate, the 

ERLE performance of a fullband NLMS adaptive echo canceller was compared for 

echo paths containing G.722.2 vocoders operating in different modes. Figure 7.2(a) 

shows the speech signal used to examine the impact of the coding rate, and figure

7.1 Effect o f C oding R ate
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Figure 7.3: ERLE performance of fullband NLMS adaptive filter for different modes of 
G.722.2 vocoder distortion in the echo path.

7.2(b) shows the corresponding spectrogram. The speech signal contains both female 

and male speech segments from the TIMIT database. Figure 7.3 shows the resulting 

ERLE performance, where only the results from modes 0, 4 and 8 are shown for 

clarity of presentation.

The ERLE results of figure 7.3 can be analyzed by considering the speech input 

signal of figure 7.2 in the context of the operation of the G.722.2 vocoder. The G.722.2 

encoder splits the input signal into two frequency bands which are encoded separately. 

The LP analysis and excitation search are performed on the lower frequency band, 

from 50-6400 Hz, and the high band signal, from 6400-7000 Hz, is generated using 

the low-band LP coefficients and a random excitation. Of the nine coding modes, 

only mode 8 transmits a gain factor to adjust the scaling of the highband excitation, 

the other modes infer the highband gain from the lowband signal. As a result the 

distortion imposed on speech frames with high frequency content is greater than
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low frequency content frames. Furthermore, as discussed in [6] and [55], fricative- 

dominated, or noise-like speech segments cannot be accurately modelled by a LP 

coder. The ERLE difference between no the echo paths with no vocoder and those 

with vocoder distortion is therefore greatest when the speech content is non-harmonic 

and contains high frequency components, such as the periods around t = 1.25 and 

1.75 seconds and the region from t = 2.75 to t = 3.5 seconds. These regions are 

all noise-like, and most contain high frequency content and therefore cannot be well 

represented by the LP coder, so the ERLE of the echo cancellers in the distorted 

echo path is several dB lower. In constrast, the region around t =  0.5 is composed 

of low frequency harmonic content, visible as distinct lines on the spectrogram. This 

signal can be accurately modelled by LP coder, and as a result the ERLE is almost 

the same for all vocoder modes and approaches the ERLE of the undistorted signal. 

Considering the different modes, it can be seen that the ERLE with the mode 4 

distorted path is generally within 2 dB of the mode 8 distorted path. Furthermore, 

despite the fact that mode 0 is an emergency mode not intended for continuous use, 

the ERLE of the mode 0 distorted path is almost as high as the higher rate modes 

when the content is harmonic. In contrast, for the broad spectrum noise-like region 

from t =  2.75 to t = 3.5 seconds, the difference between mode 0 and the other modes 

is significant.

7.2 Effect o f A daptive F ilter Structure and A lgo

rithm

Since some of the distortion imposed by the G.722.2 vocoder is frequency dependent, 

subband structures are likely affected differently than fullband structures. Figures 

7.4 and 7.5 directly compare the ERLE degredation experienced by fullband and

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



106

FB no vocoder 
FB vocoder 
SB no vocoder 
SB vocoder

30

I

- 1 0
0.5 2.5 3.5

Time (s)

Figure 7.4: Comparison of ERLE degredation caused by G.722.2 vocoder d istortion for 
fullband and subband NLMS.
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Figure 7.5: Comparison of ERLE degredation caused by G.722.2 vocoder distortion for 
fullband and subband IP-APA.
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subband NLMS and IP-APA adaptive filters with a vocoder-distorted echo path, 

using the speech signal from figure 7.2 as input. Without vocoder distortion, the 

ERLE gap between the subband and fullband structures is quite variable. Frequently 

the ERLE performance is similar for the fullband and subband cases, but the subband 

structures generally perform better in regions with significant high frequency content, 

and especially when there is a shift from most of the energy being concentrated 

at low frequencies to most of the energy being concentrated at high frequencies, 

such as the region from t = 1.0 to t = 1.5 seconds. This is likely a reflection of 

the faster high frequency convergence that subband structures exhibit for speech 

inputs. When the vocoder is introduced to the transmit path, the differences in 

ERLE performance between the subband and fullband structures are significantly 

reduced. While the subband structures still perform somewhat better when there is 

high frequency content, their ERLE performance is degraded more than that of the 

fullband. For example at t =  1.0 second subband NLMS has an ERLE advantage of 

more than 11 dB over fullband NLMS when there is no vocoder, but the advantage 

drops to less than 4 dB when the vocoder is introduced; a similar effect can be 

observed for the IP-APA case. This is likely a reflection of the fact that the distortion 

introduced by the G.722.2 vocoder is greater at higher frequencies, so the subband 

structures are less able to exploit their faster convergence in the high frequency region 

to achieve an overall higher ERLE.

To compare the performance of different adaptive filtering algorithms in the non

linear channel, a total of eight trials were run using sentences from four male and 

four female speakers in the TIMIT database. The ERLE values from the eight trials 

were combined to form figures 7.6 and 7.7, which show the ERLE histograms of the 

algorithms with and without G.722.2 vocoder distortion in the echo path. When no 

vocoder is present, the APA adaptive filters outperform the NLMS implementations
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in the fullband and subband configurations, which is to be expected for speech in

put. In keeping with the results of [6], APA also performs better than NLMS in the 

presence of vocoder distortion. The maximum, minimum, and modal average ERLE 

were all higher for the APA based filters, however APA was more impacted by the 

presence of the vocoder than NLMS. When the vocoder was included in the echo 

path, the maximum ERLE was approximately 10 dB lower for fullband and subband 

APA based algorithms, but only approximately 5 dB lower for NLMS. The modal 

averages were affected in a similar manner. The presence of vocoder distortion did 

not have a significant impact on the relative performance of the fullband and subband 

structures. In all cases the maximum ERLE for a fullband structures was marginally 

higher than the corresponding maximum subband ERLE for both the undistorted 

and distorted cases. For NLMS, the fullband and subband modal averages coincided 

but for APA and IP-APA, the subband versions had higher modal averages. With 

and without vocoder distortion, the ERLE of the fullband implementations of APA 

and IP-APA was more variable than that of the subband versions: the maximum 

ERLE was greater, but the minimum and modal ERLEs were lower.

Some more insight into the performance of the algorithms can be gained by ex

amining the residual echo signals. Figures 7.8 and 7.9 present the power spectral 

density (PSD) of the echo signal and the error signals, for the undisorted and dis

torted channels respectively. The PSD plots are of the concatenation of the eight 

residual error signals, and were produced using M a t l a b ’s p s d  function, which uses 

Welch’s method to estimate the spectrum.

From figure 7.8 it is interesting to note that for the undistorted echo path, while 

fullband IP-APA has the lowest residual echo power in the 500 -  1000 Hz region, 

it has the most residual echo power in the high frequency region, above 6500 Hz, 

the residual echo signal power is even greater than the echo signal power. Overall
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Figure 7.6: ERLE histogram for different adaptive filtering algorithms with no vocoder 
distortion.
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Figure 7.7: ERLE histogram for different adaptive filtering algorithms with G.722.2 
vocoder distortion in the echo path.
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Figure 7.8: PSD of echo and residual echo signals with no vocoder distortion.
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Figure 7.9: PSD of echo and residual echo signals with G.722.2 vocoder distortion in the 
echo path.
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the residual echo signal of IP-APA is spectrally flatter than the other algorithms. 

This is an indication that IP-APA is achieving a lower overall MSE, and higher 

maximum ERLE, by sacrificing echo cancellation in the low energy high frequency 

region for better cancellation in high energy low frequency region. The fullband APA 

residual error signal is also spectrally flatter than that of NLMS, but not as flat as 

IP-APA. Unlike the APA based algorithms, NLMS does multiply the signal vector by 

the inverse correlation matrix to produce a whiter gain vector, so the residual error 

spectrum follows the error signal spectrum more closely. Similarly, in the subband 

case, any error whitening can only exist within a given subband, as each band adapts 

independently, so the level of cancellation is more uniform across the spectrum. It 

is also notable that the difference in residual echo power between the fullband and 

subband structures is not consistent across all frequencies. Below approximately 2 

kHz, the fullband versions of all three algorithms have lower residual echo power 

than their subband counterparts, and above 2 kHz the residual power is lower in the 

subband case. These effects persisted when vocoder distortion was introduced to the 

echo path, as can be seen in figure 7.9. The gap between fullband and subband is 

however smaller in the nonlinear echo path, especially for the higher frequencies. The 

difference between algorithms is also smaller in the distorted echo path, although the 

fullband IP-APA still has the flattest residual echo power spectrum.

Comparing figures 7.8 and 7.9 it can be seen that, as expected the impact of the 

vocoder distortion on the cancellation performance is not uniform across all frequen

cies. In the region around 500 - 1000 Hz the residul echo power is 20 -  35 dB lower 

than the echo power, depending on the algorithm, compared to the undistorted case 

where the residual echo power is 25 -  45 dB below the echo power. In contrast, above 

1 kHz the residual echo power in the distorted channel approaches the echo power, 

and above 5 - 6  kHz the residual echo power is higher than the echo signal power
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for all of the implementations. Also note that the orignal echo signal power in the 

high frequency region for the distorted path is significantly reduced compared to the 

undistorted case, as a result of the lowpass filtering and high band signal generation 

process of the G.722.2 vocoder.

7.3 Sum m ary

This chapter investigated the effects of vocoder distortion on acoustic echo cancella

tion. Vocoders in the echo path impose non-linear, time-varying distortion on the echo 

signal, which can degrade the performance of a linear echo canceller. For the G.722.2 

vocoder, it was found that speech with low frequency harmonic content can be well 

modelled so there is little distortion, and the echo cancellation is not significantly 

affected. Even when the vocoder is operating at the lowest rate, the ERLE for this 

type of signal is still acceptable. In contrast, broadband speech segments containing 

high frequency energy are not well modelled by the vocoder, and echo cancellation 

performance is significantly degraded. Since subband structures generally outperform 

their fullband counterparts when there is high frequency energy, and vocoders distort 

high frequencies more than low, the gap between fullband and subband structures 

is smaller with vocoder distortion. For a given algorithm, the overall ERLE perfor

mance offered by the fullband and subband structures in the distorted echo path was 

comparable. The faster tracking of the subband algorithms seen in chapter 5 did not, 

therefore, carry over to improve the echo cancellation in the presence of vocoder dis

tortion. In general however, the faster tracking algorithms performed better, which 

is in keeping with the results for the narrowband vocoder case presented in [6]. The 

fast tracking IP-APA performed the best, although the gap between the algorithms 

narrowed when the vocoder was present in the echo path.
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C om plexity  R ed u ction  and S tab ilisation  

of IP -A P A

In the previous chapters the IP-APA was shown to offer fast initial convergence and 

superior tracking ability, providing the best echo cancellation performance for both 

changing and vocoder distorted echo environments. The main shortcoming of the 

algorithm is the high complexity associated with it.

In this chapter, two enhancements to the IP-APA algorithm are proposed. First 

an online regularisation is developed based on existing regularisation schemes for 

APA. Next, a new, fast (reduced computational complexity) version of IP-APA is 

developed, based on the Gauss-Siedel Fast Affine Projection Algorithm (GS-FAP). 

The online regularisation from the first part stabilises the required matrix inversion, 

allowing the computationally efficient Gauss-Seidel algorithm to be employed.

113
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8.1 R egularisation  o f Im proved P rop ortion ate  

A PA

In the description of APA and IP-APA presented in Algorithm 2 in chapter 2, the 

regularisation matrix hi is a matrix with a small positive constant along the diagonal, 

and its purpose is to prevent numerical instability due to ill-conditioning in the cor

relation matrix for coloured inputs. For the original GS-FAP implementation in [26] 

the regularisation is only applied during initialisation; the matrix inversion is not 

stabilised, leaving it vulnerable to numerical precision effects. While regularisation is 

desirable, selecting a fixed regularisation parameter is challenging, especially given the 

variable nature of speech power. If the regularisation is too small, the matrix inverse 

is not adequately stabilised, possibly leading to divergence. Oversampled subband 

adaptive filters are especially problematic in this regard, as the highly coloured sub

band signals that result from oversampling lead to a poorly conditioned correlation 

matrix to be inverted. However, if the regularisation is too large adaptation is slowed, 

leading to poor convergence and tracking.

In [67] an online regularisation is proposed that fulfils two purposes. Unlike a fixed 

regularisation, an online regularisation can effectively stabilise the matrix inverse for 

variable power input signals such as speech. The parameter proposed in [67] is based 

on signal energy, and therefore also serves as a step-size control, slowing adaptation 

when near-end signal power is high, as in low SNR or doubletalk conditions. A similar 

online regularisation is desirable for IP-APA, as its fast convergence and tracking 

capabilities also mean that it can quickly diverge in response to numerical instability 

or near-end disturbances such as doubletalk.

A regularisation for IP-APA will presently be developed by following the derivation 

of [67], but including the individual step-size matrix A (n). In the derivation S(n) will
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denote the regularisation parameter for standard APA, and S'(n) will denote the 

regularisation for IP-APA.

First recall that A(n) is a diagonal matrix with diagonal elements 

ai, I G { 0 ,.. . ,  N  — 1}, computed as:

Ki(n)
ai{n) =

« i

=  P ^  +  ( l  +  a )  . f e W I  . (g . i )
2N  2||A.(ri) ||! +  e 1 J

It is easy to verify that A(n) has a trace of unity, and can be approximated by the 

mean of its diagonal as:

A(n) «  P i  (8.2)

Note that when a = —1, the diagonal elements in A (n) are all equal, ai =  1/N, and 

IP-APA reduces to traditional APA.

The regularisation in [67] is based on minimising the system distance, therefore

the cost function used to derive the optimal regularisation parameter is the norm of

the system distance given by:

A =  h(n) — h(n) 

dopt(n) = ${n ) such that £{ ||A (n)||2 is minimised

If the echo path is not changing, the system distance can be calculated recursively 

as [67]:

A (n +  1) =  A(n) -  A (n )X (n )(X H(n)A(n)X(n)  +  ^ (n ) ! ) - 1̂ )  (8.3)

Applying the approximation of (8.2) the whitening matrix inverse becomes:

r i r 1
[XH(n)A(n)X(n)  +  ^(u )!]”1 «  — (XH(n)X(n)) +  S'(n) I

= N [X H(n)X(n) + N S 'in )] -1 (8.4)
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In [67], the following approximation is made, assuming white input, and IV 1:

+  (8.5)

Applying this to (8.4) with 8'(n) = 8(n)/N  gives:

1
[XH(n)A(n)X(n)  + h ,(n)I]“ 1 «  N I

Na%(n) +  N8'{ri)

1 I (8 .6)
o-l(n)+8'(n)

Substituting this result into (8.3)

A(n +  1) *  A(«) -  g |(K )+ y t„ )A (»)X (n)£(n)

Using the approximation in (8.2)

A ( n )  -  N < m + N V ( n ) X ( n ) £ ( n )  ( a ? )

Setting 8'{n) =  8{n)/N , the remainder of the derivation follows that of [67]. Thus 

the online regularisation for IP-APA is 1 /N  times that of APA. In [67] the cost 

function is differentiated with respect to 8, set to zero to find the minimum cost, and 

the pseudo-optimal regularisation parameter is shown to be:

( o o )
S o p t i j i )  «  N a x

where, a\ is the power of the error signal, including near-end disturbances, and of is 

the power of the error component due only to system mismatch, t(n) =  X H(n)A(n). 

Since computing e(n) requires knowledge of A(n), which is difficult to estimate in 

practice, an alternate regularisation is introduced in [68] to stabilise GS-FAP. The 

computation of 8{n) is simplified and modified to ensure stability even when there is
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little near-end signal power (ie., during singletalk). In [68] the GS-FAP correlation 

matrix is replaced with a stabilised version given by:

R x x (w )  =  +  £ 0 ) 1  (8 -9 )

Where the elements S ^ (n ) , i € { 0 ,1 ,. . . ,  P  — 1} of the regularisation vector 8(n) are 

computed as:

5 ^ \n )  = m.Six{N\y(n)\2,S ^ \n ) }  (8.10)

where

/  p- 1
= I \ x * ( n - j ) x ( n - i ) \

The overline in (8.10) indicates averaging by a dual time constant attack-release filter.

The first term in (8.10) slows adaptation when the near end signal power is high,

and the second term assures that the GS-FAP matrix inversion is stabilised, even 

when the near-end signal power is low. In [62], the complexity of the regularisation 

matrix computation is further reduced by using a scalar, rather than vector 8(n), and 

computing it in the simplified form given by:

S(n) =  Armax{(P — l) |x (n ) |2, \y(n)\2} (8.12)

where the overline denotes time averaging. The corresponding regularisation for IP- 

APA is

S'(n) =  max{(P — l) |x (n ) |2, \y(n)\2} (8.13)

This form is easy to implement and computationally attractive, as \x(n)\2 is already 

available as the first entry in the correlation matrix. The regularisation of (8.12) has 

been demonstrated to prevent the nonlinear non-Wiener effects observed for subband 

APA [62], and to suppress divergence during doubletalk [69] without overly sacrificing 

convergence speed.

\x \n — i) ( 8. 11)
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8.2 Im proved P roportion ate G auss-Seidel Fast 

Affine P rojection  (IP -G S-F A P )

In [31], APA is combined with proportionate NLMS to form the proportionate APA 

(PAPA). A low complexity version of PAPA is presented for the case of P = 2, where 

the complexity is reduced by omitting the step-size matrix from the computation 

of the whitening matrix that is inverted, and incorporating the approximated error 

vector update of FAP. The alternative coefficient vector of FAP is not used, as the 

time-varying step-size matrix invalidates assumptions uses in the alternative coeffi

cient vector derivation. The low complexity version of PAPA directly solves the set 

of linear equations to compute the 2 x 2  whitening matrix inverse.

Algorithm 6 introduces IP-GS-FAP, a version of the IP-APA that uses the fast 

error vector computation of FAP and the Gauss-Seidel matrix inversion of GS-FAP to 

produce a reduced complexity version of IP-APA that works for all values of the pro

jection order P. The correlation matrix estimate is obtained by using the correlation 

vector estimate Lxx(n ) as the first column in a Toeplitz matrix, thereby ensuring that 

the matrix is positive definite and that the Gauss-Seidel algorithm can be applied. 

The correlation vector is estimated using a window of size N, and the correlation ma

trix is multiplied by a factor 1/N  to approximate the scaling effects of the step-size 

matrix, analogous to the scaling of the regularisation parameter for IP-APA relative 

to the APA case.

The algorithm incorporates a time-varying regularisation parameter that stabilises 

the Gauss-Seidel matrix inversion, and slows divergence during periods of high-level 

near-end disturbance. It may, however, be desirable to use a more aggressive regu

larisation parameter during the initial convergence period. During initial adaptation, 

the inverse correlation matrix estimate used as a starting point for the Gauss-Seidel
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iteration is very poor and the step-size matrix and tap-weight vectors are all chang

ing rapidly leading to potential numerical instability. More aggressive regularisation 

could be achieved using a method similar to the one employed in [68], where the 

dual time constant attack-release filter increases 5(n) when the instantaneous value 

is greater than the average, and decreases it when it is lower. This type of averaging 

allows S(n) to be initialised to a large value to stabilise the early adaptation, without 

overly degrading convergence speed and steady state tracking.
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A lgorithm  6 (Improved Proportionate Gauss-Seidel Fast Affine 

Projection Algorithm (IP-GS-FAP)).

Initialisation

h(o) = x ( o )  = oN X(0) =  0 NxP

£(°) =  Lxx{ 0) = Op R(0) = el

b = [1 0 TP_,]T p( 0) =  b/e

Adaptation 

FOR n > 0

Lxx{n) = Lxx(n -  1) +  x (n )|(n ) -  x(n -  N)£(n -  N )

Update R(n) using -^rxx(n)

5{n) =  max{(P — l) |x (n ) |2, \y(n)\2}

Solve (R( n) +  8{n)V)p{n) =  b for p(n) using one GS iteration
 ̂H

e{n) = y{n) — h (n)x(n )

h(n + 1) =  h(n) + p A  (n)lK(n)p(n)e* (n)

A(n) =  diag{a0(n ),. . . ,  aN-i(n)}

where
1 — oi , , \hih(n)\ ,

a i (n ) =  9 N  +  (1 +  a )  ~ --------> Z G { 0 , 1 , . . . ,  A  -  1}
2 N  2||h.(n)||i +  e

ENDFOR

Notation

£(n): uppermost P  elements of x(n)

E_(n)\ uppermost P  — 1 elements of error vector E_{n).

51: regularisation matrix.

e: small positive constant to prevent numerical instability.
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8.3 S im ulation  R esu lts

Subband and fullband implementations of the new IP-GS-FAP algorithm with projec

tion order P  =  3 were compared against standard GS-FAP of order P  =  3 and NLMS 

to demonstrate the algorithm’s speed of convergence for speech inputs, robustness to 

doubletalk, and tracking ability.

Figure 8.1 shows the speech signals used for the speech convergence simulations. 

The echo signal was generated by convolving a speech signal from the TIMIT database 

with a measured wideband echo path impulse response. Real coloured background 

noise, recorded in a conference room, was added to the echo signal at a segmental 

SNR of approximately 30 dB. The power spectrum of the backround noise signal is in 

figure 6.1. Both the fullband and subband IP-GS-FAP implementations employed the 

online regularisation of equation (8.13), although the regularisation for the subband 

implementation was increased by a factor of M /D  to better stabilise the inversion 

of the ill-conditioned correlation matrix of the oversampled subband signals. The 

regularisation of equation (8.12) was used to stabilise the GS-FAP algorithm. Figure 

8.2 shows the system distance convergence for the speech excitation shown in figure 

8.1. According to [62], compared to the ideal fixed regularisation, the regularisation 

of (8.12) tends to oversuppress the adaptation in favour of greater stability. Despite 

this fact, the stabilised affine projection algorithms still outperform NLMS. Fullband 

IP-GS-FAP offered the fastest initial convergence and subband IP-GS-FAP had the 

deepest convergence over the speech segment.

Figure 8.3 shows the system distance for the case when near end speech was 

added to the echo signal with a segmental NFR of 3 dB; no doubletalk detector 

was employed, the only control was provided by the online regularisation. While 

NLMS would not be used without a doubletalk detector, it is useful to illustrate how
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F igure 8.1: Echo and  near-end  (doubleta lk) signals used for sim ulations.
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F igure 8.2: System  d istance sim ulation  resu lts for speech excitation.
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Figure 8.3: System distance simulation results for speech excitation and doubletalk con
ditions.

quickly it diverges, in the case of a slow reacting doubletalk detector, or a doubletalk 

detector miss. After fewer than 1000 samples (62 ms) of doubletalk NLMS had 

diverged from -10 dB system distance to 10 dB. While still affected, the stabilised 

IP-GS-FAP and GS-FAP algorithms are significantly more robust to the doubletalk 

than the unstabilised NLMS. During the doubletalk period the system distance of the 

subband versions remained below -5 dB. In order to make IP-GS-FAP and GS-FAP 

even more robust to doubletalk, the regularisation parameter can be modified as in [69] 

where the GS-FAP regularisation is chosen as S(n) =  \x(n)\2 if \x{n)\2 > "y\y(n)\2 and 

S(n) = 20N\y(n)\2 otherwise, where 7  is a selectable parameter. This calculation of 

d(n) ensures a very conservative adaptation when the near-end signal is high.

Figure 8.4 shows the ERLE performance in a changing echo environment, aver

aged over 25 trials, and table 8.1 presents the average and standard deviation of the 

minimum ERLE. The simulation conditions were the same as those in chapter 5:
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Abrupt change Gradual change

h i  15

  SB NLMS
  FB NLMS

SB IP -G S -FA P
  FB IP -G S-FA P

SB G S-FAP 
FB GS-FAP

-5
0.5 2.5 

Time (s)
3.5 4.5

Figure 8.4: ERLE simulation results for white noise excitation and changing echo path 
conditions, online regularisation.

white noise was used as excitation, there was a sudden echo path change at t = 1.5 

seconds and a gradual path change from t = 3 to t = 3.5 seconds. Subband and 

fullband versions of the online regularised IP-GS-FAP and GS-FAP were compared 

and fullband NLMS was included to serve as a reference.

When the online regularisation was used, fullband and subband IP-GS-FAP had 

a higher minimum ERLE than fullband NLMS for the abrupt echo path change, 

however fullband NLMS had faster initial convergence and reconvergence after the 

echo path change. Subband NLMS had the highest minimum ERLE during the 

abrupt change and also converged and reconverged faster than IP-GS-FAP. This is 

not unexpected, as the online regularisation is intended for variable power excitation, 

such as speech, and tends to over-suppress adaptation. Despite this fact, fullband and 

subband IP-GS-FAP still offered the best tracking performance during the gradual
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M inimum ERLE (dB)

A lgorithm Abrupt Change Gradual Change

FB NLMS 8.89 ±0.24 11.97 ±0.17

SB NLMS 12.20 ±0.18 15.31 ±0.13

FB IP-GS-FAP 9.13 ±0.18 13.31 ±0.19

SB IP-GS-FAP 9.84 ±0.16 17.69 ±0.10

FB GS-FAP 8.35 ±0.16 8.33 ±0.15

SB GS-FAP 8.33 ±0.14 8.46 ±0.16

T able 8.1: Average minimum ERLE over 25 trials, online regularisation used for GS-FAP 
and IP-GS-FAP.

echo path change: the minimum ERLE of fullband IP-GS-FAP was around 1.5 dB 

higher than fullband NLMS and the minimum ERLE for subband IP-GS-FAP was 

over 2 dB greater than NLMS. While IP-GS-FAP still offered reasonable performance, 

the convergence of GS-FAP, especially in the subband, was significantly slowed by the 

regularisation. The minimum ERLE for subband and fullband GS-FAP during the 

abrupt and gradual changes was comparable, and was the lowest of the algorithms 

tested. The minimum ERLE during the gradual change was over 3 dB lower than 

fullband NLMS.

Figure 8.5 and table 8.2 present the ERLE results for the same algorithms using 

a fixed regularisation of S = u'^/N for fullband IP-GS-FAP and S =  o 2x for fullband 

GS-FAP. The subband implementations required a higher value of 5m to stabilise 

the matrix inverse: Sm = (M / D)a‘l m was used for subband IP-GS-FAP, and 5 =  

300(M/ D)a% m was used for subband GS-FAP, where a1 is the variance taken over 

the entire signal, and the subscript m  denotes the subband number. These values of 

Sm were found to provide the fastest stable convergence for white noise inputs.

When the optimum regularisation was used, the results were more comparable to
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Abrupt change Gradual change
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Figure 8.5: ERLE simulation results for white noise excitation and changing echo path  
conditions, optim al fixed regularisation.

M inim um  ERLE (dB)

Algorithm Abrupt Change Gradual Change

FB NLMS 8.89 ±0.24 11.97 ±0.17

SB NLMS 12.20 ±0.18 15.31 ±0.13

FB IP-GS-FAP 9.96 ±  0.22 17.86 ±0.19

SB IP-GS-FAP 10.69 ±0.17 20.25 ±0.15

FB GS-FAP 8.89 ±0.24 11.97 ±0.17

SB GS-FAP 8.69 ±0.26 11.73 ±0.19

Table 8.2: Average minimum ERLE over 25 trials, “ideal” regularisation used for GS-FAP 
and IP-GS-FAP.
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those presented in chapter 5; the fullband IP-GS-FAP minimum ERLE averages were 

within one standard deviation of the full IP-APA results. Also, as with the previous 

results, subband IP-GS-FAP offered the highest minimum ERLE during abrupt and 

gradual change, and best tracking for the gradually changing path. Unlike the results 

in chapter 5 subband IP-GS-FAP did not have the constant 5 dB advantage over the 

other algorithms and structures. This is likely a result of the regularisation, which 

is needed to stabilise the Gauss-Seidel matrix inversion, suppressing the non-Wiener 

behaviour; the on-line regularisation in [62] was developed to suppress non-Wiener 

effects in subband APA. With the optimal regularisation, the performance of fullband 

GS-FAP is virtually indistinguishable from fullband NLMS, which is to be expected 

for a white input. On the other hand, subband GS-FAP does not perform as well as 

subband NLMS. GS-FAP is the only algorithm for which the subband structure does 

not offer significantly better tracking performance. A possible explanation is that the 

higher regularisation required to keep subband GS-FAP stable (higher than subband 

IP-GS-FAP) slows the rate of adaptation, degrading the tracking ability.

8.4 Sum m ary and D iscussion

In this chapter stabilisation and complexity reduction enhancements for IP-APA were 

proposed. The complexity of IP-APA was reduced by applying the fast error vector 

update and low-complexity matrix inversion techniques used in GS-FAP. An online 

regularisation algorithm designed for APA was modified to work with IP-APA. The 

regularisation suppresses adaptive filter divergence when the near-end signal is strong, 

and stabilises the correlation matrix inversion. Matrix inverse stabilisation is criti

cal for oversampled subband structures where the highly coloured subband signals 

result in a poorly conditioned correlation matrix. Without regularisation subband
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implementations of GS-FAP and IP-GS-FAP quickly diverge. In simulation, when 

compared with regularised GS-FAP, the regularised version of IP-GS-FAP was shown 

to offer better tracking in changing echo environments and faster convergence for 

speech excitation. Despite the more aggressive regularisation needed to stabilise the 

subband version of IP-GS-FAP, it still offered the best tracking performance of the 

algorithms tested. The regularised GS-FAP and IP-GS-FAP (fullband and subband) 

were also shown to be more robust to near-end speech disturbances than NLMS.

Employing the alternative coefficient vector of FAP could further reduce the com

plexity of IP-GS-FAP by simplifying the coefficient update step so that it requires N  

multiplies rather than PN .  However, as stated in [31], the product of the step-size 

matrix and the excitation vector is not time-invariant because the step-size matrix 

varies from one iteration to the next. This conflicts with the derivation of the alter

native coefficient vector in [24], Limited simulations were carried out to determine 

the impact of using the alternative coefficient vector in IP-GS-FAP. With speech in

put, including doubletalk scenarios and measured speech data recorded in a changing 

echo environment, the use of the alternative coefficient vector in fullband regularised 

IP-GS-FAP did not appear to affect stability or convergence.
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C onclusions and Future W ork

This thesis investigated the problem of acoustic echo cancellation in a wideband 

VoIP environment. Wideband acoustic echo cancellation differs from the narrowband 

case because the input speech signals are highly coloured, the echo path magnitude 

response has a greater spectral tilt, and the adaptive filters required to model a 

wideband echo path require more taps. Subband adaptive filtering has previously been 

proposed as a means to offset the high complexity and slow convergence experienced 

by fullband filters in the wideband environment. Oversampled subband structures 

allow the use of short subband analysis and synthesis filters, reducing the added 

delay. This is especially important in a VoIP network, where the signal path delay 

is already high. This thesis examined oversampled subband adaptive filtering and 

compared different fullband and subband adaptive filtering algorithms to determine 

which were best suited to the wideband VoIP environment.

It had been previously demonstrated [63] that when adaptive filter input signals 

are highly coloured, the adaptive algorithm can exploit that colouration to achieve 

lower mean square errors than the linear time invariant MSE optimal Wiener filter. 

The subband signals of oversampled subband adaptive filters are inherently coloured 

due to oversampling. In this thesis it was shown that, because of this subband
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signal colouration, for sufficiently high step-sizes and especially with fast tracking 

algorithms, subband adaptive filters can be made to produce sub-Wiener output 

error levels for a broader range of inputs than fullband filters. This phenomenon was 

observed in simulation with synthetic data, and also with recorded experimental data.

Acoustic echo paths can change rapidly and frequently in response to movement in 

the near end room. Tracking ability is therefore an important quality in an acoustic 

echo canceller. The effect of echo path variations are frequency dependent: the high 

frequency region is more affected by echo path changes, making fast tracking espe

cially important in the wideband case. Simulation results demonstrated that subband 

adaptive filters reconverge faster after an abrupt echo path change and track chang

ing echo paths better than fullband filters. This was attributed to the observation 

that echo path changes do not affect all frequencies equally, so the subband filters did 

not need to reconverge in all bands. Each subband filter also has fewer coefficients 

to adapt than the fullband filter which may have contributed to the better track

ing. The fast tracking of proportionate step-size algorithms was confirmed for both 

fullband and subband implementations. By proportioning more adaptation energy 

to the taps with larger weights, the proportionate algorithms were able to respond 

more quickly to the changing echo path than the fixed step-size algorithms. Of the 

algorithms and structures tested, subband IP-APA offered fastest reconvergence and 

the best tracking ability in simulated changing echo conditions. This was verified 

with experimental data in a real changing acoustic echo environment.

Near-end speech or high level background noise can result in divergence of the 

adaptive filter tap weight vector. To prevent this, echo cancellers typically employ 

a doubletalk detector to halt adaptation when the near end signal is high. It was 

found that when the near-end signal is narrowband background noise or narrowband 

speech, a subband system with an individual doubletalk detector for each band only

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



131

halts the adaptation in the bands where the near-end signal energy is high, while a 

fullband doubletalk detector halts adaptation for the whole filter. As a result the 

subband system is able to achieve deeper convergence over the same time frame.

When a centralised echo canceller is employed in a VoIP system, speech vocoders 

in the echo path impose significant time-varying non-linear distortion on the echo 

signal. When there is no vocoder distortion subband echo cancellers are generally 

better than fullband echo cancellers at removing high frequency echo content. How

ever, since vocoder distortion is greatest in the high frequency region and for speech 

frames containing significant high frequency energy, echo cancellation in the high 

frequency region is degraded the most, and the performance gain exhibited by the 

subband structures is removed. For a given algorithm, the performance of the sub

band and fullband structures in the distorted echo path is very comparable. There 

is, however, variation between algorithms, and it was found that, fast tracking algo

rithms performed better than slow tracking. This is in agreement with previous work 

in the narrowband case. The IP-APA was found to offer the best echo cancellation 

performance in the distorted wideband echo path.

The IP-APA possesses desirable tracking ability, and superior performance in the 

vocoder distorted path, however its high complexity reduces its practicality for use 

with the long adaptive filters required for wideband acoustic echo cancellation. To 

alleviate this concern a modified version of the IP-APA, called IP-GS-FAP, was pro

posed that uses techniques from the GS-FAP algorithm to reduce the computational 

burden. An online regularisation technique was modified to work with the new al

gorithm. The regularisation acts as a time varying step-size to control adaptation 

and prevent divergence when far-end signal is low and near-end signal is high. The 

regularisation also acts to stabilise the Gauss-Seidel matrix inversion even when the 

matrix to be inverted is ill-conditioned, as in the case of an oversampled subband
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correlation matrix. Simulations demonstrated that the stabilised IP-GS-FAP offers 

good tracking ability and fast convergence for speech excitation, and is more robust 

to near-end disturbances than NLMS.

One area where the work from this thesis could be expanded, is to consider psy

choacoustic aspects of human hearing. As demonstrated in [70], for wideband echoes 

with long delays, as in a wideband VoIP system, steady state ERLE and VISE are 

not accurate indicators of whether or not an echo is audible. Time and frequency 

masking and hearing threshold effects have a greater impact on the perceived echo 

level in the wideband case. This is consistent with the findings in [66] and [37], where 

it is argued that higher frequency echoes are not as perceptually relevant as those in 

the low frequency range. Furthermore echo path magnitude responses and wideband 

speech signals are not homogeneous across the wideband frequency spectrum, both 

exhibit considerable spectral tilt. High frequencies are absorbed more quickly by the 

enclosure [4], and speech contains less energy in the high frequency. All of these fac

tors point to possible complexity and perceptual performance gains to be obtained by 

processing subbands differently: using different algorithms, different echo cancellation 

techniques (eg., non-linear adaptive filtering), or allocating taps unequally between 

subbands as in [66]. The idea of treating disjoint frequency regions differently is used 

in [35], where a wideband stereophonic subband acoustic echo canceller is studied, 

and it is noted that simpler filter adaptation schemes can be used in upper subbands 

without a reduction in echo cancellation performance. Another possible extension 

of this work is the investigation of structures and algorithms for wideband stereo

phonic or multi-channel echo cancellation. As with wideband telephony, stereophonic 

telephony improves the subjective quality of conversations, and makes communica

tion more transparent, however good echo cancellation is required to preserve the 

perceptual benefits.
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