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Abstract

This thesis deals with the development of adaptive filter structures, adaptation 

algorithms, and control algorithms capable of operating in harsh environments, and 

applied to the problem of echo cancellation in telecommunications systems. The specific 

environments considered are moderate-to-high levels of background noise, doubletalk 

conditions, and echo cancellation in Voice-over-IP (VoIP) networks. A secondary focus 

is maintaining low complexity in the resulting structures and algorithms.

The problem of doubletalk detector calibration is addressed by statistical modeling 

and applied to the normalized cross-correlation-based doubletalk detector. Detection 

probability is a function of the parameter estimation window, echo to noise ratio (SNR) 

and near-end speech to echo ratio (NER), and methods for compensating background 

noise bias do not eliminate the detection statistic’s SNR dependency. Signal-adaptive 

algorithms are presented for constructing thresholds based on statistical criteria, which 

are shown to be capable of increasing detection rates.

Psychoacoustic limits of echo canceller performance in the presence of noise are 

quantified using a perceptual model of hearing, and it is shown that average-power-based 

performance measures may under- or over-estimate the amount of audible echo removed 

by an echo canceller. Two algorithms are proposed for estimating the audible echo signal 

reduction provided by an echo canceller, and verified using informal listening tests.

Affine Projection (AP) and normalized cross-correlation-based doubletalk detection

algorithms are derived for echo cancellers employing critically sampled subband adaptive

filters. Subband AP, even with only 2 - 4  subbands, can improve the rate of convergence
iii
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over fullband AP employing the same projection order. Background noise is not 

spectrally flat, and so per-subband adaptive detection thresholds can be constructed 

which provide an improvement in detection rates over fullband doubletalk detectors.

Adaptation and control algorithms utilizing linear-prediction-based speech parameters 

are proposed for echo cancellers deployed in VoIP networks. Decorrelated adaptation 

and doubletalk detection algorithms are presented that avoid the cost of constructing 

decorrelation filter coefficients. A power spectrum estimation algorithm is proposed for 

residual echo from nonlinear vocoder distortion. When incorporated into a frequency- 

domain post-filter, near-end speech spectral distortion is improved by 0.98 dB, with 0.4 

increase in estimated mean opinion score.

iv
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L M
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R i j  Input signal cross-covariance matrix for subbands i and j.

Estimated input signal cross-covariance matrix for subbands i and j  at
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Rxx Autocorrelation matrix of input signal vector x(n).
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w,(m) Adaptive filter coefficient vector for subband i at time m.

X(n) Input signal matrix at time n.

Xij(m) Input signal matrix for subbands i and j  at time m.

x(n) Input signal at time n.
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Symbol Description

Estimated average power of signal x(n) at time n.
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2
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2
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Chapter 1 Introduction

1.1 Problem Statement

Traditional wireline telephony over the public switched telephone network (PSTN) 

remains the standard method of day-to-day voice communications. However, increasing 

computing power and more sophisticated digital signal processing algorithms are causing 

an evolution in communications. Videoconferencing systems, hands-free terminals and 

wireless networks continue to become popular modes of communication [1], [2], [3]. A 

more recent trend is the migration of voice services onto packet-switched Internet 

Protocol (IP) networks in homes and businesses, often referred to as Voice-over-IP 

(VoIP). In addition, telecom providers are transparently merging their circuit-switched 

voice networks into integrated IP-based voice-and-data core networks [4], [5], [6]. A 

fundamental requirement for user acceptance of these new technologies is speech quality 

as good as, or better than, traditional wireline telephony. Of particular importance is the 

performance of digital echo cancellers, which are typically deployed in terminals and 

throughout the PSTN for removing acoustic and network echo. The problem of echo 

cancellation is a popular application of adaptive filter theory, and there is an established 

body of literature devoted to the design, implementation, and analysis of echo cancellers 

[2], [7].

Typical requirements o f  echo cancellers are stability, fast convergence and tracking 

capabilities, low computational complexity. Often these requirements are in contention, 

leading to trade-offs in the choice of structures and adaptation algorithms. There are also

1

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



2
many harsh physical and environmental aspects that limit an echo canceller’s 

performance in practice. In particular, the presences of background noise, doubletalk 

conditions, and nonlinearity in the echo path greatly inhibit echo canceller performance 

[8], [9], [10]. End-user perception and tolerability of echo is a function of the round-trip 

time, and increased delay reduces the perceived effectiveness of existing echo cancellers

[11]. Therefore, in addition to an adaptive filter and adaptation algorithm, secondary 

structures such as a doubletalk detector and a nonlinear processor (NLP) or post-filter are 

required in practice [12], The performance and interaction of each of these components 

has a direct impact on the stability and performance of the echo canceller as a whole.

The presence of background noise in the environment is a common harsh condition in 

which an echo canceller must operate. In mobile environments, for example, the 

background noise is typically of a moderate-to-high level, time-varying, and not 

spectrally flat. Echo canceller performance is typically expressed using mean squared 

error (MSE) and echo return loss enhancement (ERLE) provided by the echo canceller

[12]. These two measures are simple to calculate in terms of average signal powers, but 

they assume the presence of low background noise. However, higher noise will tend to 

mask the presence of residual (un-cancelled) echo, at some point forming an upper bound 

on perceived echo canceller performance. This effect has not been thoroughly studied in 

the literature, and there is a need for echo canceller performance measures that can take 

into account the presence o f  masking effects o f  background noise.

The presence of doubletalk is another harsh environment encountered in practice, and 

it is usually mitigated by incorporating a doubletalk detector into an echo canceller
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implementation. A number of doubletalk detection algorithms have been proposed in 

the literature, with varying degrees of computational complexity and performance [9],

[13], [14], [15], [16]. However, an open problem is that of calibration, or selecting 

operating parameters -  such as a detection threshold -  that are “optimal” in some sense. 

Of equal importance is being able to calibrate a doubletalk detector using the same 

approach for arbitrary echo path environments. It would also be helpful to be able to 

determine a given doubletalk detector’s expected performance and response time under 

various conditions. An intuitive approach to solving these problems is by applying 

statistical analysis to construct a model of doubletalk detector behavior. However, the 

literature lacks such an approach to doubletalk detector modeling and calibration.

A third set of harsh conditions arises from the nature of VoIP technologies, and 

interconnections of IP networks with the legacy PSTN. Differences between the 

networks have resulted in new echo cancellation problems and exacerbated existing ones. 

First of all, voice is transmitted through the PSTN as a continuous stream of pulse code 

modulated samples (ITU-T G.711), whereas in VoIP networks speech frames are often 

compressed using low-bit-rate parametric coders such as the ITU-T G.729 and G.723.1 

speech codecs [4], [17], [18], [19]. A second major difference is that the PSTN provides 

guaranteed bandwidth and relatively constant delay for each voice channel, whereas 

transmission over packet-switched networks is subject to variable end-to-end delay and 

losses due to network congestion [5], The combination o f  compression, packetization, 

transport, and playback delays results in longer overall round-trip delay, which is known 

to increase end-user perception of echo [20]. As a result, there is a still a need for
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adaptation algorithms that can offer increased convergence and tracking rates. Another 

possible problem arises when the signal paths to or from the echo path employ low-bit- 

rate speech compression, such as an encoder / decoder pair. The resulting distortion is 

highly nonlinear and will inhibit echo canceller performance [21].

Although the processing power of digital signal processors has been increasing in 

recent years, not all of this power can be devoted to echo cancellation. In a modem 

digital cellular telephone, for example, an echo canceller must share computational 

resources with other firmware providing noise suppression, speech enhancement and 

compression, network interfaces, channel coding, and radio frequency (RF) processing 

[23]. Therefore, new adaptation and control algorithms for dealing with harsh 

environments must still be tempered with computational complexity constraints. 

Subband adaptive filter structures are one approach to implementing echo cancellers 

while reducing the computational complexity [24]. Computational savings are obtained 

by segmenting the input and reference signals into frequency bands and decimating the 

signals in each subband, which also leads to a shorter-length adaptive filter in each 

subband. Maximal savings are obtained by using filter banks employing critical 

sampling, but these structures require unique algorithms to handle aliasing in each 

subband [25]. Only recently have structures been proposed offering more robust 

handling of aliasing. In subband adaptive filters, each adaptive filter is adapted 

independently o f  the others, and so a natural idea is to attempt to combine other 

components such as doubletalk detection and more sophisticated adaptation algorithms
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into each subband. However, it is not obvious how to incorporate such algorithms into 

echo cancellers employing critically sampled filter banks.

1.2 Objectives and Motivation

This thesis is primarily about the development and analysis of echo canceller 

structures and algorithms capable of operating in harsh environments, with specific 

application to those outlined in the previous section: doubletalk conditions, background 

noise, and the effects of speech coding in VoIP networks. A secondary goal is 

maintaining a low computational complexity in the resulting algorithms. In particular, 

there are five basic research questions addressed by this thesis:

1. What is the behavior of doubletalk detectors in the presence of background noise 

and time-vaiying signal statistics, and how can an appropriate detection threshold 

be constructed given these influences?

2. What are the perceived limits of echo canceller performance given psychoacoustic 

aspects of human hearing, and how does the presence of background noise affect 

perceived echo canceller performance?

3. Given that additional structures are required to reduce aliasing in critically 

sampled subband filters, is it possible to incorporate more sophisticated 

adaptation and doubletalk detection algorithms into echo cancellers based on 

these structures?
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4. Is it possible to incorporate parametric representations of speech, utilized by 

low-bit-rate speech encoders in VoIP networks, in the design of echo canceller 

structures for VoIP gateways and IP-based terminals?

5. What is the effect of vocoder distortion on echo canceller performance, in 

particular due to the presence of encoder / decoder pairs on the send and / or 

receive paths? Are there ways to mitigate the presence of this distortion?

1.3 Contributions of the Thesis

The contributions of this thesis are the development of structures and adaptation 

algorithms for achieving echo cancellation in harsh environments such as background 

noise and doubletalk conditions. In particular, the main contributions of this thesis to the 

field of adaptive echo cancellation are as follows:

1. Statistical modeling of doubletalk detectors -  An approach to doubletalk 

detector calibration is proposed based on the statistical performance measures of 

probability of false alarm (Type I error) and probability of miss (Type II error). 

This approach is applied to an existing doubletalk detection algorithm, resulting in 

the development of models of the detection statistic’s probability density function 

in the absence and presence of near-end speech. Two algorithms are proposed for 

constructing detection thresholds adaptive to changes in the environment, such as 

time-varying input signal and noise statistics. These algorithms allow the 

practitioner to construct statistically optimal doubletalk detection thresholds 

instead of relying on sub-optimal empirical methods. These contributions are
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described in Chapter 4 of this thesis, and the results of this work are published in 

[26] and [27].

2. Perceptual performance limitations of echo cancellers -  An investigation is 

conducted into limits of perceived echo canceller performance based on 

psychoacoustic limitations of human hearing, and in particular the masking 

effects of moderate-to-high levels of background noise. It is found that existing 

echo canceller performance measures based on average power estimates, such as 

echo return loss enhancement (ERLE), cannot incorporate frequency-dependent 

psychoacoustic limitations of human hearing. As a result, ERLE may over- or 

under-estimate the audible echo power reduction achieved by an echo canceller. 

Two echo canceller performance measures are proposed that estimate the amount 

of audible echo power reduction by incorporating psychoacoustic limitations. 

These contributions are described in Chapter 5, and the results of this work are 

published in [28] and [29].

3. Affine Projection (AP) and doubletalk detection in critically sampled 

subband adaptive filters (CS-SBAF) -  In this work the use of AP in a recently 

proposed SBAF employing critical sampling is investigated, and a convergence 

analysis of the algorithm is proposed. In addition, a derivation is shown for a 

cross-correlation-based doubletalk detector for use in the CS-SBAF structure. 

One result of this work is a convergence analysis of AP in the critically sampled 

SBAF, which offers insight into the factors affecting the rate of convergence of 

such structures. One outcome of deriving the doubletalk detector is that a
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doubletalk decision can be made for each subband adaptive filter based on a 

measure of near-end speech power in each subband. This contribution is 

described in Chapter 6, and the results appear in [30] and [31].

4. Low-complexity decorrelated NLMS adaptation and cross-correlation-based 

doubletalk detection algorithms for VoIP -  Speech decoders are often co

located with network or acoustic echo cancellers at VoIP gateways and IP-based 

phones. In this work, signal processing algorithms are proposed that employ 

information from compressed speech frames available at LPC-based speech 

decoders. The results are a decorrelated NLMS algorithm for echo canceller 

adaptation, and a cross-correlation-based doubletalk detection algorithm. The 

availability of speech parameters allows the algorithms to be implemented with 

lower complexity than a straightforward implementation. This contribution is 

described in Chapter 7, and the results appear in [32] and [33].

5. Post-filtering algorithms for suppression of residual echo due to vocoder 

distortion in VoIP -  This work addresses the problem of residual echo resulting 

from the presence of nonlinear distortion from LPC-based speech encoders in the 

echo path. An investigation into the power spectrum properties of the residual 

echo resulting from ITU-T G.729A encoder / decoder pairs in the echo path is 

presented. A power spectrum estimation algorithm for modeling the residual echo 

is presented for use as part o f  a frequency-domain post-filter for enhancing near

end speech. This contribution is described in Chapter 7, and the results are 

published in [34].
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1.4 Organization and Scope

This thesis has four central chapters. Chapters 4 and 5 address the issues of statistical 

modeling of doubletalk detectors for calibration and performance evaluation, and the 

perceptual performance limitations of echo cancellers in the presence of background 

noise. Chapter 6 investigates new adaptation and control algorithms for subband 

adaptive filters. Chapter 7 presents structures and algorithms for echo cancellation, 

doubletalk detection, and post-filtering in VoIP networks. Supporting Chapters 2, 3, and 

8 review the echo cancellation problem and provide necessary background material on 

adaptive filter theory, doubletalk detection, post-filtering and VoIP structures, and 

summarize and draw conclusions from this work.

Chapter 2 presents an overview of the echo cancellation problem, and provides a 

review of echo canceller structures, adaptation algorithms, and supporting 

components such as doubletalk detection and post-filtering algorithms. In addition, it 

provides a review of low-bit-rate speech compression technologies commonly 

employed in VoIP systems.

Chapter 3 provides a description of the experimental and simulation setups used to 

obtain results for the algorithms and structures described in this thesis. It provides a 

description of the room dimensions and contents, the playback and recording 

equipment employed, and sources o f  noise and speech signals used in experiments. 

Chapter 4 addresses the problem of doubletalk detector calibration in noisy 

environments. This is done by applying statistical modeling to derive probability
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density functions characterizing the detection statistic’s behavior in the absence 

and presence of doubletalk. These results are used to develop two calibration 

algorithms based on statistically optimal criteria, and simulation results are provided 

confirming the validity of the models.

Chapter 5 investigates performance limitations of echo cancellers by considering the 

perceptual limitations of the human auditory system. In particular, the masking 

effects of background noise on residual echo are analyzed using the MPEG 

Psychoacoustic Model. The results are used to construct an echo canceller 

performance measure that takes into account these masking effects. The results of 

confirmatory informal listening tests are presented.

Chapter 6 investigates the incorporation of Affine Projection and cross-correlation- 

based doubletalk detection algorithms into a subband adaptive echo cancellers 

employing critically sampled filter banks. A mathematical derivation of the two 

algorithms is provided to show how they can be derived for each subband. A 

convergence analysis of the subband AP algorithm is provided. The behavior of the 

algorithms is investigated through computer simulations.

Chapter 7 analyzes the statistical properties of parametric speech representations and 

the structures of low-bit-rate speech coders. The results are used to derive three low- 

complexity algorithms for performing echo cancellation, cross-correlation-based 

doubletalk detection, and audio m ixing in VoIP systems. The algorithms achieve 

complexity reduction by taking advantage of compressed speech parameters. In 

addition, the problem of suppressing residual echo caused by nonlinear vocoder
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distortion in the echo path is studied. A power spectrum estimation algorithm is 

described for modeling the residual echo signal, and simulation results are presented 

verifying the improvement in near-end speech quality.

Chapter 8 highlights the important contributions arising from the thesis, and suggests 

future areas of research to build upon the contributions of this thesis.
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Chapter 2 Background

2.1 Overview

This chapter presents a brief literature review of echo canceller structures and 

algorithms, as well as additional supporting structures required for typical echo canceller 

implementations. The sections of this chapter are organized as follows. Section 2.2 

provides an overview of the echo cancellation problem in the context of network and 

acoustic echo, as well as a description of typical echo canceller implementations and 

supporting components. Section 2.3 reviews commonly used echo canceller structures 

and adaptation algorithms, with a focus on low-complexity algorithms. Section 2.4 

describes the problem of doubletalk detection, and reviews several commonly used 

algorithms for detecting doubletalk conditions. Section 2.5 provides a review of post

filtering structures for suppression of residual echo after linear echo cancellation. 

Finally, a review of Voice-over-IP (VoIP) structures and related algorithms is provided in 

Section 2.6.

2.2 The Echo Cancellation Problem

Network echo arises in the legacy public switched telephone network (PSTN) at the 

analog interface between the central office (CO) and the local loop leading to customer 

premises, as shown in Figure 2.1 [13]. It is at this point that four-wire unidirectional 

digital connections from the central office are converted to and from a bidirectional 

analog two-wire twisted pair leading to the customer premises. This is done using 

digital-to-analog (DAC) and analog-to-digital (ADC) converters on the input and output

12
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ports, and a transformer-like coupling device called a hybrid to interface with the two- 

wire port. In an ideal configuration, the hybrid transfers the incoming discrete-time 

signal, x(ri), from the input port to an analog signal x{t) on the two-wire port with no 

signal leakage onto the output port. Similarly, the outgoing speech signal v(t) from the 

customer premises is ideally transferred from the two-wire port to the central office’s 

output port d(n) with no leakage back into the local loop. However, impedance mismatch 

between the two sides of the hybrid leads to imperfect separation of incoming and 

outgoing signals. The result is a distorted version of the input signal, y{t), returned to the 

far end in the form of echo.

Acoustic echo is predominantly a problem of hands-free telephones for conferencing 

or videoconferencing systems [7]. However, more recently the problem has arisen in 

cellular telephones offering hands-free operating modes. These systems are typically 

designed to provide full-duplex communications allowing both far-end and near-end 

talkers to be active at the same time, offering partial or full overlap in their speech bursts. 

A block diagram of a typical configuration is shown in Figure 2.2. In full-duplex systems 

such as these, far-end speech x(ri) is played over a loudspeaker into the near-end room 

after conversion to a continuous-time waveform x(f) through a DAC. An echo signal y(t) 

is recorded by the microphone, consisting of an attenuated version of the far-end speech

Public Switched 
Ti-lophimc Network

Central
Office 1

Figure 2.1 -  Network echo in the public switched telephone network. In addition to an echo signal 
y(<), the reference signal may contain noise 77(f) and near-end speech v(f) signals.
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signal via a direct path from the loudspeaker (acoustic coupling), and reflected versions 

of the signal caused by walls objects within the room (reverberation). In addition to 

echo, the microphone records near-end speech v(t) and background noise 77(f) to form the 

reference signal d(n) after conversion using an ADC.

Hands-
Free

Telephone

= y (t)  + v(7) + rj(t)

Figure 2.2 - Acoustic echo in a hands-free telephone. In addition to an echo signal 37(1), the reference 
signal may contain noise ij(t) and near-end speech v(7) signals.

The echo paths and operating environments of network and acoustic echo have 

markedly different characteristics. Network echo paths are typically of a relatively short 

duration of 5 -  10 ms, whereas acoustic environments can induce a much longer echo 

path of up to 250 ms in duration [13], [7]. Although the network echo path is typically 

different for each telephone call, it is usually stationary once the call is established. In 

acoustic environments the echo path may change continuously during communications 

due to the movement of people and objects within the room. The actual echo path itself 

in both cases can be well-modeled as a linear system, but both hybrid transformers and 

hands-free telephones often contain nonlinear elements which introduce some 

nonlinearity into the echo path [10], [36]. Background noise is usually more of an issue 

in hands-free environments, and in conferencing systems the use of stereo or multiple 

loudspeakers introduces additional sources of echo [37], [38], In both cases, however,
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the presence of echo is disruptive for two reasons. During single-talk periods it is 

annoying to hear a delayed version of one’s own voice. Additionally, during double-talk 

periods the quality of near-end speech is reduced when it contains echo. The result of 

this is often an induced “half duplex” conversation between participants, and a perceived 

degradation in the quality of the communications [38]. Finally, the relative signal powers 

of echo and near-end speech are often quite different between network and acoustic echo 

environments. A typical hybrid transformer itself introduces at least 5 -  15 dB of 

attenuation in coupled signals, resulting in near-end speech power at least 5 -  15 dB 

higher than that of the echo [13]. In a hands-free telephone, however, the loudspeaker 

and microphone are often closely situated in the enclosure compared to the relative 

location of the near-end talker. As a result, it is common for near-end speech power to be 

at least 10 -  20 dB lower than that of the echo [2],

2.2.1 Echo Canceller Structure and Conventions

The presence of network and acoustic echoes has traditionally been mitigated through 

the use of digital echo cancellers [13]. Figure 2.3 shows a block diagram of a typical 

acoustic echo canceller implementation and its components in the context of a full-duplex 

hands-free telephone. The echo path is modeled as a system to which a far-end speech 

signal x(n) is applied, resulting in a near-end reference signal d(n) consisting of three 

uncorrelated components: the echo signal y(n), near-end speech v(ri), and an aggregate 

noise signal rj(ri) containing background and measurement noise. The echo path system 

parameters are estimated and used to construct an estimate of the echo signal, y(n), 

which is subtracted from the reference signal. In the ideal case of perfect cancellation,
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the echo canceller error signal e(ri) consists of only the near-end speech and noise signal. 

In practice, the error signal also contains a residual echo signal Sji) resulting from error 

in the estimated echo signal:

d (n) = y(n) + v(«) + Tj(n) (2 .1)

e(n) = d(n) -  y(n) = S(n) + v(n) + Jj(n) (2 .2 )

The echo path is often assumed to be capable of continuous changes, so the linear 

system is usually adaptive to track changes in the system parameters. As shown in Figure 

2.3, a practical echo canceller implementation consists of the following components, 

which are described in more detail in subsequent sections:

• An echo canceller to estimate and cancel the echo signal from the reference 

signal, and a corresponding adaptation algorithm to model and track the echo path 

parameters.

• A doubletalk detector to detect the presence of near-end speech occurring at the 

same time as far-end speech, and to slow or halt adaptation of the echo canceller 

for the duration of the near-end speech.

• A nonlinear processor or post-filter to provide additional suppression of residual 

echo remaining at the echo canceller output.

Note that in practice there are other structures typically found in an echo canceller 

implementation that, although important, fall outside the scope of this thesis. For 

example, the echo canceller’s adaptation algorithm can only operate effectively in the 

presence of far-end speech. Therefore, in practice a voice activity detector (VAD) is
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typically employed to differentiate between speech bursts and silence periods in the far- 

end signal x(n) [40],

x(n) x(t)

Adaptive
Filter

v(«)

Doubletalk
Detector

N LP/
Post-Filter -0 «

d(t)
-=>f

y{t)

v(t) *e{n) + d{n)

Figure 2.3 - Block diagram of typical practical echo canceller components.

2.2.2 Performance Measures and Operating Requirements

Objective echo canceller performance measures are the steady-state mean squared 

error (MSE), echo return loss enhancement (ERLE), and system distance (DIST). MSE 

and ERLE are defined, respectively, as the average error signal power and the ratio of 

average reference to error signal powers, both expressed in decibels as follows [12]:

AK£(tffi) = 101og,0{£[e2(n)]}=101og,0[<T,2(n)]-101og,0 -]7 | ; e 2(K - t )  (2.3)
E  *=0

ERLE(dB) =  lO log.J ^ (” 5  = 101og10I  E[e  ( « ) ]  J
0 2d{n)
crf(rt)

~ lOlog 10

K - \

Y , d 2( n - k )
k =0
K-1

k =0

(2.4)

where a 2d (ri) and a 2 (n) are the steady-state variances of the reference and error signals

at time n, respectively, and £'[•] is the statistical expectation operator. MSE and ERLE 

can be estimated as a function of time n over a window of samples using the latter 

expressions in (2.3) and (2.4) above. MSE provides a measure of the residual echo power 

after the echo canceller, while ERLE provides a measure of how much the echo is
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attenuated by the echo canceller. Both measures assume low levels of background noise, 

and no near-end speech in the reference and error signals. Theoretically it is possible to 

have an infinitely small or infinitely large MSE and ERLE, respectively, but in practice 

the values are limited by the presence of background noise and finite word-length effects 

in the system implementation.

Operating requirements have been proposed by the International Telecommunication 

Union (ITU) governing the performance of echo cancellers with respect to the objective 

measures described above, such as ITU-T G. 168 [12]. In addition to objective measures, 

subjective performance guidelines and measurement techniques have been proposed. In 

particular, the required amount of echo cancellation to prevent objectionable echo, 

expressed in terms of ERLE, is a function of the round-trip delay in ITU-T G.131 [11], 

Longer round-trip delays, such as those inherent in long-distance telephone calls, 

increases echo perception and annoyance of echo. In addition, the Mean Opinion Score 

(MOS) is a subjective measure of speech quality useful, for example, in determining the 

quality of near-end speech containing residual echo [41], [42],

2.3 Filter Structures and Adaptation Algorithms

Figure 2.3 shows an illustration of the basic adaptive filter structure in the context of 

echo cancellation. The unknown system is modeled as a potentially time-varying linear 

system consisting of a finite impulse response (FIR) of length L samples, whose 

coefficients are represented as an L x l vector w(ri). The resulting echo signal y(n) is 

represented as the convolution of the input signal and the impulse response coefficients:

y(n) = x T (n)w(n) (2.5)
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w(«) = [w0(«) wx(n) ••• w£_,(n)f (2 .6 )

x(h) = [jc(h) x (h-1) ••• x ^ - L  + l)]7 (2.7)

The most straightforward and commonly used approach is to model the echo path

impulse response as a linear filter w(n) with a finite impulse response (FIR) of length N

< L samples. The output y{n) of the adaptive filter is an estimate of the echo signal y(n) 

resulting from applying the input signal x(n) to the unknown system:

y(n) = x T (n)w(n) (2 .8)

w(») = [w0(«) w,(w) ••• ww_,(/i)f (2.9)

x(n) = [x(n) x (n - l)  ••• x(n-iV  + l)]r (2.10)

This approach is often chosen because it is easily implemented in hardware as a 

tapped delay line with N  -  1 delay elements and N  multipliers, and as such it is stable 

and, in practice, relatively robust to finite word length effects of numerical 

representations [43]. The weights of the linear filter are adapted using an algorithm that 

minimizes some function of the error signal e(n) between the desired signal d(n) and the 

adaptive filter output y(ri). The most commonly used methods of filter adaptation are 

based on variations of the method of steepest decent [44], Steepest decent iteratively 

converges upon the target impulse response vector using the gradient of a cost function 

J(n) that it is desirable to minimize:

w{n +1) = w(n) -  fi(n)P(n)VJ(n) (2.11)

where w(n) and w(n + 1) are the adaptive filter coefficients at times n and n + 1, ju(n) is a 

step size parameter, and P(n) is a matrix constructed to accelerate the rate of convergence
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of the adaptation. VJ(«) is the gradient of the cost function taken with respect to the

adaptive filter coefficients:

W(->) = f ^  (2.12)
aw(n)

Different choices for the cost function J{ri) and acceleration matrix P(n) lead to 

different classes of iterative adaptation algorithms, and as a result there have been many 

adaptation algorithms proposed in the literature, with varying degrees of complexity, 

stability, and robustness. Surveys of various classes of adaptation algorithms for echo 

cancellation can be found in [7] and [44], In Section 2.3.1 several gradient-based 

adaptation algorithms relevant to this thesis are reviewed in more detail.

Modeling the echo path as a linear system also results in a performance measure that 

complements the MSE and ERLE defined in (2.3) and (2.4). The system error norm, or 

system distance (DIST), is expressed in decibels as follows:

O/CT(dfl) = 1 0 1 o g J tM ”) ~ ^ " )ir[!i<" ) ^ ,,>1} (2.13)
I w (n)w(n) J

where w{n) is the true echo path impulse response of (2.6), and it is assumed that N  = L. 

One advantage to employing the system distance is that it is not dependent upon the input 

or reference signals. In practice, however, the echo path impulse response coefficients 

are not known, restricting the use of system distance to simulations.

It is important to note that although the finite impulse response model is popular in 

practice, it is not the only implementation structure available. Adaptive echo cancellers 

have been constructed using recursive linear filters consisting of an infinite impulse 

response (HR) with varying degrees of success [48], Both FIR and HR structures can be
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implemented using feed-forward and recursive lattice structures to further improve 

immunity to finite word length effects, but at some expense of computational efficiency 

[43], [44]. In addition, echo cancellers implemented using frequency domain adaptive 

filters (FDAF) have been extensively studied [24], [44], [45], [46], [47]. Finally, 

adaptive echo cancellers constructed using a subband decomposition of the input and 

reference signals have been reported in the literature [49], [50], [51], [52]. Section 2.3.2 

reviews in more detail several subband adaptive filter structures relevant to this thesis.

2.3.1 Gradient-Based Adaptation Algorithms

In gradient adaptation algorithms the cost function J(n) to be minimized is the 

expected squared value of the echo canceller error signal given by (2 .2 ):

It can be shown in this case that the optimum weight vector w„pt minimizing J(n) can be 

obtained by solving the Wiener-Hopf equations [44]:

One practical approach to implementing the steepest descent algorithm is to replace 

the statistical expectation operator in (2.15) with an estimate formed from the 

instantaneous error [44], Substituting the instantaneous error into the gradient yields the 

following:

J{n) = E[e\n)] (2.14)

E[x(n)x (n)]wopt = E[d(n)x(n)] (2.15)

3[xr (n)w(n)] = —2e(n)x(n)(2.16)
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If the input signal is stationary and ergodic, then the ensemble-averaged instantaneous 

gradient estimate is equal to the true gradient vector. Substituting (2.16) into (2.11) 

yields the general form of the steepest descent algorithm:

w(n +1) = w(n) + ju(n)P(n)x(n)e(n) (2.17)

where the factor of 2  in (2.16) is included in the step size /i(n) and, as before, the choice 

of matrix P(n) is chosen to improve the rate of convergence of the algorithm. In the 

following subsections two particular variations of gradient adaptation algorithms are 

presented, the Normalized LMS and Affine Projection algorithms.

2.3.1.1 Normalized Least Mean Square (NLMS) Algorithm

The Least Mean Square (LMS) algorithm is obtained by setting P(n) equal to the

identity matrix and by fixing the step-size parameter fl{n) to a constant value [44]. The 

resulting adaptation algorithm is given by the following equation, along with the resulting 

stability bounds for the step-size parameter ju:

w(n + 1) = w(n) + fix(ri)e(n) (2.18)

0 < f l < ~  (2.19)

z *
i=0

where Aj, 0 < i < N -  1, are the eigenvalues of the N  x N  input signal correlation matrix.

In practice the input signal correlation matrix is not known, and so a more commonly

employed version of LMS is obtained by normalizing the step size by the I2 (or

Euclidean) norm of the input signal vector x{ri) [44], The resulting algorithm and step- 

size parameter bounds for stability are given as follows:
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x T (n)x(n) + 8

x(n)e(n)
23

(2.20)

0< ju<2 (2 .21)

The LMS and NLMS algorithms are popular in practice because of their low 

complexity, approximately 2N  multiplications per sample, and because of their stability 

and general robustness to finite word length effects on fixed-point processors [53]. 

However, the algorithms generally suffer from a slow rate of convergence in the presence 

of correlated input signals such as speech [54]. This is because the rate of convergence is 

dependent on the eigenvalue spread of the input signal correlation matrix, and faster 

performance can be obtained when the input signal is white. One simple approach to 

improving the rate of convergence of LMS / NLMS is to employ a fixed or adaptive 

decorrelation filter to whiten the input signal [7],

2.3.1.2 Affine Projection (AP) Algorithm

The Affine Projection (AP) algorithm employs an adaptive filter update vector 

constructed from a P-dimensional projection of the current and P  -  1 previous input 

signal vectors onto the a posteriori error signal vector [58]. The parameter P  is 

commonly referred to as the projection order. The a posteriori error signal vector is first 

constructed by re-calculating the set of P  error signals using the current adaptive filter 

coefficients:

e(ri) = d(n) -  y(n) (2 .22)

d(n) = \d(ri) d ( n - \ )  d ( n - P  + l)]r (2.23)

y(n) = X T (n)w(n) (2.24)
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X_{n) = [*(«) x(n -1 ) • • • x(n - P  + l ) f  (2.25)

An estimate of the gradient vector is then constructed such that it forces the a 

posteriori error signal vector to zero. The resulting adaptive filter update equation is 

given by the following equations:

w(n +1) = w(n) + fiX_(n)C[l (n)e(n) (2.26)

C(n) = X?{n)X{n) + 8l_ {2.21)

where C{n) is may be viewed as an estimate of the input signal autocorrelation matrix, [X 

is the step size parameter, and 8  is a small scalar regularization parameter inserted to 

avoid potential stability problems while calculating the inverse of C{ri). Although 8  is 

often chosen to be an arbitrary small value, recently methods have been proposed for 

choosing optimal regularization parameters [56], [57].

It has been shown that Affine Projection with projection order P  can decorrelate an 

autoregressive (AR) input signal of the same order [59]. As a result, the algorithm is

popular for adaptive systems with speech input signals, because the AR model has

successfully been used to model speech signals [60], In addition, it is important to note 

from (2.22) to (2.27) that for a projection order of P = 1, AP reduces to the NLMS 

algorithm of (2.20) as a special case. As a result, AP is commonly viewed as a 

generalization of NLMS. The computational complexity of Affine Projection is higher 

than that of LMS and NLMS, requiring approximately 2NP + P invP 1 multiplications per 

sample, where P1NV is a constant associated with calculating the inverse of the P  x p  

matrix C{ri). However, the algorithm has also become popular recently because of the

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



25
introduction of lower-complexity versions such as the Fast Affine Projection (FAP) 

algorithm and its variants [61], [62], [63].

2.3.2 Subband Filters and Adaptation Algorithms

Another low-complexity approach to adaptive filter design is to employ filter banks 

and multirate signal processing techniques [49]. Figure 2.4 shows a block diagram of a 

typical echo canceller employing subband adaptive filters. Subband filters employ an M- 

channel analysis filter bank on the input and reference signals, which decomposes the 

signals into a set of M  subband signals each containing the content of a different band of 

frequencies. This frequency division allows each subband signal to be downsampled by a 

factor of D < M. Each of the M  subband signals is processed by a corresponding adaptive 

filter, and the subband error signals are upsampled and reconstructed by a synthesis filter 

bank. There are numerous filter bank design criteria, tradeoffs, and implementation 

considerations, of which there is a vast literature. A survey can be found in [50], but 

several aspects are highlighted below.

The benefits of using subband over fullband adaptive filters are threefold. 

Computational savings are obtained by downsampling each of the subband signals by a 

factor of D, and the required length of each subband adaptive filter is typically reduced 

by a factor of D. In addition, as the number of subbands increases, the analysis filter 

bank has a decorrelating effect on each of the subband signals, potentially leading to an 

increased rate of convergence of each adaptive filter. Finally, employing a set of 

independent adaptive filters allows additional mechanisms, such as doubletalk detection, 

step-size control, and post-filtering, to be incorporated into each subband based on signal
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characteristics localized in frequency [64], [65]. In the context of echo cancellation, one 

drawback of filter banks is the delay introduced into the signal path between the reference 

and error signals [6 6 ], [67].

Subband adaptive filters are classified as oversampled if the downsampling factor is 

less than the number of subbands, or D < M, and critically sampled if £> = M. A maximal 

reduction in complexity is obtained with the latter, but it is not possible to physically 

realize filter banks with perfect stopband attenuation at the cutoff frequencies [43]. As a 

result, maximal decimation will result in aliasing in each of the subband signals. Early 

critically sampled subband adaptive filters were proposed with additional “cross- 

adaptive” filters to alleviate aliasing, but they generally suffered from poor convergence 

performance [25]. Recently, a critically sampled subband adaptive filter was proposed 

that handles aliasing while maintaining a performance increase over fullband echo 

cancellers [6 8 ], This structure is of interest in this thesis and is reviewed in more detail in 

the following subsections. Most of the literature on subband adaptive filters has focused 

on the use of LMS or NLMS algorithms to adapt the adaptive filter in each subband. 

However, recently Affine Projection was employed to adapt each subband in an 

oversampled subband adaptive filter with positive results [69].
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Figure 2.4 - Block diagram of a typical subband adaptive filter.

2.3.2.1 Critically Sampled Subband Adaptive Filters (CS-SBAF)

A block diagram of the critically sampled subband adaptive filter structure of [6 8 ] is 

shown in Figure 2.5 for the case of M  = 3 subbands. Assume the availability of an M- 

channel perfect reconstruction analysis and synthesis filter bank. The input signal x(n) is 

first passed through the analysis filter bank consisting of 2 M  -  1 filters formed by 

convolving each of the M  analysis filters with those of adjacent subbands. The reference 

signal y(n), also containing background noise v(«), is passed through the standard M- 

channel analysis filter bank. Each of the signals is critically downsampled by factor of D 

= M, which introduces aliasing into the subband signals. Aliasing is cancelled by
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incorporating adjacent subbands as part of the M  subband adaptive filter update 

equations.

Let x(n) and xitj(m) be the input and i,jth subband input signals, where n and m

represent normal and downsampled time indices. Similarly, let d(n) and dim) be the

reference and zth subband reference signals, and let X(z), Xtj{z), D(z) and D,{z) represent 

the z-transforms of these signals, respectively. Let H,{z) and Fiz)  be the analysis and 

synthesis filters of length Nir and N f  samples, respectively, for the i subband of the M- 

channel perfect-reconstruction filter bank. In addition, let Wj(m) be the No x 1 adaptive 

filter coefficient vector for the zth subband at time m, where ND = (N + N f) / M +  1, and N  

is the length of the fiillband echo path to be modeled by the system. In all cases 1 < i, j  < 

M. The 2M — 1 subband input signals xi:fn i)  are formed by filtering the input signal with 

the set of analysis filters and, after filtering with the analysis filters of adjacent subbands, 

downsampling by a factor of M. In this structure it is assumed that the analysis filters 

have sufficient stopband attenuation that aliasing between nonadjacent subbands can be 

neglected. The subband reference signals dim), 1 < i < M, are formed using only the 

analysis filters. In particular:

X . j ( zu ) = X (z )H i(z)H j (z) (2.28)

Di(zM) = D (z)H i(z) (2.29)

Finally, as shown in Figure 2.5, the fiillband error signal e[n) is reconstructed from the 

subband error signals at the outputs of the subband adaptive filters by upsampling and 

passing the signals through the synthesis filter bank.
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Subband Adaptive Filters

Figure 2.5 - Block diagram of the critically sampled subband adaptive filter structure for M  = 3
subbands.

2.3.2.2 NLMS Adaptation Algorithm for CS-SBAF

In the critically sampled subband adaptive filter of [6 8 ], the analysis and synthesis 

filters are assumed to have sufficient stopband attenuation so that the aliasing introduced 

from non-adjacent subbands can be neglected. As a result, the echo signal estimate and 

corresponding error signal for each subband is formed from the contribution of adjacent 

subband input signals as well as the current one:

et O )  = d i ( m - q ) -  y t (m) (2.30)

y, O )  = x„_ i (m)w^ (m) + x[, (m)wi (m) + x iM {m)wM (m) (2 .31)

where x i j (m) -  [x; / (m) xi j ( m - 1) ••• xiJ( m -  N D + l)]r is the No x 1 vector of

subband input signal samples at time m, and q = (Nh + Nf) / 2 M  compensates for the

delay introduced by the filter bank.
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The adaptive filter update equation minimizes an error function comprised of the sum 

of squared errors across all M subbands:

M

J(m) = £ e , 2(m) (2.32)
2=1

The resulting NLMS filter update equation for the ith subband is given by an

instantaneous estimate of the gradient using the current and adjacent subband input

signals and the corresponding subband error signals:

W; (m + 1) = (m) + n i (m)YJi (m) (2.33)

YJi O )  = x M (w)eM (m) + x it (m)ei (m) + x iM (m)ei+l (m) (2.34)

Hiim) = ---------------- ^ ----------------  (2.35)
pu -iOO + Pi M ) + pi,i+i(m)

where the normalization parameter PiJjn) is the estimated power in the i,fb subband input

signal obtained by calculating the dot product of the vector Xjj(m) with itself.

For subbands i = 1 and i = M, (2.31), (2.34), and (2.35) are adjusted to remove terms

involving subbands i -  1 and i + 1, respectively. Subband adaptive filters generally

introduce a fixed delay into the signal path between the fullband reference and

reconstructed error signal, which may be undesirable in the context of echo cancellation.

A delayless echo canceller may be implemented by reconstructing the fullband adaptive

filter vector using the analysis filter bank polyphase matrix, at a cost of an increase in

complexity [8 6 ].
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2.4 Doubletalk Detection Algorithms

Most of the adaptation algorithms outlined in Section 2.3 assume only the presence of 

a far-end input signal and low levels of background noise [44]. However, full-duplex 

communications systems must handle doubletalk, which is the presence of near-end 

speech in the reference signal occurring at the same time as the echo signal [13]. The 

presence of near-end speech is equivalent to injecting a high noise signal into the 

adaptation algorithm, which in most cases causes the adaptive filter coefficients to 

diverge after only a few samples [70]. The result is higher residual echo for the duration 

of time required for the adaptive filter to re-converge. Therefore, practical echo canceller 

implementations employ a doubletalk detector capable of sensing the presence of near

end speech, and a control mechanism implemented as a scale factor 0  < a(n) < 1 applied 

to the adaptation step size to slow or halt adaptation accordingly.

Doubletalk detectors typically calculate a detection statistic ^ n) and a statistical test 

with the hypotheses Ho and H\ that doubletalk is and is not present, respectively. Many 

doubletalk detection algorithms have been proposed in the literature, ranging from simple 

energy-based approaches such as the Geigel algorithm, to more sophisticated algorithms 

employing cross-correlation, frequency-domain coherence, and robust statistics [13], 

[14], [15], [16]. Surveys and comparisons of different algorithms appear in [16] and [70]. 

A cross-correlation-based doubletalk detector relevant to this thesis is reviewed in the 

following subsection.

Two simultaneous and conflicting goals of doubletalk detection are fast and accurate 

identification of doubletalk conditions. Accuracy is required to avoid missing doubletalk
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and to avoid unnecessary delay in adaptive filter convergence and tracking. Doubletalk 

detector performance is somewhat subjective because of the possibility of adaptive filter 

divergence and the effect of residual echo on near-end speech quality. However, an 

objective method was proposed for evaluating the performance of doubletalk detection 

algorithms using the probability of detection as a function of the power of near-end 

speech in relation to the echo signal [70].

2.4.1 Cross-Correlation and Power-Based Algorithms

Improved detection performance and noise immunity can be obtained by employing 

doubletalk detectors based on measures of cross-correlation between far- and near-end 

signals involved in echo canceller operation. An early example is the algorithm proposed 

in [14] based on the cross-correlation vector between the far-end input signal x(n) and the 

echo canceller error signal e(n). A more robust doubletalk detector was proposed in [16] 

based on the normalized cross-correlation vector between the input signal x(«) and the 

reference signal d{n), and briefly reviewed as follows. First of all, assume stationarity of 

the echo path coefficient vector w(ri) and the far-end input signal x(n). Under these 

conditions, the expected variance of the reference signal can be written in terms of the N  

x 1 cross-correlation vector between the input and reference signal, and the N  x N  

autocorrelation matrix of the input signal. The doubletalk detection statistic is obtained 

by normalizing the expected echo signal variance by the measured reference signal 

variance, and then taking the square root of the result:

<*1 = LxdR ^ r xd (2.36)
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<f = (2.37)

Equation (2.37) is simply the ratio of the expected and actual reference signal

variances. The former is constructed from the input signal and the cross-correlation 

vector, while the latter is obtained from the reference signal itself. In the absence of 

doubletalk the numerator and denominator terms are equal and £=1 .  When doubletalk is 

present, the actual reference signal variance is larger and £ < 1 .  Taking the expected 

value of (2.37) reveals that the detection statistic’s average value is a function of the near

end speech to echo signal power ratio (NER), which is plotted in Figure 2.6:

In practice the input and near-end speech signals are time-varying, and the parameters 

of (2.37) must be estimated and tracked. A direct implementation suffers from the 

drawback of having to construct estimates of the autocorrelation matrix and calculate its 

inverse. This is expensive for the long impulse responses typical of acoustic 

environments (up to 250 ms). Therefore, a simplification from [16] is to assume that the 

adaptive filter coefficients have converged, at which time the numerator can be simplified 

with the following:

A straightforward approach to estimating the cross-correlation vector of (2.37) is by 

averaging over a window of K  previous samples. Similarly, an unbiased estimate of the 

reference signal variance at time n can be obtained as follows [101 ]:

(2.38)

Kllixd = w ~w (n) (2.39)
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(2.40)

(2.41)

Substituting (2.39) -  (2.41) into (2.37) results in an estimated doubletalk detection 

statistic at time n\

£(”)■ I Lxd (”)*(”) 
* ,(» )

(2.42)

For a stationary input signal and echo path, the accuracy of the parameter estimates of 

(2.40) and (2.41) increase with the estimation window size. However, the per-sample 

computational complexity also increases with K  and, as will be shown in Chapter 4, there 

is a tradeoff between the accuracy of detection and the speed of detection after the onset 

of doubletalk conditions.

0.8

0.6

0.4

0.2

-15 -10 -5 0
NER (DECIBELS)

Figure 2.6 - Expected value of the doubletalk detection statistic £(n) as a function of near-end speech
to echo signal power ratio (NER).
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2.5 Post-Filtering Algorithms

The presence of an echo canceller may not be enough to sufficiently cancel the echo 

signal, resulting in a residual echo component din) in the error signal. Residual echo 

occurs during initial convergence and tracking of the echo path, when error in the 

adaptive filter coefficients induces error in the estimated echo signal. After the filter has 

converged, under-modeling of the echo path (N  < L) results in residual echo if the true 

echo path contains significant components past the adaptive filter order. Another cause is 

the presence of nonlinearity in the echo path, particularly from analog hybrid 

transformers and from loudspeakers in acoustic environments, which cannot be modeled 

by a linear echo canceller [10]. Therefore, as shown in Figure 2.3, a practical echo 

canceller implementation typically contains a nonlinear processor (NLP) or post-filter at 

the echo canceller output to provide additional echo suppression.

During singletalk periods, the goal of the NLP is to suppress residual echo so that it is 

at least tolerable to the far-end user, and preferably no longer perceivable. Classical 

suppression algorithms are center-clipping and adaptive whitening [71], [72]. During 

doubletalk conditions, the presence of residual echo will impair the perceived quality of 

the near-end speech, so in these periods the goal is to suppress residual echo while 

minimizing distortion of near-end speech. Typical approaches are implemented in the 

frequency domain and drawn from the speech enhancement literature. Key problems, 

outlined below, is that there is no easy way to “switch” between NLP and frequency- 

domain post-filtering algorithms.
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2.5.1 Center-Clipping

Residual echo is typically a low-amplitude signal, and so a classical NLP, the center- 

clipper, passes the echo canceller error signal through a nonlinear function that attenuates 

samples with amplitudes smaller than some threshold y[ l\ \ .

Center-clipping is effective at suppressing residual echo during singletalk periods, 

and introduces no delay into the error signal. During doubletalk conditions or periods of 

no far-end speech, the NLP must be disabled to avoid attenuating or distorting near-end 

speech signals. Therefore, the performance of NLP depends on the accuracy of the 

doubletalk detector [73], In environments with moderate levels of background noise, 

selectively enabling and disabling the NLP may result in “noise modulation”, where 

background noise is audible during doubletalk or near-end-speech-only periods, and 

suppressed during singletalk periods. Another consequence is that disabling the post

filter during doubletalk may result in audible residual echo during those periods.

2.5.2 Frequency-Domain and Psychoacoustic Post-Filtering

The goal of ffequency-domain post-filtering algorithms is to suppress residual echo 

during doubletalk conditions by employing algorithms from the speech enhancement 

literature [74]. In particular, the echo canceller error signal is modeled as a (desirable) 

near-end speech signal corrupted by residual echo and background noise. A time-varying 

linear filter is constructed and applied to the error signal to enhance the near-end speech 

while suppressing the residual echo and noise. As shown in Figure 2.7, the error signal

\e(n)\ < y  
\e(n)| > y

(2.43)
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e(n) is transformed by an analysis stage into a frequency domain representation E(co) 

consisting of the spectrums of near-end speech V(co), residual echo A(co), and background 

noise N(co). A weighting function H(co) is applied to enhance the near-end speech before 

reconstruction by a synthesis stage:

e(n) = v(n) + 5(n) + Tj(n) <-> E(co) = V(co) + A(co) + N(eo) (2.44)

V(co) = H(co)E(co) = H(co)[V(co) + A (eo) + N(co)] (2.45)

A survey of frequency-domain post-filtering algorithms appears in [75]. A generic 

approach to designing the weighting function is to minimize the distortion of near-end 

speech while suppressing the residual echo below some specified level [76]. Define a 

cost function J(oi) as the squared error between the true and estimated near-end speech 

frequency representations. Assuming statistical independence between the near-end 

speech, residual echo, and background noise, J(oi) can be written as the sum of three cost 

functions Jvicti), J a( g)), and J n( g?):

J(co) = [V(a>) -  V(d))]2 = J v (ai) + J A (co) + J N (co) (2.46)

J v (CO) =  [1 -  H(co)]2 Syy (co) (2.47)

=  H 2( co) S aa( co) (2.48)

J n ( co) = H 2( co) S nn(co) (2.49)

where Svv(co), S aa( co) , and SNN (co) are the power spectral density (PSD) functions of the 

near-end speech, residual echo and background noise, respectively. Jy(co) represents the 

distortion of near-end speech, while J a( co) and Jn(co) represent the residual echo and noise
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PSD after post-filtering. A Wiener weighting function can be constructed to minimize 

M a )  [76]:

H{oS) = ------------ ?vA a)------------  (2 5Q)
5 FF(ty) + 5AA(«) + 5MV(«)

To employ (2.50), it is necessary to have estimates of the near-end speech and 

residual echo PSD functions. In [104] it is assumed that the background noise is 

negligible, and independence of the near-end speech and residual echo signals is used to 

obtain an estimate of Syy((0) from the cross-PSD between the error and reference signal, 

or via spectral subtraction:

S vy(a j)« S EE( a ) - S f f (a j)~ SED(G>) (2.51)

Frequency-domain post-filtering structures for echo cancellation and speech 

enhancement have also been proposed incorporating psychoacoustic models of human 

hearing [76]. In these approaches, the post-filter suppresses the residual echo to a level at 

or below the masking threshold induced by the near-end speech signal. As shown in 

Figure 2.8, in this approach a preliminary estimate of the near-end speech power 

spectrum is constructed from the error signal using an estimate of the residual echo power 

spectrum. The masking threshold T^oi) of the near-end speech is then obtained using a 

psychoacoustic model such as [106]. Finally, H(aj) is constructed under the assumption 

that residual echo below the masking threshold will be inaudible to the listener [107],

Recall the frequency-domain cost functions of (2.46) -  (2.49). Minimizing Jy{a>) 

such that J&(a>) is at the masking threshold Tm(oj) of the near-end speech results in a real

valued transfer function given by [76]:
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(2.52)

In order to accurately construct the masking threshold of the near-end speech, it is 

important to have a “good” estimate of the residual echo power spectrum. From (2.52) it 

is clear that inaccuracies in T^co) or Sm(<w) may lead to audible distortion of the near

end speech and / or insufficient residual echo suppression. In addition, the computational 

complexity of post-filtering is typically much higher than center-clipping and adaptive 

whitening due to the time- or frequency-domain post-filtering operation, as well as the 

cost of constructing and adapting the weighting function H(cq). Finally, the use of 

frequency-domain algorithms in general implies that there is delay introduced into the 

error signal due to block processing.

Post-Filter

v ( h )  [ e(ri) = v(n) + d(n)
Synthesis Analysis

y(t) IAdaptive
Filter

fdCPost-Filter

Figure 2.7 - Block diagram of a typical frequency-domain post-filter for residual echo suppression
and near-end speech enhancem ent.
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v(w)
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V(o>)
H (o)

E(a>)
Analysis

e(n)

Figure 2.8 - Block diagram of a psychoacoustic post-filter for suppressing residual echo from near
end speech.

2.6 Echo Cancellation in VoIP

As discussed in Chapter 1, a current trend is the migration of voice services from the 

legacy public switched telephone network (PSTN) to integrated voice-and-data services 

delivered over a common packet-switched network, or VoIP [4], [5], [6], [77]. Along 

with that trend is a host of supporting technologies required for high-quality voice 

transmission over unreliable packet-switched networks such as the Internet. Figure 2.9 

shows a block diagram of a typical VoIP configuration where the PSTN is interconnected 

with an IP-based network through an IP gateway [5]. As shown in the figure, a typical 

implementation employs LPC-based low-bit-rate compression algorithms, such as ITU-T 

G.729A or G.723.1, to compress toll-quality speech from 64 kbit/sec down to 5.3 -  8 

kbit/sec [18], [19]. A playback (or “jitter”) buffer is also commonly employed at the 

receiving end to collect frames of compressed speech for decoding and playback [80]. 

The buffer is necessary to compensate for the transmission delay of data through packet- 

switched networks, and is typically adaptive to track the network’s variable transmission 

delay. The combination of network transport, playback, and codec delays has the effect 

of increasing the end-user perception of echo at the far end [11].
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In addition to speech compression and reconstruction components, new signaling and 

transport protocols have been developed for call setup and transmission of voice packets 

across an inherently unreliable network. Although outside the scope of this thesis, 

popular standards are the Session Initiation Protocol (SIP) and Real-Time Protocol (RTP) 

[78], [79],

—

0IP Network PSTN

Gateway

Playback Buffer G.729 Decode G.711 Encode <L>

<£-ii- Oh
o

HC 04 W

G.729 Encode G.711 Decode

Figure 2.9 - Block diagram of components at an IP / PSTN gateway. In this example configuration, 
the ITU-T G.729 codec is employed on the IP side, and G.711 (mu-law) encoding is employed on the

PSTN side.

2.6.1 Analysis-By-Synthesis Speech Compression

Most low-bit-rate speech coders are based on linear predictive coding (LPC) 

techniques and an autoregressive model of speech [81], [82]. A typical encoder segment 

signals into frames of 10 -  30 ms in duration, and for each frame determines a parametric 

representation of the signal using analysis-by-synthesis techniques. The result is an 

optimal set of parameters which are quantized and transmitted to the receiver. Figure 

2.10 shows a typical structure employed by an LPC-based analysis-by-synthesis encoder, 

and its parameters and operation are reviewed as follows. First of all, an excitation signal
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c(ri) is constructed from a codebook and scaled by a time-varying codebook gain 

parameter gc{n). A long-term synthesis filter models the pitch period of voiced speech 

periods, and is represented by a pitch period p(n) and a pitch gain gp(n) (or adaptive 

codebook gain). The excitation signal is filtered by the long-term synthesis filter to form 

the short-term excitation signal rin):

r(n) = g p (n)r(n -  p(n)) + g c (n)c{n) (2.53)

A time-varying short-term synthesis filter is used to recreate the broad spectrum of

rtithe speech signal, and is represented by a m -order set of LPC coefficients am(n, /'), for 0 

< i <m. Similarly, the short-term excitation signal is filtered by the short-term synthesis 

filter to form the reconstructed speech signal for the frame:

m

*00 = £ amin,i)x{n -  i) + r(n) (2.54)
;=i

The steps in the encoding process can be summarized as follows. First the LPC 

coefficients are obtained using the Levinson-Durbin algorithm and an estimate of the 

autocorrelation function calculated from the input signal [44]. The LPC coefficients are 

then used to construct a weighting filter wp{ri) that emphasizes perceptually significant 

frequencies over those with a higher noise masking threshold. A closed-loop search is 

then performed to find the remaining parameters that minimize the weighted mean 

squared error between the original and reconstructed speech signals. In particular:

e(n) = x(n)  — x(ri) ~  x(n) — r(ri) <8> h(n) (2.55)

in) = e{n) ® wp (n) (2.56)
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where h(n) is the impulse response of the short-term synthesis filter, and ® denotes the 

convolution operator. The optimal parameters minimizing the mean squared error of 

(2.56) are compressed and transmitted to the decoder.

It is expensive to find an optimal encoding for the speech signal by performing a

brute-force search over the entire space of the parameters c(n), gc(n), pin) and gp{n). As a

result, many methods exist for reducing the complexity of the search process, such as 

calculating a per-frame open-loop pitch estimate pou  using structured codebooks, and 

segmenting frames into smaller subframes of 5 -  7.5 ms, over which the pitch period and 

gain parameters are held constant [81]. By inspection of Figure 2.10, it can be seen that 

the perceptual weighting filter wp(ri) may be applied to x(ri) and h(n) before the closed- 

loop search is performed:

00 = *00 ® wp 00 (2.57)

K  00 = *00 ® 00 (2-58)

ewin) = x w{n )-r{n )® h w{n) (2.59)

A coarse estimate of the pitch period p(n) is usually obtained by first locating an open- 

loop pitch period pol from on the perceptually weighted input signal xw(ri). The closed- 

loop search for p(n) is then limited to a more narrow subset of delays around the open- 

loop estimate. Finally, most vocoders also employ highly structured codebooks to 

compactly represent the excitation signal c(n) and to facilitate faster closed-loop searches 

minimizing (2.56).

A block diagram of a typical LPC-based speech decoder is shown in Figure 2.11. It 

mainly consists of the encoder’s synthesis structure, although in this case the parameters
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are only used to reconstruct the speech signal using (2.53) and (2.54). As a result the 

decoder is much less computationally expensive. In addition to the long- and short-term 

synthesis filters, a harmonic post-filter is often employed after the short-term synthesis 

filter [81]. The purpose of the post-filter is to increase the quality of the reconstructed 

speech signal by masking noise introduced by parameter quantization at the encoder.

It should be noted that many variations of the LPC-based speech production model 

described above exist in practice [81]. A key difference between them is the method used 

to model and encode the excitation signal r{ri). For example, hybrid speech coders such 

as multi-pulse excitation (MPE) and regular-pulse excitation (RPE) techniques model the 

excitation signal as a series of pulses which may explicitly include the pitch period [81]. 

In this case the excitation signal c(n) is equivalent to the short-term excitation signal r(n), 

and the pitch synthesis filter of (2.54) is not required.

c(n) g c 00  1 K«) 1
Codebook ------►

1 - g p (ri)z~p(n) 1

x{ri) +
<+>* x(n)

Pitch Synthesis LPC Synthesis

Parameter I |  ew{ri)
Optimization f MSE

|
W(z)

e{ri)

Weighting

Figure 2.10 - Block diagram of a typical analysis-by-synthesis LPC-based speech encoder.

1 g c(n) 1 K«)
Codcbook I ^

1 - g p{n)z~p(n) I

Pitch Synthesis LPC Synthesis

Figure 2.11 - Block diagram of a typical LPC-based speech decoder.
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2.6.2 Centralized Echo Cancellation in VoIP

Digital echo cancellers are ideally deployed as close as possible to echo sources, as 

shown in Figures 2.1 and 2.2. However, existing echo cancellers may not provide a 

sufficient level of cancellation given the increased round-trip delays introduced by VoIP 

and mobile networks [11]. In addition, interconnections between IP-based networks and 

the PSTN complicate decisions of where to deploy echo cancellers. One solution is to 

employ centralized echo cancellers at IP gateways and mobile switching centers (MSC) 

[104], [105]. However, a unique problem is that send and receive paths in the PSTN may 

be transparently replaced with an all-IP core network, with speech coding and decoding 

introduced at the network edge [103]. If an echo canceller is deployed facing into the 

network, as shown in Figure 2.12, the presence of vocoders introduces distortion into the 

echo path that manifests itself as residual echo [21]. Another unique problem introduced 

by vocoders arises when signal processing operations must be performed on compressed 

speech, such as audio mixing [35]. Linear mixing for conferencing systems is often 

performed at gateways, and the operations of decoding, mixing, and re-encoding speech 

signals introduces further delay and distortion.

As noted in Section 2.5, frequency-domain post-filtering approaches to residual echo 

suppression require an estimate of the residual echo power spectrum. One linear 

estimation technique for undermodeled acoustic echo cancellers was proposed in [109], 

but is ineffective for the nonlinear distortion introduced by vocoders. More recent 

approaches estimate the residual echo power spectrum as a linearly-weighted estimate of 

the estimated echo power spectrum, but address only the simplified case of speech 

encoders / decoders along the receive path [104], [105].
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Figure 2.12 - Echo canceller in a network with vocoder distortion introduced into the input (send

path) and reference (receive path) signals.
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Chapter 3 Experimental Setup

3.1 Physical and Simulation Environments

Experiments were performed in a small conference room (MC 3033) measuring 12 

feet, 6 inches (3.8 meters) wide by 17 feet, 6 inches (5.3 meters) long. Flooring consisted 

of commercial-grade tiles, and three of the four walls were standard plaster with one wall 

of bare cement. The room contained one conference table, one desk, and eight chairs. 

The layout of the room is shown in Figure 3.1, along with the approximate locations of 

the loudspeaker and microphone. Far-end signals were played through a Tannoy Reveal 

loudspeaker, and the reference signal was simultaneously recorded using an Audio 

Technica microphone (ATM-803b) and a Pioneer SX-201 receiver. Audio samples were 

digitized with an M-Audio Delta 1010 sound card providing a 24-bit analog-to-digital 

converter (ADC). Adobe Audition 1.5 was used to control playback and recording 

sessions. Simulations were performed on the data off-line using a Dell Dimension 4550 

computer consisting of a 2.5 GHz Intel Pentium 4 processor with 512 MB of RAM 

running Microsoft Windows XP. Simulations were performed using MATLAB 7.0.1, 

and compressed speech samples for Chapter 7 were obtained using the reference fixed- 

point “C” implementation of G.729A provided by the ITU [18].

47
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I---------------------------- — ---------------------------- 1

9
CD

Figure 3.1 - Dimensions and layout of objects within conference room (MC 3033).

3.2 Echo Path Impulse Responses

An estimate of the impulse response of the conference room of Figure 3.1 was 

obtained by playing Gaussian white noise from the loudspeaker and simultaneously 

recording the microphone signal for five minutes. Normalized LMS was used offline to 

construct an estimate of the room impulse response using the playback and recorded data 

signals with a step size of fi = 0.1, which was then truncated to L = 500 samples. A plot 

of the resulting room impulse response is shown in Figure 3.2. Several synthetic impulse 

responses were also constructed by modulating a Gaussian white noise process of unity 

variance with an exponentially decaying envelope in accordance with:

wn = 7](n) exp(- cm) (3.1)

where Tj(n) is the white noise process at time n, and a  > 0 is a small constant controlling 

the rate of decay. Two sets of synthetic impulse responses were constructed, one with a 

decay parameter of a =  0.01 for N  = 500 samples, and a second with a  = 0.005 for N  = 

2000 samples. For the latter case, a secondary response was generated to represent an
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additional echo signal occurring at N  -  1000 samples. Plots of the respective impulse 

responses are shown in Figure 3.3 and 3.4.

0.6

0.4

w 0.2

- 0.2

-0.4 100 200 300 400 500
SAMPLE

Figure 3.2 - Plot of room impulse response captured from MC 3033 (N = 500 samples).

0.4

M 0.2

- 0.2

-0.4, 100 200 300
SAMPLE (N)

400 500

Figure 3.3 - Plot of synthetic room impulse response (N = 500 samples).
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Figure 3.4 - Plot of synthetic room impulse responses (N  = 2000 samples).
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Chapter 4 Robust Calibration of Doubletalk 
Detectors

4.1 Overview

As described in Chapter 2, in practical echo canceller implementations a doubletalk 

detector is required to sense the presence of near-end speech in the reference signal. 

Most doubletalk detectors calculate a detection statistic and compare it to some pre

defined threshold [70]. However, one problem is choosing a threshold that is “optimal” 

in some sense, and also appropriate for different echo path environments. In this chapter 

the problem of doubletalk detector calibration is approached by applying statistical 

analysis, and applied to the normalized cross-correlation-based doubletalk detector of 

[16]. It is shown that this model is useful for constructing statistically optimal detection 

thresholds, and to determine expected performance in different environments.

The sections of this chapter are organized as follows. Section 4.2 discusses 

implementation issues of the cross-correlation-based doubletalk detection algorithm. 

Section 4.3 presents a statistical analysis of the algorithm’s behavior in the absence and 

presence of doubletalk conditions. Section 4.4 proposes calibration algorithms based on 

this statistical model, and presents simulation results. Finally, in Section 4.5 the primary 

results and conclusions of this chapter are summarized.

4.2 Doubletalk Detector Implementation and Calibration Issues

Recall the cross-correlation-based doubletalk detector of [16] reviewed in Section 

2.4.1 and, in particular, the parameter estimates described in (2.39) -  (2.41). Using these

51
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equations to calculate a time-varying doubletalk detection statistic introduces a number of 

issues in practice. First of all, assuming convergence of the adaptive filter coefficients in

(2.39) leaves fyri) vulnerable to abrupt changes in the true echo path impulse response 

w(ri), which may be reported erroneously as doubletalk conditions [94], The problem of 

differentiating between doubletalk and echo path changes has been studied before [95], 

[96], [97]. However, even if (2.39) holds, in practice the echo path impulse response is 

typically at least slowly time-varying, resulting in variability in the adaptive filter 

coefficients. In addition, the fact that (2.40) and (2.41) are estimated over a window of K  

samples implies that the doubletalk detector’s accuracy is dependent on the window size. 

Finally, the presence of background noise r/(n) in the environment will increase the 

reference signal variance estimated using (2.41), which will in turn bias the detection 

statistic calculated using (2.42).

Since the parameter estimates of (2.39) -  (2.41) inherently contain error and possibly 

bias due to noise, fyn) is a random process with a probability density function (PDF) 

centered (ideally) at 1 in the absence of doubletalk, and at some value less than one in the 

presence of doubletalk. Therefore, a decision can be made by comparing Qn) to a 

threshold T, below which doubletalk is declared to be present:

{ ( n ) < T ^ H 0 £(ri) >T => Hx (4.1)

where Ho and H\ are the hypotheses that doubletalk is and is not present, respectively.

An important implementation problem is how to select the detection threshold T in 

practice. Figure 4.1 illustrates the statistical importance of the threshold graphically, 

showing the conditional PDFs of a typical double detection statistic given no doubletalk
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and doubletalk. Choosing too low a threshold will increase the probability of miss Pm 

(Type I error), which is critical as it may cause the adaptive filter to diverge. The false 

alarm probability Pf (Type II error) increases with a higher threshold and is less critical, 

but a high false alarm rate will slow the echo canceller’s convergence and tracking 

capability [70]. If the near-end speech characteristics are not known (which is generally 

the case), one approach is to choose T  for a prescribed maximum false alarm probability 

Pf conditional on the absence of doubletalk. A second approach is to make some 

assumptions of the near-end speech and select the threshold for a maximum probability 

of miss Pm conditional on the presence of doubletalk:

P [{(n )< T \H l]<pp (4.2)

P [£(n)> T\H 0\< PM (4.3)

Equations (4.2) and (4.3) assume a priori knowledge of the doubletalk detection

statistic’s conditional PDFs, which in general is not known. In [70] an approach was

presented for choosing T by using training speech signals to gather empirical data on the 

detection statistic. An alternative approach is proposed in the following section by 

deriving PDFs the doubletalk detection statistic of (2.42) in the absence and presence of 

doubletalk, allowing (4.2) or (4.3) to be used for calibration and evaluation purposes.
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Figure 4.1 - Typical doubletalk detection statistic PDFs conditional on the absence and presence of 
doubletalk, with probability of miss (PM) and false alarm (PF) for threshold T.

4.3 Statistical Analysis of Doubletalk Detection

4.3.1 Assumptions

The following assumptions are employed to ease the task of constructing a statistical 

model. First of all, it is assumed that the approximation of (2.39) holds in general, which 

implies that the adaptive filter coefficients have converged and any variations in the time- 

varying true echo path impulse response w(n) are sufficiently slow so that (2.39) 

continues to hold. The actual difference between the two vectors is represented by 

Aw(n), the adaptive filter error vector at time n:

w(n) = w{ri) -  Aw{n) (4.4)

It is also assumed that the input signal x(n) and near-end speech signal v(n) are zero- 

mean uncorrelated random processes that are stationary within the estimation windows of 

(2.40) and (2.41). Background noise rj{n) is assumed to be stationary, white and 

Gaussian with zero mean and variance o^2, and uncorrelated with the input and near-end 

speech signals. It has been proposed to model speech signals with Gaussian, Laplacian,
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or more complicated probability density functions [99]. However, in this chapter no 

particular distributions for x(n) and v(n) are assumed.

4.3.2 Probability Distribution in the Absence of Doubletalk

Note from (2.40) that the estimated cross-correlation vector is formed by averaging 

the scalar product of the input signal vector x(ri) and reference signal d(n). As a result, 

the numerator of (2.42) can be viewed as a sum of random variables weighted by the 

adaptive filter coefficients. From statistics, under general conditions the PDF of the sum 

of a large number of random variables approaches a Gaussian distribution even when the 

random variables themselves are not Gaussian [100]. Using (4.4), the numerator of 

(2.42) can be written in terms of the true echo path impulse response and bias from the 

adaptive filter error at time n\

Ltd («)w(«) = r Txd (n)w(n) -  (n)Aw(n) (4.5)

From the reasoning above, (4.5) can be modeled as the difference of two Gaussian 

random variables. If the input signal autocorrelation matrix Rja is Toeplitz, then the 

adaptive filter error bias may be written in terms of the cross-correlation vector between 

the input and error signals, and the adaptive filter coefficient vector at time n:

r Txd(n)Aw(n) = Yl (n)RxxAw(n) = Aw7 (n)Rxxw(n)

-  Lxe (»)[ff(«) + Aw(«)] (4.6)

= fL (w)^ (« )+crJ(«)

where o,£{ri) is the variance of the residual echo signal of the echo canceller output at 

time n. In general the bias is nonzero and time-varying due to changes in the echo path 

impulse response and adaptive filter error. One approach to correct this bias is to
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compute estimates of the parameters of (4.6) over a window of K  samples similar to

(2.40) and (2.41):

L e in) = \ ; Y JL(<n-k)e{n-k)  (4.7)
k=0

&  — t  k=o ^  ;=o
(4.8)

7=0

Using the error signal to estimate the residual echo variance will include the variance of 

background noise. For a converged echo canceller, the background noise will be at or 

higher than the bias introduced by the residual echo. Since the background noise is 

assumed to be stationary, it can be represented as a constant term estimated during quiet 

periods, so <j£(n) ~ <7̂ . When the latter is added to the numerator of (2.41) to 

compensate for bias, this will also compensate for noise in the reference signal variance:

rL(n))v(fl) + (7n2
£ o o = , :t  * - 1 (4-9)

v ^ ( » )

It is known from statistics that Equation (2.41) produces an unbiased estimate of the 

reference signal variance, with mean and variance given as follows [101]:

E[&2d(n)] = ju2 (4.10)

(4.n )
- 1)

where jii and lb  are the second and fourth central moments of the underlying signal, 

respectively. Note that d{ri) contains echo y(n) plus background noise Tj(n), the former of 

which is formed by the convolution of the input signal with the echo path impulse 

response, or a weighted sum of samples from x(ri). Therefore, it is assumed that the
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reference signal is Gaussian, in which case (2.41) has a Pearson type III distribution 

[101]. For a large estimation window (K »  1) the latter approaches a Gaussian 

distribution completely specified by the reference signal variance and estimation window 

length:

In practice, the numerator and denominator terms calculated with (2.40) and (2.41) 

are estimated using the same reference signal d(n) and window length K. As a result, 

with no near-end speech present, the bias-compensated numerator of (4.9) is expected to 

be highly correlated with the denominator and also Gaussian. The background noise 

variance, estimated during quiet periods, is a constant and does not contribute to the 

numerator variance:

Since the echo and background noise signals are uncorrelated, the denominator of

(4.9) can be written as consisting of two separate Gaussian random processes. This leads 

to a representation of the numerator and denominator terms of (4.9) as a set of Gaussian 

random processes represented as follows:

E[a]{n)\ = o 2y(n) + ol (4.12)

(4.13)

Ei l  L (») w(») + t f ]  = E\L L (”)*(»)] + E\? l  1 = c ] (») + (Tv (4-14)

VAR[rTxd(n)w(n) + t f ] (4.15)

Ed (n)w{n) + <7* ~ N\ g) (n) + <j\ , (4.16)
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(4.17)

Let 5(«) represent the random process of (4.16), and let A(n) represent the second 

term of (4.17). Substituting (4.16) and (4.17) into (4.9) gives an approximation of the 

doubletalk detection statistic as a function of Z(ri), the ratio of A(n) to B(ri) as follows:

£(«) “ .

B{n) 1 1
B(n) + A(n) Vl + A(n)/B(n) V l + Z(n)

(4.18)

Let the means and variances of A(n) and B(ri) be represented by flA, H b , O a  and Ob, 

respectively. The PDF of Z(n),fz(z), has a generalized Gaussian ratio distribution given 

by the following equation [101]:

- C / 2

/ z ( * )  = 2 t to ao bA (z )  

B(z)B(z) 1
H—t= ------------ ——exp] —

V2K0A0 BA { z f12 I 2
C -

B \ z )
A(z)

\Erf B(z)
sl2A{z)

(4.19)

where

A(z) = —  z 2+ - ^
e l

d( —\ _ P a ,  , Mb
5 (z) - - r z + - r

(4.20)

(4.21)

(4.22)

and Erfi-) is the error function. Note that for the more specific case of jU a =  jU b  = 0, (4.19) 

reduces to the well-known Cauchy distribution. Given that A(ri) and B(n) are assumed to
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be Gaussian with means [1 a ,  JUb  > 0, and assuming a large estimation window K, both A(n) 

and B(n) have nearly vanishing density at zero. In this case, the PDF of Z(n) can be 

represented by a simplified expression as follows [101]:

/ z ( z ) = _ ^ k ± ^ i ^ _ ex
- s / 2 +cr2Bz 2)3n 2  ( c t 2 a + c t 2 bz 2 ) ^

(4.23)

Regardless of the underlying distribution of Z(n), the resulting conditional PDF of the 

doubletalk detection statistic of (2.42) in the absence of doubletalk can be obtained from 

(4.18) by solving for Z(ri) in (4.18) and taking the derivative of the resulting function 

with respect to $n):

/ a  [ £ ( » ) ! # , ]  =
<f(«)

f z (4.24)

for £ > 0. The PDF is characterized by substituting into (4.19) or (4.23) the statistics of 

A(ri) and B(n) given in (4.16) -  (4.17):

/ iA = 0 (4-25)

2[2 a 2y (n)a2 + 0 *}
K - 1

Mb = 0 2y {n) + crl

2 2<JAy (n)
= K - 1

(4.26)

(4.27)

(4.28)

Figure 4.2(a) shows the conditional PDF of the doubletalk detection statistic t& i) 

calculated using (4.24) for two different input signals: white Gaussian noise with unity 

variance, and a 10th-order autoregressive process driven by white Gaussian noise. For 

both cases an echo path impulse response of N  = 500 samples and an estimation window

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



60
length of K  = 200 were employed, with white noise added to the reference signal with an 

SNR of 30 dB with respect to the echo signal power. Also shown are the corresponding 

detection thresholds calculated using (4.2) with Pf < 0.1. For these test signals the 

respective detection thresholds are T = 0.9902 and T = 0.9606, which is a considerable 

difference. Figure 4.2(b) shows the detection threshold calculated using (4.2) as a 

function of SNR for P f  < 0.1 and Pf < 0.2. This figure reveals that the conditional PDF 

of E r̂i) is dependent upon the statistics of the input signal x{n) and, as a result, the SNR of 

the reference signal. One consequence is that using (4.2) to select a doubletalk detection 

threshold based on a desired PF implies that the threshold must be adaptive to changes in 

signal characteristics. Figure 4.2(c) shows the detection threshold as a function of SNR 

for PF < 0.1 and estimation window lengths of K  = 50, 100, and 200 samples. For 

stationary input signals, increasing K  reduces the variance of the detection statistic, which 

leads to higher detection thresholds for a given Pp.
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Figure 4.2 - (a) PDF of Sfji) in the absence of doubletalk for two input signals, along with their 

corresponding detection thresholds for PF < 0.1; (b) detection threshold as a function of SNR for PF < 
0.1 and PF£  0.2, and (c) as a function of estimation window K  for PF< 0.1.
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4.3.3 Probability Distribution in the Presence of Doubletalk

In the presence of doubletalk, the reference signal d(ri) contains the echo signal yin), 

background noise T](n), and near-end speech v(n) as in (2.1). Since it is assumed that the 

input signal x(n) and near-end speech are uncorrelated, the bias-compensated numerator 

of (4.9) can again be written in terms of a Gaussian random variable as in (4.16). The 

constituent signals of the reference signal are also assumed to be uncorrelated. 

Therefore, in the presence of doubletalk the estimated reference signal variance of (2.41) 

can again be approximated as a Gaussian random variable for a large estimation window 

K, with distribution as follows:

Lxd(n)w(n) + G 2 ~ N^G2 (n) + (4-29)

. 7 [ 7  7 7  2[G2 (n) + G2 n+ G 2 (n)]2}
G 2 (n) ~ TV o-J (n) + G2  + G 2 (i»), ^  (4.30)

As before, (4.30) can be written as two separable contributions to the denominator of

(4.9):

„  L  2M ± / , 2 J / r 2M  2 (») + <  + («)]'GLd (n) ~ N \ g ;  (« )  +  G 2 + G 2 (n),
K - 1

2< ( n ) '

K - 1
,2 1

■.N\G2y(n) + G2, - ^ ^ }  (4.31)

. Ar, 2 / \ 2\-2(Jy +2(Jy («) + 2<t,(n)Gv (n) + G* + g ; (»)]+ N \ Gv (n),-------------------------------- — ■-----------------------£---------

Let B{n) again represent the random process of (4.29), and let A(n) represent the 

second term of (4.31). Therefore, one can again approximate fyn) in the presence of 

doubletalk as a function of Z(ri), the ratio of A(n) to B(n) as follows:
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£ (* )” ./— — — = ]  l , — =^1— ^ —  (4-32)^B(n) + A(n) p  + A(n)/B(n) \ l  + Z(n)

Note that (4.32) is identical to the expression derived for Eĵ ri) in the absence of 

doubletalk in Section 4.3.2. Therefore, the resulting conditional PDF of the doubletalk 

detection statistic of (2.42) in the presence of doubletalk is given by the following 

expression:

~ Z 2(n)
f s l Z ( n ) \ H 0] = f z ? { n )

(4.33)
£ (»)

for £ > 0, where f ^ z )  is given by (4.19) or (4.23). The PDF is characterized by 

substituting the contributions of the echo, background noise, and near-end speech 

variances from (4.29) -  (4.30):

HA =o]{ri) (4.34)

2 _  2[2<r; (n)a;  +  2<r; ( « ) <  (») +  2 ^ <  (») +  +  <7V4 (/»)]
<Ta -  k _j  (4 .35)

l iB =<r2An) + <T2„ (4.36)

2 _ 2  (if)
a ;  = — ^  (4.37)

5 K - 1 V 1

Figure 4.3(a) shows the PDF of the doubletalk detection statistic for a 10 -order 

autoregressive input signal process without doubletalk, and compared to the PDF in the 

presence of near-end speech with a near-end to echo signal power ratio (NER) o f -15 dB, 

calculated using (4.33) -  (4.37). This example employed the same echo path impulse 

response, SNR = 30 dB, and estimation window of K  = 200 samples as Figure 4.2. In 

this case, using the original detection threshold of T = 0.9606 results in an expected miss
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probability obtained with (4.3) of Pm = 0.0085. Using the equations above, the 

doubletalk detector’s expected performance can be characterized over a range of 

conditions. For example, Figure 4.3(b) shows the expected Pm as a function of NER for 

the same environment, with detection thresholds calculated using (4.2) for Pp < 0.1 at 

SNR of 30, 20, and 10 dB. As these figures illustrate, the doubletalk detector’s 

performance is dependent upon the SNR of the reference signal and the power of the 

near-end speech. Figure 4.3(c) shows the expected P m  for estimation windows of K  -  50, 

100, and 200 samples, revealing that increasing K  reduces the expected P m- In addition 

to using (4.33) to obtain an expected Pm, it will be shown in Section 4.4 that one can also 

use (4.33) to construct a detection threshold T  for a specified maximum P m  if the NER 

has a known minimum value.
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Figure 4.3 - (a) PDF of gt(n) in the presence of doubletalk, with expected PM = 0.0085 at NER = -15 dB 
for detection threshold T =  0.9606; (b) Pm as a function of NER under various SNR for detection 

thresholds constructed for PF <, 0.1, and (c) as a function of estimation window K  for SNR = 30 dB.
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4.3.4 Expected Doubletalk Detector Response Time

The probability density function derived in Section 4.3.3 assumes that the near-end 

speech signal is stationary within the estimation window. In practice, the reference signal 

variance of (2.41) will not reach a steady-state value until a number of samples after the 

onset of near-end speech. During this time the doubletalk detector may miss doubletalk 

conditions, thus increasing the overall miss probability. Knowing the probability 

distribution in the presence of doubletalk, (4.33), allows one to obtain an expected 

response time for given near-end speech power and detection threshold T. Assume that 

the near-end speech is stationary as before, but applied “abruptly” to the reference signal 

as follows. For an estimation window of K  samples, let M  represent the number of 

reference signal samples containing both echo and near-end speech, for 1 < M< K. For a 

near-end speech onset at sample n, the signal used to calculate the reference signal 

variance estimate of (2.41) can be written in terms of M, the echo signal, background 

noise, and near-end speech as follows:

m  ir\ \y in - k ) + Tl{ n -k )  + v{n-k),  Q < k < M - \  d(n — k) = < (4.38)
[ y (n -k )  + 7l(n-k), M < k < K - 1

Also assume that the detection statistic values after the onset of near-end speech are 

independent from each other. In practice this is not the case, although it simplifies the 

analysis considerably. As in (4.30), the estimated reference signal variance of (2.41) can 

be approximated as the sum of two terms, the estimated echo signal variance and a term 

containing the estimated near-end speech variance. However, the contribution of the 

near-end speech variance will be proportional to the number of reference signal samples 

containing near-end speech (Mout of K).
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(4.39)

The resulting conditional PDF of Ê ri) in the presence of doubletalk can again be

represented using (4.33), where Z(ri) = A(n) / B(n) is the Gaussian ratio distribution. In

addition, from (4.39), the parameters characterizing fz(z) become functions of M and K:

MA = f  (4-40)

2 _ 2[2a)(ri)<j2 + 2o)(n) f  a 2v (n) + 2 a 2 f  crv2(n) + a* a 4v («)] ^  ^
K _ l  (4-41)

M b =CF1y {n )  +  ( J 1ri (4.42)

, 2<j U r i )
a l =  y (4.43)

5 K - 1

Now let P(M), 1 < M  < K, be the probability that the doubletalk detection statistic 

takes M  samples to reach the detection threshold T. For M =  1, F’(l) can be obtained by 

finding the probability that (4.33) is less than the threshold, or equivalently, evaluating 

the CDF of (4.33) at the threshold T\

T

P(l) = P[£(n)< T\H 0,M  = \]= j f s [ f o ) \ H 0, M = l W  = Fs [ T\ H0, M = l] (4.44)
o

Assuming still that doubletalk detection statistics are not correlated, P(M) for M  > 1 

can be obtained as a geometric series by multiplying the probability of detection for M  

samples by the probability that the detection threshold was not reached in any of the 

previous M — 1 samples:
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P( M)  =  P [ £ ( r i ) < T \ H t„ M ] { \ - P [ £ ( n ) < T \ H lt, M - \ ' \ } - - { l - P [ Z ( n ) < T \ H tt,\]}

M - 1

=  P[Rn)  < T  \ H a, M ] Y \ { l -  P[£(n) < T } H 0,m)
m=1M-1 

m =l

(4.45)

Therefore, the expected doubletalk detector response time can be calculated by 

substituting the variances of the echo, background noise, and near-end speech variances 

into (4.33). By evaluating this PDF, the expected response time can be obtained simply 

by finding the expected value of P(M) over all possible delays from 1 <M<K:

K

Expected Response Time = mP(m) (4.46)
m=1

Figure 4.4 shows a plot of expected response time as a function of the near-end 

speech to echo power ratio (NER) for a Gaussian white noise input signal with SNR = - 

30 dB for K  = 50, 100, and 200 samples. It is clear from this plot that the expected 

response time increases proportionally with the length estimation window K. As a result, 

there is a tradeoff between the doubletalk detector’s response time and the accuracy of 

parameter estimates of (2.40) -  (2.41) obtained by increasing the estimation window 

length. For low-to-moderate levels of near-end speech (NER in the range of -25 to -10 

dB), the expected response time is in the range of 10 -  40 samples.
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Figure 4.4 - Expected doubletalk detector response time calculated using (4.45) -  (4.46) as a function 
of NER and estimation window size K, for PF ̂  0.1 and SNR = 30 dB.

4.4 Optimal Doubletalk Detector Calibration Algorithms

An important result of Section 4.3 was the characterization of the probability 

distribution of §(«) as functions of statistics of the input, background noise and, in the 

presence of doubletalk, near-end speech signals. In this section, methods are described 

for constructing statistically optimal detection thresholds T(n) that are adaptive to 

changes in signal statistics. Figure 4.5 shows a block diagram of an echo canceller and 

doubletalk detector employing this proposed additional component for calculating the 

detection threshold. A parameter estimation block provides estimates of the parameters 

required to construct the doubletalk detection statistic’s PDF in the absence or presence 

of doubletalk. Finally, either (4.2) or (4.3) are used to construct the threshold based on a 

desired probability of false alarm PF or probability of miss Pm-
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Figure 4.5 - Block diagram of the proposed signal-adaptive doubletalk detection threshold
calculation.

4.4.1 Algorithm Description

Figure 4.6 shows a block diagram of the steps required to construct a detection 

threshold using prescribed P f  or Pm in accordance with (4.2) or (4.3). Each of these 

approaches requires evaluating the probability density functions of (4.24) or (4.33), 

respectively, with the variances of the background noise <7̂ , the echo signal cry2(n) and, 

for (4.33), the maximum near-end speech variance ov,max ■ The background noise 

variance, <7n , can be estimated from the reference signal d (n )  during quiet periods 

containing neither echo nor near-end speech. In this algorithm, the per-sample estimates 

are smoothed with a first-order lowpass filter characterized by a smoothing parameter 0 < 

A, < 1 applied to individual background signal variance estimates:

1 K - 1

d](n) = — —  y  
K - I t o

d ( n - k ) - ^ ^ d ( n - j )  
& / =  0

(4.47)

{n) = A&1 (n - 1) + (1 -  A)&2d (n) (4.48)

It is straightforward to identify periods of no echo by applying a voice activity 

detector (VAD) to the input signal x(n). However, since the near-end speech is unknown, 

it is important to only estimate the background noise variance when there is assurance
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that no near-end speech is present. One solution to this problem was presented in [90], 

where periods of no near-end speech were determined by evaluating the correlation 

between samples in the reference signal when no echo is present.

If it is assumed that the adaptive filter has converged, then the variance of the 

estimated echo signal, y(ri), will be approximately equal to that of the true echo. 

Therefore, the time-varying echo signal variance is obtained by estimating the variance of 

the estimated echo, and again applying a smoothing factor to the individual estimates:

&2y W  = - J - t X  y ( n - k ) - ^ ^ y ( n - j )& t k=0 K j =0

2

(4.49)

<7,2 (n) = A&2y ( n - 1) + (1 -  X)d] («) (4.50)

Finally, once the parameters are estimated, (4.23) or (4.32) can be used to construct 

the time-varying detection threshold TPp{n) or TP̂ n ) ,  respectively, by integrating over 

the PDF until the desired false alarm or miss probability is reached:

Tpf(«) = T{n) such that P[g{n) < T(n) \ H l] = PF ~* J / s [£(*) | H x]d£ = PF (4.51)
<?(»)=o

Tpm (n) = T(n) such that P[Z(n) > T(n) \ H 0] = PM ^  ] / E tf(n) \ H 0 ]d£ = PM (4.52)

The most computationally expensive part of the procedure outlined above is 

performing integration of a PDF once its constituent parameters are estimated. However, 

note from (4.24) -  (4.28) that the PDF is a function of only the echo and noise signal 

variances. If the SNR is known, based on the fact that the noise variance is assumed 

known and the echo signal variance is estimated by (4.49) -  (4.50), then one can pre-
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compute a look-up table providing detection threshold values for a given desirable PF. 

An example of this was given in Figure 4.2(b), which shows a plot of TPF{n) as a function 

of SNR for /V <0.1 and PF< 0.2.

P f or P m & v , m a x  x{ri)

M £ \ H x or//,,) |

Construct 
PDF

d{n)Integration
orLUT

Noise
Estimation

y ( n ) Echo Power 
Estimation

Figure 4.6 - Block diagram of steps for constructing a time-varying doubletalk detection threshold 
T(n). Background noise variance is estimated from the reference signal during quiet periods, and the 

time-varying near-end speech variance is estimated from the estimated echo.

4.4.2 Simulation Results

4.4.2.1 Simulation Setup

The echo path impulse response from Figure 3.2 was employed, corresponding to the 

small conference room described in Chapter 3. Without loss of generality, the impulse 

response vector was normalized such that wTw = 1 to equate the echo signal power to the 

far-end input signal power. Ten input and ten near-end speech sequences were obtained 

from the TIMIT database and downsampled to a sampling rate o f /, = 8 kHz [92], The 

average power of the near-end speech was adjusted relative to that of the input signal to 

obtain a desired near-end to echo signal power ratio (NER). A simple voice activity 

detector (VAD) was employed on each of the input and near-end speech signals to 

identify periods of far-end speech and doubletalk conditions [70]. Background noise was 

added with a power of -30 dB relative to the average echo signal, and assumed to be of
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known variance a 72. The doubletalk detector was implemented using (2.42) with K  = 

200 samples for the estimation window. It was assumed that the adaptive filter had 

converged, and variability in the echo path was modeled by applying white noise 

modulation with variance 0.01. Normalized LMS was used to track the adaptive filter 

coefficients with step size of ju= 0.25. For constructing adaptive detection thresholds, 

near-end speech power was estimated using (4.49) and (4.50) with a smoothing factor of 

X = 0.98. A procedure was described in [70] for selecting a fixed detection threshold 

T f i x e d  using empirical techniques that was implemented for comparison. In this 

approach, the doubletalk detector of (2.42) was applied to the training signals with no 

doubletalk present. The fixed detection threshold was selected by simply evaluating (4.2) 

for all detection statistic outputs corresponding to active voice periods.

4.4.2.2 Comparison of Adaptive and Fixed Detection Thresholds

The goal of this experiment was to compare the adaptive detection threshold TPF(n) to 

the fixed threshold T f i x e d  with respect to the accuracy of calibration. Figure 4.7(a) shows 

a plot of one of the test far-end speech input signals, and Figure 4.7(b) shows the 

corresponding fixed and adaptive detection thresholds, both constructed for a false alarm 

probability of Pf < 0.1. Figure 4.7(c) shows the corresponding expected probability of 

miss calculated using (4.33) for NER > -15 dB for each of the two thresholds. It is clear 

that there is a significant difference between T f i x e d  and TPF{ri) over the entire course of 

the signal, which implies that the actual probability of false alarm using T f i x e d  will differ 

from the expected value of 0.1. In addition, a lower detection threshold increases the 

likelihood that doubletalk conditions will be missed. This effect is evident in Figure
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4.7(c), where Pm is higher for the fixed threshold in regions where the fixed threshold is 

lower than the adaptive one. This implies that whether doubletalk is detected is 

dependent upon the instantaneous echo signal power during those periods. These effects 

are due to the fact that the fixed threshold is calculated as an average over all training 

signals, and is not responsive to the time-varying statistics of an individual input signal.

It is clear from Figure 4.7 that there is an advantage to using adaptive detection 

thresholds. However, there is a trade-off between the two algorithms: a lower desired 

miss rate will result in a higher false alarm rate, and vice-versa. To illustrate this effect, 

Figure 4.8 shows a plot of Pf as a function of the desired maximum PM, where the latter 

is calculated for near-end speech signals at NER > -25, -20, and -15 dB. Note that for all 

three of these near-end speech powers, the resulting false alarm rate is greater than 0.5 

even for a relatively high PM of 0.1. This implies that convergence and tracking will 

occur at least twice as slowly due to the higher Pf, suggesting that using TPfJji) would 

require, in practice, a relatively high minimum NER.
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Figure 4.7 -  (a) Plot of a test far-end speech input signal; (b) fixed and adaptive detection thresholds 
constructed for PF < 0.1, and (c) corresponding expected PM for NER > -15 dB.
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Figure 4.8 - Expected PF using TPM(n) constructed for a desired maximum PM and minimum NER. 

4.4.2.3 Effect of Adaptive Detection Thresholds on Detection Probability

The goal of this experiment was to evaluate the fixed and signal-adaptive detection 

thresholds with respect to the average probability of miss (PM) under doubletalk 

conditions. PM was obtained by evaluating (4.3) only at samples for which both far- and 

near-end speech were present over the entire estimation window of K  samples. This was 

done to meet the assumptions of the statistical model in Section 4.3.1 by removing the 

effects of doubletalk detector response time. The results were averaged over the sets of 

test input and near-end speech signals. Figure 4.9(a) and Figure 4.9(b) show plots of PM 

resulting from using the fixed and adaptive detection thresholds as a function of NER for 

false alarm probabilities of PF < 0.1 and PF ^ 0.2, respectively. Also shown in these 

figures is the expected Pm for the given NER and adaptive detection threshold, which was 

calculated using (4.3) and (4.32). It is clear from these figures that using an adaptive 

detection threshold provides a marked reduction in the miss probability compared to a 

fixed threshold. This is likely a result of the time-varying difference in PM shown in 

Figure 4.7(c). Another observation is that the probability of miss obtained from speech

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



77
input and doubletalk signals corresponds closely with the expected value from (4.3) and 

(4.32).

Recall that Figure 4.7(c) showed that a time-varying detection threshold may produce 

a lower Pm than a fixed threshold. To illustrate this effect, Figure 4.10(a) shows a test 

near-end speech signal consisting of two short speech bursts at approximately 1.5 and 

2.25 seconds applied to the echo signal of Figure 4.7(a) at NER = -15 dB. Figure 4.10(b) 

and Figure 4.10(c) show the corresponding ERLE and system distance as functions of 

time using adaptation controlled with T f i x e d  and TPi.{n). Note that in this case the fixed 

threshold allows some adaptation and partial divergence during the doubletalk periods, 

leading to a reduction in ERLE of up to 7.5 dB.
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Figure 4.9 - Probability of miss (PM) as a function of near-end to echo signal power ratio (NER) for 

adaptive and fixed thresholds with (a) PF <, 0.1 and (b) PF ̂  0.2.
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Figure 4.10 -  (a) Plot of test near-end speech signal with NER = -15 dB; effect of employing fixed and 

adaptive detection thresholds on performance in terms of (b) ERLE and (c) system distance.
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4.4.2.4 Expected Versus Actual Doubletalk Detector Response Time

The expected response time model derived in Section 4.3.4 was validated 

experimentally by measuring the actual response time of the doubletalk detector at the 

onset of near-end speech for 50 pairs of input and doubletalk speech sequences from the 

TIMIT database. For simplicity, a fixed detection threshold T f i x e d  was constructed 

corresponding to Pf < 0.1. Figure 4.11(a) and 4.11(b) shows the expected and measured 

doubletalk detector response times as a function of NER for estimation windows of K  = 

100 and K  -  200 samples, respectively, along with the 95% confidence intervals of the 

measured response times. The plot reveals a fairly close correspondence between the 

expected and observed response times for NER > -15 dB, which supports the response 

time model constructed in Section 4.3.4.
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Figure 4.11 - Comparison of expected and actual doubletalk detector response time (95% C.I.) as a 
function of NER, with SNR = 30 dB and fixed threshold chosen for PF <, 0.1; (a) K  = 100 samples; (b)

K  -  200 samples.

4.5 Summary

This chapter investigated the problem of doubletalk detector calibration, and in 

particular, the problem of selecting a suitable detection threshold in the presence of noise 

and time-varying signal statistics. Section 4.2 discussed implementation issues that may 

affect doubletalk detectors in practice, and in particular the problem of bias due to 

background noise. A method was proposed for selecting a detection threshold based on 

statistical measures such as desired maximum probabilities of false alarm (P f) or miss
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(Pm)- In Section 4.3, the proposed approach was applied to an existing cross-correlation- 

based doubletalk detector, and models were derived for the detection statistic’s PDFs in 

the absence and presence of doubletalk. A key finding was that the distribution of 

doubletalk detection statistics is dependent on the statistics of the input and noise signals 

and, in the presence of doubletalk, on the near-end speech signal. As a result, detection 

thresholds constructed based on desired maximum Pp or PM must be adaptive to changes 

in the input signal and, as a result, SNR. It was also shown that these models can be used 

to characterize the detector’s expected behavior in a variety of environments, and to 

provide the expected response time at the onset of near-end speech. In Section 4.4, two 

algorithms were proposed for constructing statistically optimal detection thresholds that 

are adaptive to changes in the far-end input and noise signal statistics. Use of these 

detection thresholds was shown to offer increased detection performance compared to a 

fixed detection threshold obtained using empirical methods.
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Chapter 5 Perceptual Performance Limitations of 
Adaptive Echo Cancellers

5.1 Overview

As reviewed in Chapter 2, objective echo canceller performance measures such as 

ERLE are calculated using average signal power [12]. Minimum echo canceller 

performance requirements, such as those in ITU-T G.131 and G.168, are also given in 

terms of these performance measures [11], [12], Although these guidelines are based on 

subjective user tolerance of echo, they assume the presence of low-level background 

noise at the near end. Psychoacoustic models of human hearing have long been used in 

audio compression by incorporating masking effects [111]. Some work has been done to 

determine performance limits of echo cancellers due to nonlinearity in the echo path in 

the absence of noise ([110]), but little work has been done to identify limits of echo 

canceller performance due to psychoacoustic effects. This chapter investigates the 

relationship between psychoacoustic aspects of human hearing and their effect on 

perceived echo canceller performance. It is shown that the presence of moderate-to-high 

background noise will have a masking effect on the audibility of residual echo, and that 

steady-state ERLE does not reflect these masking effects using average power 

measurements alone. These findings are used develop alternative echo canceller 

performance measures that incorporate these psychoacoustic masking effects.

The chapter is organized as follows. Section 5.2 discusses psychoacoustic aspects of

human hearing in the context of echo cancellation, and demonstrates theoretically the

inadequacy of ERLE as performance measure in the presence of noise. Section 5.3
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extends this study by presenting listening tests of perceived echo canceller performance 

in the presence of background noise. Section 5.4 proposes echo canceller performance 

measures that incorporate the masking effects of background noise. Finally, in Section 

5.5 the results and conclusions of this chapter are summarized.

5.2 Perceptual Limitations of Echo Cancellers

This chapter investigates the effects of psychoacoustic aspects of human hearing on 

perceived echo canceller performance. However, it is difficult to consider all of the 

possible interactions between far- and near-end signals. At the far-end, the talker hears 

his or her own voice in the form of sidetone, and it is known that near-end speech tends 

to mask residual echo returned to the far end [98]. Therefore, the focus is limited to the 

situation shown in Figure 5.1, where the error signal containing only residual echo S(n) 

and moderate-to-high background noise ij(ri) is returned to the far end with a long round- 

trip delay. After far-end speech bursts, and after long round-trip delays typical of packet- 

based telephony (upwards of 200 ms), residual echo is most perceivable at the far end 

[107], ITU-T G.131 specifies levels of cancellation required for inaudible residual echo 

as a function of round-trip delay [11]. For 100 ms one-way delay, the minimum talker 

echo loudness rating (TELR) is approximately 70 dB, which includes echo return loss, 

loss pads, and echo cancellers. However, the recommendation does not consider the 

effects of moderate-to-high background noise.

In this section, the psychoacoustic aspects of sound pressure level, absolute threshold 

of hearing, and frequency masking are discussed in the context of echo cancellation. An 

overview is provided of the procedures in the MPEG Psychoacoustic Model for
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calculating the masking threshold of an audio signal. Given this procedure for estimating 

masking effects, a simple echo cancellation experiment is analyzed by applying the 

masking threshold analysis to the background noise. It is shown through these 

experiments that existing average power-based echo canceller performance measures do 

not capture the frequency-masking effects of background noise.

x { r i ) -------
 ► "

e(n-D)

x(n-D)

■ r*  'H P '
Network *

W -

--------------- l x(n-D)

Echo I 
Canceller 1

Echo Path 
and Noise

I* __________
Round-Trip Delay c(n) = S(n) + Tin) d(n) = y(n) + Tj(n)

Figure 5.1 - Block diagram of test configuration used to study effects of near-end background noise 
on echo canceller performance; one-way delay (D) is assumed to be at least 100 ms.

5.2.1 Sound Pressure Level and Power Spectrum Estimation

The sound pressure level (SPL) is a standard metric used to represent the intensity of 

an audio signal. It is defined as the ratio in decibels (dB) of the intensity of sound 

pressure p  relative to a reference intensity po, or:

SPL = 201og10{/?/ p Q} (5.1)

where p  is the sound pressure in Newtons per square meter (N / m ) and the reference

5 2pressure po is 2 x 10" N / m [111]. Most psychoacoustic experiments and results are 

specified in terms of SPL. However, it is often not possible to know beforehand what the 

playback levels of signals will be. Therefore, a common assumption is that the playback 

level will be such that the lowest possible signal power corresponds to SPL of 

approximately 0 dB.
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In this chapter, psychoacoustic concepts are discussed in terms of the power spectra 

of signals, so it is convenient to represent power spectral density in terms of SPL. To that 

end, power spectrum estimates for a time-domain signal x(n) are calculated using the Fast 

Fourier Transform (FFT) and a normalization procedure. In particular, the steps specified 

by the MPEG psychoacoustic model were employed [106]. First the input signal x(ri), -1 

< x(n) < 1, is normalized by the FFT block size N f f t '■

(5-2)
FFT

This normalization ensures that xmnUn) has a maximum power spectrum of 

approximately 0 dB SPL. The discrete power spectrum estimate Sxxkk) in SPL is then 

obtained from a windowed version of the normalized input signal:

,S';K(*) = iW  + 201ogIo
N Ff t ~  1 

n=0
(5.3)

where 0 < k < N f f t  / 2, w(n) is a window function, and PN  is a fixed term equal to 90.302 

dB. The normalization procedure, and in particular the fixed term PN, results in 

conservative estimates of the maximum playback level.

5.2.2 Equal Loudness and the Absolute Threshold of Hearing

An equal-loudness contour is a frequency-dependent measure of sound pressure 

which the human auditory system perceives as having constant loudness compared to a 

reference signal [107], [108], Contours have been obtained by presenting subjects with a 

reference sinusoidal signal at 1 kHz with a given power, and by measuring the change in 

power required for a second sinusoid presented at another frequency to be perceived as
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having the same power. These contours represent the sensitivity of human hearing across 

the range of audible frequencies, and as shown in Figure 5.2(a) for a family of contours, 

the 1 - 5  kHz range is the most sensitive.

The absolute threshold of hearing is a frequency-dependent function TA(f) showing 

the power required by a single sinusoidal signal so that it can be detected by an average 

listener in a quiet environment. The function can be approximated by the following 

equation (in dB SPL) [107]:

TA( f )  = 3.64(//1000)-°'8 _ 6 .5 e^ 6(//100°-3'3)2 +0.001(//1000)4 (5.4)

w here/is the frequency of the sinusoidal signal in Hz. A plot of TA(f) is shown in Figure 

5.2(b), from which it is clear again that the 1 -  5 kHz band shows the most sensitivity. 

The function may be written as TA(k), 0 < k < Nfft / 2, for use with discrete power 

spectrum estimates by substituting/ = kfs /  Nfft, where/  is the sampling rate in Hz.

With respect to echo cancellation, TA(k) can be interpreted as a lower bound on the 

audibility of residual echo in a quiet environment. That is, S(n) is not perceivable if its 

power spectrum is below the absolute threshold, or Saa(&) < TA(k) Vk. The equal

loudness curves also suggest that the perceived loudness of residual echo is frequency- 

dependent.
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Figure 5.2 -  (a) Equal-loudness curves (from [108]) and (b) absolute threshold of hearing across the 
range of audible frequencies, both expressed as sound pressure level (dB SPL).

5.2.3 Masking Threshold of Background Noise

The presence of background noise will have a masking effect on other signals, most 

importantly the residual echo signal. Intuitively this makes sense: as the background 

noise power increases, it will “drown out” residual echo. However, even at lower noise 

levels, tonal or noisy components in the background noise at frequency index k  will limit 

the audibility of the residual echo around the same frequency. In other words, audible 

background noise will induce a raised masking threshold T ^k)  below which the residual
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echo will not be audible at the far end. The masking threshold is limited by the absolute 

hearing threshold, or T ^k)  > 7X&). In this study the masking threshold TfJJc), 0 < k < 

Nfft / 2 , was calculated from estimates of the background noise power spectrum 5W (&) 

using the MPEG-1 Psychoacoustic Model [106], A thorough description of the steps 

required to calculate the model can be found in [111] for the original specification with f s 

= 44.1 kHz, and they were modified to accommodate lower sampling rates employed in 

telephony (fs = 8 -  16 kHz). In the following, the steps required to calculate the masking 

threshold are briefly presented.

5.2.3.1 Identification of Masking Frequency Components

Masking frequency components are identified from strong tonal and non-tonal 

components in the power spectrum. A tonal component represents a sinusoid that masks 

the audibility of other tones and narrowband noise around the same frequency. It is 

identified as an individual power spectrum component that is at least 7 dB higher than 

neighboring frequencies. As described in [111], the human auditory system can roughly 

be described as a non-uniform filter bank of critical bands with passband widths 

increasing with frequency. A non-tonal component represents a strong noise signal 

within a critical band that masks the audibility of tones and other noise within the band. 

If the total power within a critical band of the power spectrum is above the absolute 

threshold, then a non-tonal component is deemed to exist within that band.

5.2.3.2 Calculation of Raised Masking Thresholds

Each tonal and non-tonal component individually induces a raised masking threshold 

around its center frequency. A raised masking threshold represents an increase in power,
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above the absolute hearing threshold, required by other spectral components in order to 

be audible in the presence of the masker. In the MPEG-1 psychoacoustic model, the 

raised masking threshold is represented by a piecewise linear function (on the Bark scale) 

decaying with the distance from the center frequency of the masker [106], Let T to n a lU ,  

k )  and T n o n to n a lU , k )  represent the raised masking threshold at frequency index k  

corresponding to a tonal or noise masker centered at frequency j.  For background noise 

with power spectrum Smi(k), the raised masking thresholds are given by the following (in 

dB SPL) [111]:

T t o n a l  O ', *) = S NN O )  -  0.215B(k) + SF(j, k) -  6.025 (5.5)

TmntonalU * ) = S NN (j)  -  0.\15B(k) + SF(j,k )  -  2.025 (5.6)

where B(k) provides a mapping between frequency index and frequency on the Bark 

scale, and SF(j, k) is a piecewise linear masking threshold function.

5.2.3.3 Calculation of a Global Masking Threshold

The raised masking thresholds induced by the tonal and non-tonal components are 

then combined to form a global masking threshold. Assume in the previous steps that 

N to n a l  tonal and N n o n to n a l  non-tonal components were identified. In the MPEG-1 

psychoacoustic model it is assumed that the contributions of raised masking thresholds 

are cumulative. Therefore, the global masking threshold T ^ k ) ,  0  <  k  <  N f f t  / 2, is 

obtained simply by adding the contributions of individual masking thresholds to the 

absolute hearing threshold TA(k )  as follows (in dB SPL):

T J k )  =  \ 0 ] o g 10

SONTONALlO^W/10 _|_ J ^q7
;=1 ;=1

(5.7)
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5.2.3.4 Example

As an example of this procedure, background noise was recorded in the small 

conference room described in Section 3.1, which contained a noisy overhead air 

conditioning fan. Figure 5.3(a) shows the power spectrum of the background noise 

compared to the absolute threshold of hearing. Note that the noise has an SPL as high as 

40 dB at some frequencies, and that above 4 kHz none of the background noise frequency 

components were above the absolute threshold. Figure 5.3(b) shows the set of tonal and 

non-tonal components identified from the power spectrum using the steps outlined above, 

along with their corresponding raised masking thresholds. Finally, Figure 5.3(c) shows 

the global masking threshold T ^k )  compared to the original noise power spectrum. An 

interesting observation is that the masking threshold in mid-band frequencies ( 2 - 4  kHz) 

is up to 10 dB higher than the noise power spectrum, which implies that residual echo 

above the noise power spectrum may still not be audible.
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Figure 5.3 - (a) Noise power spectrum SNN(o^ compared to the absolute hearing threshold (b)

tonal and non-tonal components and their raised thresholds; (c) background noise masking threshold
Tuia).
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5.2.4 Limitations of Echo Canceller Performance Measures in Noise

ERLE is usually calculated by averaging reference and error signal power over a 

window of samples at time n as given by (2.4). This assumes that the background noise 

77(h) is low enough to have a negligible contribution, which may not be a valid 

assumption in environments with moderate-to-high levels of noise. Therefore, a more 

accurate measure of echo power reduction, denoted E R L E Ac t u a l ,  is obtained from the 

echo and residual echo signals themselves:

E R L E actu a l (« )  = 10  lo g 10
<r2y(n)
<r2sin)

■10 log 10

K - l

£ y 2( n - k )
k=0
K - l

k =0

(5.8)

where <72y(ri) and crj(n) are the echo and residual echo signal powers at time n,

respectively, and £[-] is the statistical expectation operator.

This discussion is presented in the context of echo canceller performance measures 

obtained from an extremely simple simulation environment. An impulse response w(ri) 

was obtained from the conference room described in Section 3.1, but at a sampling rate of 

f s = 16 kHz, and truncated to L = 2500 samples. An input signal x(ri) consisting of white 

Gaussian noise was convolved with the impulse response to create the echo signal y(ri), 

with the input signal calibrated to have a power of approximately 60 dB SPL. Additive 

background noise rfn) from the conference room was then added to create the reference 

signal d(ri). An adaptive filter employing NLMS was used to represent a typical echo 

canceller operating in such an environment, with an adaptive filter of N  = 2500 samples
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and a step size of // = 0.05 [44]. ERLE was calculated as a function of time using (2.4) 

and, since the background noise signal was known a priori, also calculated using (5.8).

Figure 5.4(a) shows ERLE calculated using (2.4) and (5.8), and indicated are the 

approximate steady-state times at which additional analysis was performed. It is clear 

that the presence of background noise limits ERLE calculated using (2.4), which reaches 

a steady-state value of 35 dB at approximately n\ = 27500 samples. However, when 

ERLE is calculated without the background noise using (5.8), a steady-state value of 50 

dB is obtained at approximately ri2 = 40000 samples. Figure 5.4(b) shows the estimated 

power spectrum of the residual echo signal, Saa(£), at times n\ and «2 compared with the 

masking threshold of the background noise. From this plot it is clear that at time n\ the 

residual echo is not completely below the masking threshold. As a result, frequency 

components between 3 - 6  kHz will still be audible at the far end. In contrast, at time ri2 

the residual echo is far below the masking threshold, implying that it is completely 

inaudible at the far end.

Several observations can be made from these results. It is clear that for ERLE 

calculated with (2.4), the steady-state value may not always determine whether the 

residual echo signal inaudible to the far-end talker in the presence of noise. This results 

from the fact that average power simply does not capture frequency-dependent 

psychoacoustic aspects. As a result, it may be possible to have two different sets of echo 

canceller coefficients capable of producing the same ERLE for a given environment, but 

the residual echo signal from one may be more perceivable than the other. Another 

observation is that the masking threshold of background noise is frequency-dependent.
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For a given environment some frequencies are perceptually more “important” than others 

in that the residual echo signal may have components above the masking threshold. 

Finally, these results also indicate that it may be possible to construct alternative 

performance measures based on knowledge of the background noise masking threshold, 

an idea proposed in Section 5.4.
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Figure 5.4 - (a) ERLE during initial convergence, calculated with and without background noise; (b) 

residual echo power spectrum at 27500 and 40000 samples, compared to the noise masking
threshold
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5.3 Verification of Psychoacoustic Effects

In the previous section, the masking effects of background noise were investigated by 

applying an existing psychoacoustic model to the background noise signal, which was 

then used to determine the audibility of the residual echo signal. In this section the 

investigation is extended through the use of experimental results and informal listening 

tests. First a simple modification to NLMS is presented that minimizes a weighted error 

criterion instead of the usual mean squared error. A description is provided of the fixed 

weighting function, derived from the absolute threshold of hearing, followed by the 

results of simulation and simple listening tests.

5.3.1 A Perceptually Weighted Adaptation Algorithm

In the previous section it was noted that ideally one would like an adaptation 

algorithm that emphasizes frequencies where the residual echo signal is higher than the 

masking threshold of background noise. Previously NLMS was employed because of its 

simplicity and widespread use. However, numerous techniques exist for achieving a 

faster rate of convergence for adaptive filters, such as Recursive Least Squares (RLS) and 

Affine Projection (AP) [7]. Most of these algorithms update filter coefficients to 

minimize the mean square error or some other global error function. There have been 

attempts at tailoring subband echo canceller performance by assigning taps to subband 

adaptive filters based on objective or psychoacoustic properties [112], [113]. However, it 

is not obvious how direct knowledge of the background noise masking threshold can be 

directly incorporated into an echo canceller’s adaptation algorithm.
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The equal-loudness contour plots of Section 5.2.2 revealed that human hearing is 

more sensitive to frequencies between 1 - 5  kHz. In this section a simple modified 

version of NLMS is presented that incorporates a perceptual pre-emphasis filter based on 

these plots. The goal is to show through listening tests (in Section 5.3.3) that by 

increasing the rate of convergence in sensitive frequency bands relative to others, the 

“perceived” rate of convergence of an adaptive echo canceller can be increased.

A block diagram of the perceptually weighted adaptation algorithm is shown in 

Figure 5.5. First letj^«) = [fo(ri) f\{n) . . . / f-i(«)]Tbe the coefficient vector for an FIR filter

of length F  samples. The filter coefficients are written as a function of time n to indicate

that the coefficients may be either fixed or slowly time-varying. Let xj(n) and e/n) be 

versions of the input and error signals that have been filtered with jjji). In particular:

xf (n) = f(n )x ( r i)  (5.9)

ef {n) = f ( n ) e { n )  (5.10)

where x(ri) = [x(«) x(n -  1) ... x(n -  F  + l)]r and e(n) = \e{n) e(n -  1) ... e(n -  F  -  l)]r 

The NLMS coefficient update using the filtered input and error signals is then given by 

the following equation:

e f (ri)xf (ri)
w(n + \) = w(n) + / / —----------------- (5.11)

x f {n)xf (n) + S

where n  is the adaptation step size, and £is a regularization parameter. Using the filtered 

input and error signals of (5.9) and (5.10) in the adaptation algorithm is equivalent to 

minimizing a weighted cost function J(n) based on the filtered error signal:

J(n) = E[e2f {n)] (5.12)
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As a result, the average error signal power is minimized as a frequency-weighted version 

of the original error signal:

where SEe( co) is the error signal power spectrum, and F(co) is the magnitude response of 

j{n). It is important to note that the proposed modification is somewhat similar to the 

Filtered-X NLMS algorithm employed in active noise control systems [55].

Analyses of NLMS have shown that the rate of convergence in terms of mean square 

error is limited by small eigenvalues of the input signal’s autocorrelation matrix [54]. 

The choice off{ri) has a significant impact on the power spectrum of xj{n), and hence on 

the eigenvalues of the filtered signal’s autocorrelation matrix. Several authors have 

shown that constructing flri) to adaptively decorrelate (or whiten) the input signal can 

increase the overall rate of convergence [114]. However, note that the error signal e(n) is 

also filtered and may contain background noise, and such algorithms operate under the 

constraint that the background noise signal is filtered and may be enhanced.

a 2 = *\SEE {co) | F{co) |2 dco
2 n  i

(5.13)

x(ri)

Figure 5.5 - Block diagram of NLMS employing a fixed pre-emphasis filter Awl-
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5.3.2 Pre-emphasis Filter Design

In this study a fixed filter j{n) was designed with a magnitude response roughly 

approximating the inverse of the absolute threshold of hearing Ta (J) of (5.4). As 

described in Section 5.2.2, a 256-sample discrete-ffequency version of the absolute 

threshold function, TA(k ),  was first obtained u s in g / = k f s t  N fft  with N f ft  =512 samples 

forO < k <  N f f t / 2. A target magnitude response function was obtained by first inverting 

the absolute threshold function, converting it to linear SPL from decibels, and then 

normalizing it by the maximum of the magnitude response:

1 0 - r , ( * ) / 2o

( 5 ' 1 4 )

Finally, the MATLAB function firls was used to generate a linear phase FIR filter of 

length F  = 16 samples using the samples of the target magnitude response function and a 

least-squares technique. A relatively short filter was used because an exact 

representation of the inverse absolute threshold function was not required. A plot of the 

filter’s magnitude response is shown in Figure 5.6, and it can be seen that frequencies 

outside the band between 2 . 5 - 6  kHz are attenuated relative to frequencies within the 

band. In [54] it was shown that for long impulse responses (L »  1), the eigenvalues of 

x(ri) and, by implication, x/n), can be approximated by the DFT power spectrum of the 

signal’s autocorrelation function. Therefore, choosing a pre-emphasis filter J[n) in such a 

manner has the effect of increasing the eigenvalue spread between the 2.5 -  6 kHz band 

relative to the others, which should degrade the rate of convergence of the adaptive filter 

outside of that band.
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5.3.3 Simulation and Listening Test Results

In this section experimental results are presented for NLMS employing the perceptual 

pre-emphasis filter described in Section 5.3.2. The goals of these experiments are 

twofold. First of all, it is desired to compare the performance of standard NLMS with 

pre-emphasized NLMS with respect to the standard echo canceller performance measures 

of ERLE and system distance. The results from Section 5.2 showed that it is not possible 

to rely on these standard measures to determine the perceivability of residual echo 

signals. Therefore, listening tests are presented comparing the perceivability of residual 

echo signals generated by the two adaptive filter configurations during their initial 

convergence periods.

5.3.3.1 Experimental Setup

In these experiments a setup similar to that used in Section 5.2.4 was employed, using 

white noise input with a power of approximately 60 dB SPL. The same conference room 

impulse response and background noise obtained for the previous experiment were also 

used. Two configurations of adaptive filters were used, standard NLMS and NLMS with
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the pre-emphasis filter described in Section 5.3.2, denoted “pre-emphasized NLMS”. 

Both of the adaptive filters contained N  = 2500 samples to match the length of the room 

impulse response, and a sampling rate o f f  = 16 kHz and step size of ju = 0.05 were used 

for both algorithms. ERLE and system distance were calculated during initial 

convergence using (2.4) and (2.13), respectively.

For the listening tests, the filter coefficients for the two adaptive filter structures were 

extracted at five uniformly spaced times nu 1 < i < 5, during the initial convergence 

period. The corresponding filter coefficient error vectors for NLMS and pre-emphasized 

NLMS at time «, are denoted Aw/vlms(«;) and Awp^LMsin,), respectively. Four subjects 

were recruited, two male and two female, varying in age between 20 and 35 years. 50 

sets of speech input signals from both male and female speakers were randomly selected 

from the TIMIT continuous speech database [92]. For each of the five times «, during 

convergence, listening tests were conducted with a different subset of 10 of the 50 

original speech input signals. For each of the two adaptive filter structures, a test error 

signal was constructed by convolving one of the 10 speech input signals with the 

corresponding adaptive filter error vector, and again background noise rfoi) from the 

conference room was added. In all cases, the speech input signals were adjusted to an 

average power of approximately 60 dB SPL in accordance with (5.3). In particular:

e NLM s («) = int )x(n) + Tj(n) (5.15)

e PNLMS in) = A wTPNLm (n j  ) x ( « )  + 77(h) (5.16)

The first listening test employed a two-alternative forced choice test [107], Subjects 

were fitted with a set of Jensen JF-25 headphones and allowed to listen to each of the two
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corresponding error signals, repeatedly if required, and asked to decide which of the two 

residual echo signals overall was more perceivable. This process was repeated for each 

of the 10 test input signals in the subset, and in turn for each of the five sets of adaptive 

filter coefficients at times In such a test environment, if subjects selected the error 

signal from each algorithm evenly, then it would suggest that no perceivable difference 

exists between the echo cancellers at that time. To help reduce bias, pairs of test error 

signals from each of the five different sets were presented in a random order for each of 

the subjects.

For the second experiment the subjects were presented with the same sets of error 

signals as before, but were asked to adjust the power of one of the input signals until they 

were satisfied that the error signals had the same overall level of loudness. A simple user 

interface was used to automate the process and iterate over the set of test input signals, 

and is shown in Figure 5.7. Subjects were allowed to adjust the power of one of the input 

signals and listen to the resulting error signals until satisfied with the result. Adjustments 

were allowed in increments of 1 dB SPL. Speech input signals were used for the 

listening tests, and so there are time variations in signal strength and spectral 

characteristics even with a fixed average power. However, subjects were asked for 

decisions based on overall perceivability and loudness.
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Figure 5.7 - Graphical user interface used in the second listening test. Subjects may adjust the 
average power of the inputs and listen to the results, accepting the settings to move onto the next test

signal.

5.3.3.2 Effect of Pre-Emphasis on Echo Canceller Performance

Figure 5.8(a) shows ERLE for NLMS and pre-emphasized NLMS (PNLMS) obtained 

during initial convergence. In addition, Figure 5.8(b) shows a plot of the system distance 

calculated over the same time period. It is clear from these figures that according to the 

standard performance measures, the pre-emphasized NLMS algorithm has a severely 

degraded rate of convergence for the same input signal, background noise, and step size 

parameter. However, Figure 5.9(a) and Figure 5.9(b) show the magnitude responses of 

the adaptive filter error vectors at time indices n = 15000 and n = 30000, respectively. It 

is evident that pre-emphasized NLMS achieves as much as 20 dB lower misadjustment in 

the 1 . 5 - 4  kHz frequency band early on, at the expense of higher misadjustment in lower 

and higher bands. Although this experiment was performed with a white noise 

excitation, the results suggest that during convergence, the magnitude of residual echo in 

the 1 . 5 - 4  kHz band will be less using pre-emphasized NLMS than regular NLMS.
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Figure 5.8 -  Comparison of NLMS and pre-emphasized NLMS (PNLMS) during initial convergence

period: (a) ERLE and (b) system distance.
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Figure 5.9 -  Comparison of misadjustment during initial convergence period: magnitude response of 

adaptive filter error vectors at (a) n = 15000 and (b) n = 30000 samples.

5.3.3.3 Listening Test Results

Echo canceller error vectors were obtained from the simulations of Section 5.3.3.2 at 

the following times: m = {5000, 10000, 15000, 20000, 25000}. Table 5.1 shows the 

results of the first listening test for each of the times «, and for each of the test subjects. 

Shown are the number of times (out of ten) a subject selected the error signal from 

NLMS as the more perceivable. It is clear that at time periods «2 -  «4 the error signals 

corresponding to NLMS were judged the more perceivable of the two. Figure 5.10 shows
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the results of the second listening test showing as a function of time nt the average 

number of dB SPL that the input signal corresponding to the pre-emphasized NLMS must 

be increased so that the error signals have the same overall level of loudness. Again it is 

clear that at time periods «2 -  «4 the test subjects found that input signal power must be 

increased, with a maximum increase of 5.5 dB SPL at n^. These two sets of results are 

significant because in the previous section it was seen that the pre-emphasized NLMS has 

a degraded convergence overall, and one would expect that the corresponding residual 

echo signal would be more perceivable. Therefore, additional evidence exists that ERLE 

and other performance measures do not reflect the perceived performance of an echo 

canceller, and one cannot rely on them to differentiate between the perceivability of 

residual echo signals.

Table 5.1 - Listening test results showing the number of times a subject selected the error signal 
__________ generated by NLMS as the more perceivable of the two test signals (out of ten).__________

Subject Time Index

Number ni n2 n3 ru n5

1 5 6 6 5 4

2 4 7 8 6 5

3 6 6 7 6 5

4 5 8 8 7 6
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Figure 5.10 - Listening test results showing how much the input signal power for pre-emphasized 
NLMS must be increased to make the residual echo have the same overall loudness as that produced

by NLMS.

5.4 Perceptual Performance Measures for Echo Cancellers

Sections 5.2 and 5.3 investigated the effects of background noise on the audibility of 

residual echo, and it was shown experimentally that standard echo canceller performance 

measures are not accurate in the presence of frequency-dependent masking effects of 

background noise. In this section, performance measures are proposed that incorporate 

these masking effects, along with procedures for calculating them in practice. The utility 

of these performance measures is demonstrated through simulation and informal listening 

tests.

5.4.1 Audible Echo Return Loss Enhancement

As described in Section 5.2.4, a more accurate measure of echo canceller 

performance is given by the ratio of echo to residual echo signal powers in (5.8), since 

the latter is not skewed by the presence of background noise. However, note that power 

is simply calculated as an average of the power spectrum over all frequencies. In terms
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of (5.8), the formula for steady-state ERLE can be expanded in terms of the power 

spectra of the echo and residual echo signals:

where Syy{(0) and Saa( ô  denote the power spectra of the echo and residual echo signals, 

respectively.

In previous sections it was shown that in the presence of background noise, the 

audibility of echo and residual echo depends on whether their power spectra contain 

frequency components above the noise masking threshold, Even in quiet

environments, audibility of the signals is ultimately limited by the absolute threshold of 

hearing, TA{oS). Therefore, it makes sense to incorporate knowledge of these hearing 

thresholds into echo canceller performance measures. Two such methods are proposed as 

follows.

5.4.1.1 Audible Echo Return Loss Enhancement (ERLEa)

One method of incorporating masking thresholds is to calculate echo and residual 

echo signal power by considering only frequencies containing audible energy, or in other 

words, by averaging their respective power spectra only over frequencies containing 

components above the masking threshold. Let (Oy and a>s represent the piecewise- 

continuous sets of frequencies over which the echo and residual echo power spectrum, 

respectively, are above the masking threshold:

= 101og10 %  =101og10

J 2 K
-  iSyyiafydCQ

ERLE ACTUAL (5.17)
—  \S^(a))dco
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a)y ={CQ\Sn ( a ) ) > T M(aj)} (5.18)

C0s = { 6 ) \ S AA(G j ) > T M(6))} (5.19)

Let \o)y\ and \a)& be the sums of the ranges of frequencies covered by (Oy and cos,

respectively. The echo and residual echo power, averaged over those frequencies, 

represent the audible signal power before and after cancellation, respectively:

Substituting (5.20) and (5.21) into (5.17) results in a performance measure reflecting 

the reduction in audible echo signal power, denoted audible ERLE (ERLEA):

One disadvantage of (5.22) occurs if the residual echo power spectrum falls 

completely below the background noise masking threshold. This would imply that no 

audible residual echo remains, producing an infinite value of ERLEA. To avoid this 

computational problem, the maximum ERLEA is assumed to be produced by residual 

echo of constant power equal to the minimum of the background noise masking 

threshold:

^ y ,a u d ib le (5.20)

8, audible S^(o))dQ) (5.21)

ERLEa = 101og10
audible

y,audible (5.22)
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(5.23)

5.4.1.2 Proportional Audible Echo Return Loss Enhancement

Both ERLE and ERLEa in (5.8) and (5.22) provide broad measures of echo power 

reduction, which are useful for network planning and implementing echo loss plans in 

accordance with ITU-T G.131 [11]. An alternative formulation of echo return loss 

enhancement is described as follows. First define a frequency-dependent function D(a>) 

as the ratio between the power spectral density of the echo and residual echo signals. For 

a non-zero residual echo signal, the audible contribution at each frequency is the 

maximum of the residual echo power and the background noise masking threshold. A 

proportional audible ERLE (ERLEPA) performance measure is obtained by averaging 

D(co) across all frequencies as follows:

It is important to note that although (5.8) and (5.25) appear similar, they are

masking threshold. Since the masking threshold Tm( q)) forms a lower bound on residual 

echo audibility, the maximum ERLEPA occurs when the residual echo is at or below the 

noise masking threshold:

D(oo) = --------------------------
maxJS^ (ty), TM (o))}

(5.24)

(5.25)

equivalent only for white echo and residual echo signals that are completely above the
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(5.26)

PA,M AX ~  I® lo g ,o (5.27)

5.4.2 Calculating the Audible ERLE

A block diagram of the audible ERLE calculation steps is shown in Figure 5.11. Both 

methods described in Section 5.4.1 require estimates of the echo and residual echo power 

spectrum, which are obtained from the reference and error signals d(ri) and e(n) using 

spectral subtraction. The masking threshold is calculated from the background noise 

using the MPEG psychoacoustic model [106]. Finally, the estimates and masking 

threshold are used to calculate ERLE using either (5.22) or (5.25) for each block. The 

background noise r/(n) is assumed to be stationary and its power spectrum is estimated 

from the reference signal d(n) during periods of quiet (no near- or far-end speech). To 

that end, Welch’s modified periodogram method is employed with A/./.-7-sample analysis 

blocks and a Hanning window applied [43]. Individual periodogram estimates are 

obtained from the FFT of each block, and averaged over the set of B most recent blocks. 

Let Sjv3v(&) represent the discrete background noise power spectrum estimate, for 0 < k <

N p p f/ 2 .

The echo and residual echo power spectrum are estimated from the reference and 

error signals using spectral subtraction. First the power spectra of the reference signal 

d(n) and error signal e(n) are estimated using the current windowed input block, 

represented by Soz>(&) and SsEik), respectively. One cannot employ averaging methods
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for these signals because real speech inputs can only be assumed to be stationary within 

periods of 20 -  30 ms [60]. Let S y y i k )  and S a a ( Ic)  represent the power spectra of the echo 

and residual echo signals, respectively, estimated as follows:

SYr(k) = max[SDD (k) - S NN (*),0) (5.28)

SM (k) = max {*$££■ (k) — Sm  (&),0} (5.29)

The masking threshold T ^ k ) ,  0 < k < N f f t  / 2, is calculated from SNN(k) using the MPEG- 

1 Psychoacoustic Model 1 [106]. The model was modified to accommodate lower 

sampling rates (8 -  16 kHz). Finally, the audible ERLE for each block is calculated using 

discrete-ffequency versions of (5.22) or (5.25):

ERLEa =10 log 10

1

y  1 Ky

S I ks

(5.30)

f  1 n f f t  /  2-1 ]  [  j  N f f t  /2 -1  C1 / U  I

ERLE„=101oglo -  £ D ( t )  =101og]0 -  £   J K 5-31)
[ K  k=0 J [ K  max[.SAA(A:),rM(A:)] J

where k y  and ^represent the set of coefficients for which S y y i k )  and Saa(&), respectively, 

are above the masking threshold T^k).
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Figure 5.11 - Block diagram of audible ERLE calculation steps.

5.4.3 Simulation and Listening Test Results

5.4.3.1 Experimental Setup

In these experiments the configuration of Section 5.2 was employed. In particular, a 

sampling rate of f s = 16 kHz was employed, along with the room impulse response of 

length L = 2500 samples corresponding to the conference room of Section 3.1. As 

before, recorded background noise from the room was added to the echo signal, and an 

echo canceller with N  = 2500 samples was adapted using NLMS. Two sets of input 

signals were applied, the white Gaussian noise sequence of Section 5.2, and 50 

continuous speech sequences of 4-6 seconds in length drawn from the TIMIT database. 

All input signals were calibrated to produce an average echo power of 60 dB SPL in 

accordance with (5.3). To calculate ERLEa and ERLEPA in accordance with (5.30) and 

(5.31), power spectra of the reference and error signals, SDD(k) and Ssdk), were first 

measured with (5.3) using the FFT over Hanning-windowed blocks of N f ft  = 512 

samples. The echo and residual echo power spectra were estimated using (5.28) and
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(5.29) with the background noise power spectrum SNN(k) estimated offline. For 

comparison, ERLE and ERLEactual were calculated using (2.4) and (5.8), respectively.

5.4.3.2 Simulation Results

Figure 5.12(a) shows a comparison of ERLEa, ERLEpa, and ERLE for the white

noise input signal during convergence with a step size of ju = 0.05. The maximum levels 

of cancellation obtainable with (5.29) and (5.30), ERLEa,m a x  and ERLEpa,m a x ,  are 

indicated for the given noise masking threshold, as are the approximate steady-state times 

of the algorithms. As observed before in Figure 5.4(a), standard ERLE achieves a 

steady-state value of 35 dB at approximately n\ = 27500 samples, whereas ERLEa and 

ERLApa achieve a maximum reduction in audible echo signal power of 52.5 dB and 47 

dB, respectively, at approximately m  = 35000 samples. Figure 5.12(b) shows the power 

spectrum of the residual echo signal at the two steady-state times indicated in Figure 

5.12(a) compared to the background noise masking threshold. The results are similar to 

Figure 5.4, but note that the residual echo power spectrum is just at the background noise 

masking threshold at the steady-state times of ERLEa and ERLEpa-

Figure 5.13(a) shows a four-second speech input signal applied to the test 

environment, and Figure 5.13(b) shows the standard ERLE calculated using (2.4). Figure 

5.14(a) shows a comparison of ERLEA and ERLE a ,m ax  during initial convergence with a 

step size of ju = 0.2, and Figure 5.14(b) shows a similar comparison for E R L E pa and 

E R L E pa ,m a x- In this example, both ERLEA and ERLEPA reach their maximum levels 

after approximately 2.5 seconds of adaptation. The maximum observed ERLE, 

calculated using (2.4), was approximately 25 dB, which corresponds to the average echo
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to noise power ratio. In both of these simulations, it is clear that in the presence of 

moderate background noise, standard ERLE is a coarse performance measure that may 

underestimate the amount of cancellation achieved by an echo canceller. In the context 

of telecommunication network planning, this may prompt the planner to unnecessarily 

apply a nonlinear processor or additional elements in the loss plan to achieve a desired 

TELR [11], [12]. In contrast, ERLEa and ERLEpa give more accurate measures of 

audible echo power reduction.

ERLE'A. MAX

PA.MAx

— ERLE

1 2 3 4 5
SAMPLE (N)

(a)
x 10

— S (to), n = 27500

S (to), n — 35000AA '

2 4 6 8
FREQUENCY (KHZ)

(b)
Figure 5.12 -  (a) ERLEA and ERLEPA during convergence with white noise input, compared to 

standard ERLE; (b) residual echo power spectrum at steady-state times, compared to the
background noise masking threshold.
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Figure 5.13 -  (a) Test speech input signal, and (b) corresponding ERLE measured during initial 

convergence period in the presence of stationary background noise.
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Figure 5.14 -  (a) ERLEA compared to ERLEA MAX, and (b) ERLEPA compared to ERLEPAjMAx during 

initial convergence with the test speech input signal and stationary background noise.

5.4.3.3 Listening Test Results

Informal tests were conducted with the same panel of four subjects recruited for 

Section 5.3. Subjects were asked to listen to the echo canceller error signal produced by 

each of the 50 speech input signals applied to the test environment during their initial 

convergence periods, repeatedly if necessary, and asked to estimate the convergence time 

as the earliest time for which the echo signal is no longer audible against the background 

noise. The convergence time was also estimated manually for each of the input signals
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by identifying the earliest time at which ERLEa -  ERLEa,max after which no more than 

ten percent of the remaining ERLEa values are less than the maximum. Figure 5.15 

shows a scatter plot of the observed convergence times averaged from the four subject 

responses for each of the 50 speech input signals, compared to the manually estimated 

convergence times. A correlation exists between the estimated convergence times and 

those reported from the test subjects (p = 0.727), which suggests that ERLEa and 

ERLEpa may be used to estimate approximate echo canceller convergence times.

4 

3.5CO G z 
o  3 o
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Q 2-5
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>a. 2LUWm
O 1.5

1 1.5 2 2.5 3 3.5 4
EXPECTED (SECONDS)

Figure 5.15 - Scatterplot of observed convergence times averaged from four subject responses for 50 
speech input signals, compared to expected times obtained manually using ERLEA.

5.5 Summary

This chapter investigated perceived echo canceller performance limitations based on 

psychoacoustic aspects of human hearing. Echo canceller performance is usually 

expressed as the reduction in average signal power before and after cancellation (ERLE), 

which is useful for estimating talker echo loudness rating (TELR) in network planning. 

However, it is known that moderate-to-high levels of background noise in the 

environment will limit ERLE to the ratio of average echo to noise power. Section 5.2 

presented simulation results illustrating this limit, and it was shown that the audibility of
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residual echo is limited by the masking threshold induced by background noise. In 

Section 5.3 this study was extended to demonstrate that perception of residual echo is 

frequency-dependent as well, with the highest sensitivity within the 1-5 kHz band. The 

results of these two sections suggest that performance measures based on average power 

alone cannot be used to determine the audibility of residual echo, particularly in the 

presence of background noise. Therefore, in Section 5.4, two echo canceller performance 

measures were proposed, audible ERLE (ERLEa) and proportional audible ERLE 

(ERLEpa), which estimate the reduction in average audible echo power provided by an 

echo canceller in the presence of noise. Maximum values of ERLEa and ERLEpa were 

derived based on the background noise masking threshold, and used to determine the 

approximate audible convergence time of an echo canceller. Simulation results and 

informal listening tests confirmed the validity of the proposed performance measures, and 

showed that standard ERLE may over- or under-estimate the amount of cancellation 

provided by an echo canceller.
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Chapter 6 Adaptation and Control Algorithms for 
Critically Sampled Subband Echo 
Cancellers

6.1 Overview

In Chapter 4 it was shown that statistically optimal doubletalk detection thresholds, 

and the resulting probability of miss they produce, are dependent on the echo signal to 

noise ratio (SNR) in the reference signal. Chapter 5 showed that perceived echo 

canceller performance is dependent on the frequency-dependent effects of the absolute 

hearing threshold and, in the presence of background noise, on the masking threshold 

induced by the noise. In many echo cancellation applications, the far-end input and 

background noise signals are time-varying and not spectrally flat. Therefore, a natural 

question addressed in this chapter is whether it is possible to apply more sophisticated 

adaptation and control algorithms to echo cancellers based on subband adaptive filters. 

Critically sampled subband adaptive filter (CS-SBAF) structures are of interest because 

they offer a maximal reduction in computational complexity due to decimation. 

However, they require unique structures to reduce aliasing from non-ideal filter banks. 

Affine Projection (AP) and cross-correlation-based doubletalk detection have been 

applied successfully to oversampled subband adaptive echo cancellers [69], [85]. In this 

chapter it is shown that per-subband AP, cross-correlation-based doubletalk detection, 

and post-filtering algorithms can be applied to the CS-SBAF structure of [68] reviewed in 

Section 2.3.2.

120
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The sections of this chapter are organized as follows. Section 6.2 presents a subband 

Affine Projection algorithm and a convergence analysis of the algorithm. In Section 6.3 

the cross correlation-based doubletalk detector of [16] is adapted to provide per-subband 

doubletalk estimates. Finally, in Section 6.4 the primary results and conclusions of this 

chapter are summarized.

6.2 Affine Projection in CS-SBAF Structures

Affine Projection (AP) employs an adaptive filter update vector constructed from a P- 

dimensional projection of the current and P -  1 previous tap input vectors onto the a 

priori error signal vector [58]. The projection operation results in an update vector 

forcing to zero the set of P  -  1 previous error signals calculated using the a posteriori 

(after update) adaptive filter coefficients. AP reduces to the NLMS algorithm for a 

projection order of P = 1, and so for this reason AP is often viewed as a generalization of 

the latter. In this section a subband version of Affine Projection, denoted subband AP, is 

described as a replacement for subband NLMS in the critically sampled subband adaptive 

filter structure of Section 2.3.2. A convergence analysis of the algorithm is presented, 

and the algorithm is also analyzed in terms of its computational complexity and 

implementation considerations.

6.2.1 Algorithm Description

Recall the critically sampled filter bank reviewed in Section 2.3.2. First of all, the 

subband input signals Xj/m) and subband reference signals dim) are constructed in 

accordance with (2.28) and (2.29), respectively. A P x  1 vector of a priori error signal
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values for the z'th subband, e^m), is constructed by estimating the subband echo signal 

using the current and adjacent adaptive filter coefficient vectors at time m. In particular:

e i(m) = d_i( m - d ) - y  \m )  (6.1)

dj (m) = [dt (m) ••• d i( m - P + l)]r (6.2)

j>. (m) = X Ttl_{ (m)wM (m) + X*  {m)wt (m) + X Tii+l (m)wM (m) (6.3)

Ki, i -M )  = [xii_l (m) ••• x ii_l( m - P  +1)] (6.4)

Ki,i(m) = [xii(m) ••• x ii( m - P  + 1)] (6.5)

Ki,iAm) = [xji+l(m) ••• x .i+1( w - P  + l)] (6.6)

where x i j (m) = [xi j (m) x i j {m-Y) ■■■ xi j ( m - N D+ l)]r represents a tap-input

vector of length No samples. An estimate of the gradient vector for each subband is 

constructed such that it forces the a posteriori error signal vector to zero. The resulting 

adaptive filter update for the zlh subband is given by the following equations:

(m +1) = w; (m) + pYdi (m) (6.7)

VJ,. ini) = (m)C:1 (m)e^  (m) + X i4 (m)C~x (m)et (m)

C, (m) = X Tt ._x ( m )X . M (m) + X j 4 (m )X i4 (m) + X  (m )X iM (m) + S i  (6.9)

where C,(w) forms an estimate of the input signal autocorrelation matrix, and f i is the 

step-size parameter. Equation (6.9) has a small scalar regularization parameter 8 to avoid 

potential stability problems while calculating the inverse of the matrix C;(«). An 

alternative viewpoint is that the update equation at each time interval minimizes the per- 

sample change in adaptive filter coefficient values subject to the P th-order constraints of
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(6.1) -  (6.6). As before, for subbands i = 1 and i = M, (6.3) -  (6.9) are adjusted to 

remove terms involving subbands i -  1 and i + 1, respectively. Note that for P  = 1, 

subband AP reduces to the original subband NLMS algorithm of Section 6.2.2.

6.2.2 Convergence Analysis

In this section a convergence analysis of subband AP is presented for the case of M=  

2 subbands. First of all, let £\(m) and £i{m) represent the No x 1 error vectors between

the optimal and estimated adaptive filter vectors at time m for subbands 1 and 2,

respectively:

=  (6 .10)

£ 2 (m) = w2 (m) -  w_2 (m) (6.11)

Substituting (6.10) and (6.11) into (6.7) yields the adaptive filter update equations in 

terms of the error vectors as follows:

£ t (m + 1) = f , (w )-//V J, (m) (6-12)

£_2 (m +1) = £ 2(m )-  juY_J2 (m) (6.13)

Writing the subband error signal vectors in terms of (6.1) and (6.3), the adaptive filter 

error vectors of (6.12) and (6.13), and the steady-state prediction error vectors E\(m) and 

E2 (m) gives:

e, (m) = Xj[ {£ { (m) + X ^ 2£ 2 {m) + (m) (6.14)

e2(m) = X j 2£ i(fn) + X T2aS 2(m) + K i ( m) (6.15)
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Now substitute (6.14) and (6.15) into the gradient estimate vector of (6.8) and, in turn, 

(6.12) and (6.13). This results in the following adaptive filter coefficient error update 

equations:

£ x (m + 1) = £ x(m)

From this point on the independence assumption is employed, in particular by 

assuming that the input signal x(ri) and optimal adaptive filter vectors w\(m) and w2(m) 

are stationary, and that the steady-state prediction error vectors E\(rri) and Ejim) are zero- 

mean random processes independent of the input signal [44], With the assumptions 

above, taking the expected value of equations (6.16) and (6.17) yields:

“  /*{£., (m)[XTxx (m)£ j (m) + X x2 (m)e2 (m) + E x (w)]} (6.16)
-  //{Wi 2 (m)C~l (tn)[XjX2 {m)£x (m) + X T2y2 (m)e2 (m) + E 2 (m)]}

£ 2(m + 1) = £ 2(m)

-  n { x u2 (m)£2' ("*)[£u (m)£i (m) + Ki ,2 (m)£i (m) + Ki ("*)]} (6-17) 
- M{X22(m)C~2 (m)[Xl2(m)£x (m) + X [ 2(m)£2(m) + E 2(m)]}

E{£_x{m + \)} 
E{£2{m + \)}

(6.18)

(6.19)

A = X lx (m)Cx 1 (m)Xjxx (m) + X X 2 (m)Cx 1 {m)Xjl2 (m) (6 .20)

B = X u (m)C~x (m )XTx l (m) + X l 2 (im)C~x (m ) X { 2 (m) 

C = X x 2 {m)C~2 (m)X[x (m) + X 2 2 (m)C2 (m )XTl 2 (m)

(6 .21)

(6 .22)

D = X u  (m)C2 {m)X[2 (m) + X 2 2 (w )C '1 (m)XT2 2 (m) (6.23)
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From (6.18) it is clear that the rate of convergence of the expected adaptive filter error

original input signal x{n) consists of white noise, O reduces to a 2ND x 2ND diagonal 

matrix with components equal to the one-half of the input signal variance. In general, the 

sub-matrices B and C are non-zero, which implies that the convergence of the two 

subband coefficient vectors is dependent on each other. In [87] an analysis of AP for the 

single-channel (fullband) case showed that for small step size (ju «  1) and projection 

order P, the progression of the mean square error can be approximated by the following:

covariance matrix of the input signal, and Ai are the eigenvalues of R^. For subband AP, 

experimentally it was found that in many cases the matrix O is dominated by the “in- 

band” terms, and so the sub-matrices B and C are relatively small compared to the sub

matrices A and D, In other words:

vectors depends on the eigenvalue spread of the matrix O. For the case where the

(6.24)

a  =  n ( 2 - / i i ) (6.25)

(6.26)

2
where oy is the variance of the echo signal, N  is the length of the system, R ^  is the N  x N

A ~ X_x;1 (m)C,1 (m ) l[ ,  (m) (6.27)

R ,C ~  0 (6.28)

D ~ K 2,2 i m ) Q i  { m ) X T22 ( m ) (6.29)
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After substituting the equations above into (6.18), (6.24) -  (6.26) can be used to 

approximate the mean square error convergence of subbands 1 and 2 by replacing RxX 

with the autocorrelation matrices of ) and *2,2(m), respectively.

6.2.3 Computational Complexity

A straightforward implementation of AP for the single-channel (fullband) case 

requires approximately 2NP + PmvP1 multiplications per sample, where N  is the length of 

the fullband adaptive filter, P  is the projection order, and PINV is a constant term 

representing the cost of calculating a P  x P  matrix inverse [61]. Employing a similar 

implementation for subband AP requires approximately NdP(3M -  2) + No(3M -  2 ) + 

Pinv̂ M -  2) multiplications per sample, where ND is the subband adaptive filter length 

and M  is the number of subbands. However, it is important to note that processing is 

performed on downsampled data. If the length of the system is large compared to the 

analysis and synthesis filter lengths (N  »  NH, NP), then subband AP requires

approximately iV(i’̂ M"2) + P,NrP ̂ 3M~2) multiplications per fullband sample, which is a

significant reduction from the fullband case. Figure 6.1 shows the complexity in 

multiplications per sample for fullband NLMS / AP compared to subband NLMS / AP as 

a function of fullband adaptive filter length. As outlined in the introduction, the use of a 

filter bank employing critical sampling allows a maximal reduction in computational 

complexity compared to using an oversampled filter bank as in [69]. For example, the 

complexity of subband AP with projection order of P = 4 using M  = 4 subbands is less 

than that of fullband AP with projection order of P = 4. Techniques are available to 

further reduce the complexity of subband AP, such as estimating the correlation matrixes
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Qim) using a sliding window [69], Although not explored further in this section, it may 

also be possible to derive a “fast” version of subband AP similar to the fast affine 

projection algorithm and its variants [61].

10 l i l l l l i i l l i i l i l l l l l i

1 0 .

— NLMS 
— AP(2) 
— AP(4)

500 1000 1500 2000 2500
NUMBER OF TAPS (FULLBAND)

(a)

10

— SUBBAND NLMS 
— SUBBAND AP(2) 

SUBBAND AP(4)
500 1000 1500 2000 2500

NUMBER OF TAPS (FULLBAND)

(b)
Figure 6.1 -  Complexity of fullband and subband adaptation algorithms as a function of fullband 
adaptive filter length for (a) fullband NLMS / AP and (b) subband NLMS / AP (M = 4 subbands).

6.2.4 Simulation Results

6.2.4.1 Simulation Setup

In this study an M-channel pseudo-QMF filter bank was employed for the adaptive 

filter structure [88]. FIR, linear phase lowpass prototype filters po(n) were designed
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using the Parks-McClellan algorithm, with a stopband edge at cos = 7t I M  and a passband 

edge adjusted to minimize the following objective function [43]:

max
0 <oxn IM

P0(eJa,)\2 +\P0(eKca-*/M))\2 - I (6.30)

Prototype filters were constructed for M  -  2, 4, and 8 subbands, and for each filter the 

length Np was chosen to achieve a stopband attenuation of 100 dB. Figure 6.2 shows the 

magnitude responses of the prototype filters. The analysis and synthesis filters for the 

subband, hfat) and f(n),  were obtained by cosine modulation of the lowpass prototype 

filter in accordance with [88]:

^  (n) = 2p 0 {n) cos[(/ + })(« f  + (-1)' f  ]

f t (») = 2p 0 (n) cos[(i + \){n -  f  -  (-1)' f  ]

(6.31)

(6.32)

The simulated echo path of length N  = 500 samples from Figure 3.3 was employed in 

the following simulations. The echo signal y(n) was constructed by convolving the input

— M = 2
~M = 4

M = 8

LLl "50

CD -100 
<

0.2 0.4 0.6 0.8 1
NORMALIZED FREQUENCY

Figure 6.2 - Magnitude responses of lowpass prototype filters for M  = 2 ,4 , and 8 subbands.
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signal x{ri) with the impulse response, to which background noise was added to produce 

the reference signal d{n). Throughout this study a sampling rate o f /s = 8 kHz was used. 

Two sets of input signals were used, colored noise and speech. The noise input signal 

was a stationary 10th-order autoregressive (AR) process whose power spectrum is shown 

in Figure 6.3(a). The AR coefficients were {-0.888, 0.558, -1.374, 0.533, -1.137, 0.683,

0.055, 0.057, -0.383, 0.067}. In addition, a 40-second input signal consisting of 

continuous speech from a male speaker was obtained, as shown in Figure 6.3(b). Two 

configurations of the critically sampled subband adaptive filter structure were compared: 

the subband NLMS algorithm from Section 6.2.2 and the subband AP from Section 6.3.1. 

In the simulations projection orders of P  = 2, 3, and 4 were used. Performance was 

measured using the mean square error (MSE) of the fullband error signal obtained at the 

synthesis filter bank output. For comparison, results were also obtained for fullband 

implementations of NLMS and AP.
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Figure 6.3 -  (a) Power spectrum of autoregressive noise input signal; (b) test input signal consisting

of continuous speech from a male speaker.

6.2.4.2 Convergence and Tracking

Figures 6.4, Figure 6.5, and Figure 6.6 show the MSE as a function of time for M =  2, 

M  = 4, and M  = 8 subbands, respectively, compared to subband NLMS (P = 1). For 

comparison, Figure 6.7 shows the MSE obtained using fullband implementations of 

NLMS and AP. In this simulation the colored noise input signal, a step size of fl  = 0.5, 

and white background noise of -60 dB power were used. From these results several 

important observations can be made. First of all, in theory increasing the number of
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subbands should whiten the signal in each subband and increase the rate of convergence 

of the subband NLMS algorithm of Section 2.3.2. However, this effect depends on the 

input signal spectrum, and in this experiment there is little difference in the MSE between 

M  = 2 and M  = 4 cases for the subband NLMS algorithm. It is not until the number of 

subbands is increased further, to M  = 8, that an increase in performance is observed for 

subband NLMS. In addition, it is quite clear from Figures 6.4 and 6.5 that the subband 

AP of Section 6.2.1 introduces a considerable improvement in convergence rate even for 

a relatively small number of subbands and for low projection orders of P = 2 and P = 3. 

One possible reason is that the whitening effect of employing a subband decomposition is 

of more assistance to the AP algorithm than NLMS. It is known that AP with a 

projection order of P  can completely decorrelate an autoregressive input signal process of 

the same order [59]. By partially decorrelating the input signal in each subband, this may 

reduce the “effective” order of the input signal process further. Finally, the results also 

reveal that the performance improvement diminishes as the projection order increases. 

This is in agreement with previously published experiments with Affine Projection [87].

In applications such as acoustic echo cancellation, the echo path impulse response is 

often time-varying, so it is important to compare algorithms with respect to re

convergence due to a change in the unknown system. Figure 6.8 shows the MSE as a 

function of time for the case of M  = 8 subbands with a change in all of the impulse 

response coefficients occurring at n =  25000 samples. For comparison, Figure 6.9 shows 

the outcome of the same experiment using fullband implementations of NLMS and AP.
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From these results it is clear that the performance improvement obtained by using 

subband AP remains even during a re-convergence of the adaptive filter coefficients.

— SUBBAND NLMS 
— SUBBAND AP(2) 
— SUBBAND AP(3) 

SUBBAND AP(4)

SAMPLE (x10 )

Figure 6.4 -  Fullband mean square error during initial convergence for M =  2 subbands using 
subband NLMS and subband AP (P  = 2 , 3,4).

co 
u i - 1 0  m
uj - 2 0  Q
W  o nco -30

<CO
-40

-50

-60.

— SUBBAND NLMS 
— SUBBAND AP(2) 
— SUBBAND AP(3) 
 SUBBAND AP(4)

SAMPLE (x10 )

Figure 6.5 -  Fullband mean square error during initial convergence for M  = 4 subbands using 
subband NLMS and subband AP (P = 2 , 3,4).
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Figure 6.6 -  Fullband mean square error during initial convergence for M  = 8 subbands using 
subband NLMS and subband AP (P  = 2 ,3 ,4 ).
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Figure 6.7 -  Mean square error during initial convergence using fullband NLMS and AP (P  = 2 ,3 , 4).

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



134

w
0 - 1 0  
m
uj - 2 0Q
co -30 2 
Q 
Z  -40 
<  m

-50

-60.

1
— SUBBAND NLMS 
— SUBBAND AP(2) . 
— SUBBAND AP(3) 
— SUBBAND AP(4)HXTllV

t \ 'av\*Sr\

Vh'N A

__

i 
1 

1

SAMPLE (x10 )

Figure 6.8 -  Fullband mean square error in the presence of an echo path change at n = 25000 
samples for M =  8 subbands using subband NLMS and subband AP (P = 2 ,3 ,4 ).
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Figure 6.9 -  Mean square error in the presence of an echo path change at n = 25000 samples using
fullband NLMS and AP (P  = 2 ,3 ,4).

6.2.4.3 Experimental Results

To verify these results in a physical environment, the speech input signal was played 

through a Tannoy Reveal loudspeaker in the conference room described in Section 3.1. 

The input and reference signals were fed into the subband NLMS and subband AP 

algorithms, both with M  = 4 subbands and a step size of // = 0.25. For subband AP a 

projection order of P = 4 was used. For comparison, fullband NLMS and AP (P  = 4) 

were applied to the same input signal and echo path. The noise floor of the room was
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measured beforehand to be approximately -50 dB, and Figure 6.10 shows the measured 

room impulse response for N  = 2500 samples obtained using subband AP. Figure 6.11 

shows the MSE from both fullband and subband configurations. In this case it is clear 

that subband AP converges significantly faster than fullband NLMS / AP and slightly 

faster than subband NLMS, even using low projection order, resulting in 5 -  10 dB lower 

average MSE over the course of the simulation.
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Figure 6.10 - Room impulse response measured using subband AP with a speech input signal (AT = 4
subbands, P  = 4).
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Figure 6.11 -  Comparison of mean square error performance of speech input signal using (a) 

fullband NLMS / AP (P = 4); (b) subband NLMS / AP NLMS (M = 4  subbands, P  = 4).

6.2.4.4 Verification of Convergence Analysis Model

To verify the convergence analysis model presented in Section 6.2.2, the experiment 

conducted in Section 6.2.4.2 was re-run for M  = 2 subbands using subband AP with a 

projection order of P  = 2. The same echo path impulse response, colored noise input 

signal and background noise conditions were employed, but with a smaller adaptation 

step size of fi = 0.1. Figure 6.12 shows the MSE as a function of time for subbands 1 and 

2, compared to the theoretical MSE evolution of the two subbands calculated using (6.24)
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-  (6.26) under the assumptions of (6.27) -  (6.29). It is clear in this case that the 

theoretical MSE provides a good approximation to the actual MSE convergence.

SUBBAND 1 (THEORETICAL) 
SUBBAND 1 (ACTUAL) 
SUBBAND 2 (THEORETICAL) 
SUBBAND 2 (ACTUAL)

SAMPLE (x104)

Figure 6.12 -  Theoretical mean square error calculated using (6.24) for subbands 1 and 2 (M  = 2 
subbands), compared to measured mean square error as a function of time.

6 .3  Doubletalk Detection in CS-SBAF Structures

In Chapter 4 it was shown that statistically optimal doubletalk detection thresholds, 

and the resulting performance, are dependent upon the echo to noise ratio (SNR). Since 

in practical echo canceller implementations the input and noise signals are not spectrally 

flat, a natural question is whether doubletalk detector performance can be improved by 

incorporating frequency-dependent doubletalk decisions. To address this question, in this 

section it is shown that the cross-correlation-based doubletalk detector of [16] can be 

derived for use in the critically sampled subband adaptive filter structure of [68]. The 

result is a per-subband doubletalk detector that is responsive to near-end speech within 

each subband, and capable o f  independently controlling adaptation o f  each o f  the 

subband adaptive filters. Methods for adaptive calibration and bias compensation, 

presented in Chapter 4, are shown to be easily adapted for use in the proposed subband
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doubletalk detector. Computer simulations are presented to investigate the performance 

of the structure in terms of doubletalk detection.

6.3.1 Algorithm Derivation

The algorithm described in this section is based on the normalized cross-correlation 

between the subband input and subband reference signals. It is an extension of the 

doubletalk detector introduced in [16] for fullband echo cancellers, and the derivation 

follows similarly. First of all, assume that each subband echo signal can be perfectly 

constructed using the true subband echo path impulse responses Wj(m) and subband input 

signals, and also assume that the near-end speech is uncorrelated with the echo signal. 

The reference signal in the ith subband, dfon), can be obtained from (2.31):

di O )  = y, (m) + v, (m) = x u_x (w)wM + x u {m)w, + x iM (m)wM + v, (m) (6.33)

where Xjj(m) represents the No x 1 subband input signal vector generated by (2.28), w, is 

the Nd x 1 true echo path impulse response vector for the zth subband, and v,(zw) is the 

subband near-end speech signal. Since the analysis filters are assumed to have high 

stopband attenuation in non-adjacent subbands, the expected subband echo signal 

variance can be written as follows:

= E[y] (tn)\ = + wf Ru w, + m +lRiMwM (6.34)

where Rjj = E[x,j(m)x,j(m)\ is the ND x ND cross-correlation matrix between the subband 

input signal vectors ) and x ^ m ) ,  for 1 < i , j  <  M. N ow  consider the cross-correlation 

vector between the subband input signal vector x^(w) and the scalar subband reference 

signal di(m), denoted ru . Assuming that the near-end speech in the subband, Vi(m), is
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uncorrelated with the input signal, substituting (6.33) into the cross-correlation vector 

equation yields the following:

Li, ,  = E [ x ij ( m ) d i (m)]

= E  o ) i> , o ) + vi (m)]} 3 5 ^

=  E{xti (w)wM + x Tit ( m ) w t + (m ) w M + v, (m)]}

=  W j-l +  R i , i  i f /  +  R i , i +1 W/+1

Assuming that and R j j + i  are small compared to Rjj then w t can be approximated 

by inverting the autocorrelation matrix Rj , i -  Following similar arguments one can 

construct approximations for and wj+i as well:

(6.36)

W i ^ R u i L i j  (6.37)

W/+i ~ Run Urn (6.38)

Substituting (6.36) -  (6.38) into (6.34) provides an estimate of the subband echo 

signal variance in terms of the subband input signal cross-correlation matrices, and the 

cross-correlation vectors between the subband input and reference signals:

+ d iK ijL ij + d ,M E di!-i,M  (6-39)

Finally, a normalized doubletalk detection statistic can be obtained by dividing the right- 

hand side of (6.39) by the measured subband reference signal variance and taking the 

square root of the result:

U i - i  R i , i - 1 L U n  +  L u  R u  L u  +  L u + i  R u n  U m  
 2  (6 ‘40)
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Equation (6.40) represents the ratio of the expected to actual subband reference signal 

variances. Clearly ^  = 1 in the absence of doubletalk, otherwise the denominator 

contains an additional term from the subband near-end speech signal v,{m), resulting in £  

< 1.

6.3.2 Implementation Considerations

The input and reference signals in (6.40) vary with time, so a practical

implementation of the doubletalk detection statistic is a time-varying function £,{m) 

obtained by estimating the parameters at each sample:

The detection statistic in (6.41) requires estimates of three Nd x 1 cross-correlation 

vectors between the subband input signals and the subband reference signal. As shown in 

Section 2.4, these parameters can be estimated by employing an estimation window of K  

samples over which they are averaged. Similarly, the reference signal variance in each 

subband can be estimated using a standard unbiased variance estimator over a window of 

K  samples:

O )

(6.41)

1 £=!
(6.42)

(6.43)

(6.44)
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2

&  — A t=o |_ j= o
(6.45)

However, it is also necessary to estimate three Nd x Nd cross-correlation matrices of 

the subband input signals as well as their inverses. These are expensive operations, 

particularly if a doubletalk decision statistic is required for each of the M  subbands. One 

way to avoid this problem arises once the subband adaptive filters have converged. In 

this case it is possible to utilize the adaptive filter coefficient vectors to approximate

(6.36) -  (6.38), which in turn can be substituted into (6.41). Following this procedure 

yields a simplified doubletalk detection statistic:

variability in the resulting value of (6.46). Chapter 4 showed that one can construct 

statistically optimal doubletalk decisions by comparing the detection statistic to 

thresholds adaptive to changes in the SNR. This approach is now extended by comparing 

each subband detection statistic %i(m) to a per-subband adaptive detection threshold. First 

of all, in Section 4.2 it was shown that the bias effect of background noise 7j(n) in the 

environment may be compensated by adding an estimate of the noise variance to the 

numerator of the doubletalk detection statistic. Since background noise is typically not 

spectrally flat, it makes sense to apply an estimate of the noise variance within each 

subband to the corresponding detection statistic as follows:

(6.46)

6.3.3 Robust Subband Doubletalk Detector Calibration

Since the detection statistic’s parameters must be estimated in practice, there will be
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S -10 )  wM (w) + r £ (w) w4 (w) + f i M  (im)wM (m) + d ] t
a 2 /  \

a dJ( m )

Section 4.4 presented two algorithms for constructing adaptive doubletalk detection 

thresholds based on either a desired maximum probability of false alarm (PF) or 

probability of miss (P m) based on (4.2) and (4.3). It is straightforward to adapt these 

algorithms to provide per-subband adaptive doubletalk detection thresholds, TPFi(m) and 

TpM,i(m), respectively, by following the same procedures outlined in Section 4.4:

1. Assuming the background noise is stationary or slowly time-varying, estimate the 

noise variance in each subband from the reference signal during quiet periods:

-K- t k=0
di(m -k)--^- 'Y_idl( m -  j )

j= 0

(m) = A & l  (m -1) + (1 -  (m)

(6.48)

(6.49)

2. Estimate the near-end speech variance within each subband, <jyj(m), from the

estimated echo signal within each subband:

= tt- r Z Vi - *)“ T  Z (m - ■/)& 1 t=n A. j - q

&yj (m)  =  M 2yJ (m  - 1) ■+ (1 -  X ) d P  (m)

(6.50)

(6.51)

3. Use the estimated noise and near-end speech variance to construct the probability 

density functions of the per-subband detection statistics using (4.24) or (4.33), and 

select the detection threshold giving the desired maximum PF or Pm-
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T(m)

TPp i (m) = T(m) such that P [£  (m) <T(m)\Hl\ = PF -> J/3 [£  (m) | Hl ]dt, = (6.52)
£(>*)=o

oo

r /w,;(w) = r (™) such that P[&(m) > T(m) | i / 0] = -» |/h [^ (w) I = P m  (6-53)
#j (m)=7'(m)

As noted in Section 4.4, it is possible to use a single lookup table to provide pre

computed values of TpFii(m) or TPMli{m) as a function of the per-subband SNR and a given 

maximum Pp or Pm-

6.3.4 Simulation Results

6.3.4.1 Simulation Setup

The same M-channel cosine-modulated filter bank used in Section 6.2 was employed 

for these sets of simulation results [88]. The prototype filter po(n) was designed for M  =

16 subbands with a stopband attenuation of approximately 100 dB. A plot of the filter’s 

magnitude response is shown in Figure 6.13. The simulated echo path impulse response 

of length N  = 500 samples in Figure 3.2 was employed, and normalized such that wTw = 1 

to equate the echo signal power to the far-end input signal power. Ten sequences of input 

and near-end speech sequences were obtained from the TIMIT database, with their 

average powers adjusted to obtain a desired near-end to echo signal power ratio (NER). 

Stationary, white background noise with an average SNR of 30 dB was added to the

'y
reference signal, and assumed to be of known variance o %i in each subband. The noise- 

compensated subband doubletalk detector of (6.47) was evaluated compared to the 

fullband doubletalk detector of (4.9). In both cases it was assumed that the adaptive filter 

had converged, and variability in the echo paths was modeled by applying white noise
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modulation with variance 0.01. Cross-correlation vectors and reference signal variances 

were estimated using K  = 15 samples for each subband, and K  = 200 samples for the 

fullband. Adaptive detection thresholds for each subband were constructed using (6.53) 

for Pf < 0.1 by estimating the near-end speech variance using (6.50) and (6.51) with a 

smoothing factor of A = 0.98.

50

NORMALIZED FREQUENCY 

Figure 6.13 - Magnitude response of iowpass prototype filter for M =  16 subbands.

6.3.4.2 Comparison of Subband and Fullband Doubletalk Detector Performance

Figure 6.14 shows the probability of miss (Pm) as a function of the fullband NER 

averaged over all doubletalk periods for the ten pairs of input and near-end speech 

sequences. For the subband doubletalk detector, Pm is shown for the detection statistics 

in the first four subbands. At low-to-moderate levels of near-end speech (NER in the 

range of -25 to -10 dB), the doubletalk detectors for subbands 2 and 3 (250 -  750 Hz) 

provide a lower PM than the fullband doubletalk detector. However, the Pm for subbands 

1 and 4 (0 -  250 Hz and 750 Hz -  1 kHz, respectively) are considerably higher than the 

fullband doubletalk detector. Section 4.3 showed that the expected Pm is dependent on 

both the SNR of the echo signal, and the relative near-end speech power, which implies
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that these marked differences in performance can be explained by examining the 

relationships between echo, noise, and near-end speech signals in each of the subbands. 

Figure 6.15(a) shows the ensemble average of the ten echo signal power spectra 

compared to the power spectrum of the background noise. The ensemble average of the 

ten near-end speech power spectra is shown in Figure 6.15(b) for NER = 0 dB. Although 

the SNR of the echo signal is 30 dB on average, the per-subband SNR differs 

considerably, up to 40 dB in the 500 Hz -  1 kHz bands, down to nearly 20 dB in the 3 -  4 

kHz bands. Another explanation for the differences is that the near-end speech power 

spectrum varies between -2.5 to 7 dB from the echo signal. In practice, the near-end 

speech power spectrum is generally not known. Therefore, the results of Figure 6.14 and 

Figure 6.15 suggest that in general, better overall doubletalk detector performance may 

be obtained by calculating a detection statistic in subband(s) enjoying the highest SNR.

-•-FULLBAND 
SUBBAND 1 
SUBBAND 2 ‘ 

— SUBBAND 3 
— SUBBAND 4 .

i_

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

NER (DECIBELS)

Figure 6.14 -  Comparison of fullband and subband doubletalk detection statistics (4 out of 16 
subbands) employing adaptive detection thresholds: probability of miss (PM) as a function of fullband

NER for PF< 0.1.
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Figure 6.15 -  Comparison of echo, background noise, and near-end speech power spectra; (a) 

ensemble average of echo signal power spectra compared to noise power spectrum; (b) ensemble
average of near-end speech power spectra.

6.4 Summary

This chapter presented adaptation and control algorithms for echo cancellers 

employing the recently proposed critically sampled subband adaptive filter (CS-SBAF) of 

[68], Section 6.2 presented a subband AP algorithm suitable for use in the structure. A 

convergence and computational complexity analysis of the algorithm was presented, 

which revealed that the convergence rate of each subband is dependent on that of 

adjacent subbands. This is in contrast with oversampled structures for which the
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adaptation of each subband is relatively independent. In addition, it was shown through 

simulation results that even with filter banks employing a small number of subbands, the 

subband AP algorithm can provide an improved rate of convergence for correlated 

signals than fullband AP. Section 6.3 presented a subband normalized cross-correlation- 

based doubletalk detector algorithm suitable for use in the CS-SBAF structure. It was 

shown that robust doubletalk detector calibration methods, proposed in Chapter 4, may be 

easily applied to subband doubletalk detectors. Simulation results comparing the 

structure with a fullband doubletalk detector showed that per-subband detection statistics 

can produce a lower probability of miss due to differences in SNR between subbands.
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Chapter 7 Echo Canceller Structures for VoIP

7.1 Overview

As reviewed in Chapter 2, a current trend is the delivery of voice services over 

packet-switched networks, or VoIP. Packet-based networks exacerbate the echo 

cancellation problem by introducing longer round-trip delays, as well as the possibility of 

vocoder distortion in echo paths. Typical speech codecs employed in VoIP include ITU- 

T G.729, G.723.1 (narrowband), and G.722.2 (wideband) [18], [19], [102]. In a typical 

configuration, speech decoders and encoders are employed at locations where time- 

domain speech signals are generated or reconstructed. In an IP-based speakerphone, 

compressed speech frames from the network are decoded into time-domain samples 

before playback over the loudspeaker. Similarly, at a VoIP / PSTN gateway as shown in 

Figure 2.9, compressed speech frames are decoded to linear PCM and then to ITU-T 

G.711 for entry into the PSTN. In both situations, speech signals are reconstructed from 

a parametric representation, and after processing, are re-compressed into parametric 

form. A natural question, addressed in this chapter, is whether echo canceller adaptation, 

doubletalk detection, and post-filtering algorithms can be enhanced, either by increasing 

performance or reducing computational complexity, by employing information available 

from LPC-based representations of speech input signals.

The sections o f  this chapter are organized as follows. Section 7.2 describes a simple 

NLMS-based adaptation algorithm for echo cancellation, and a normalized cross

correlation-based doubletalk detection algorithm, both of which take advantage of

148
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intermediate signals available from LPC-based speech decoders. Section 7.3 introduces a 

post-filtering algorithm for suppressing residual echo resulting from vocoder distortion 

along the echo path. Finally, in Section 7.4 the primary results and conclusions of this 

chapter are summarized.

7.2 Decorrelated NLMS and Doubletalk Detection Using LPC- 
Based Speech Parameters

In this section an adaptation algorithm for echo cancellers is presented based on 

combining a low-bit-rate LPC-based speech decoder and NLMS, reviewed in Sections

2.6.1 and 2.3.2, respectively. A block diagram of the echo canceller structure is shown in 

Figure 7.1 and briefly described as follows. Compressed speech frames are received at 

the network interface and used to reconstruct the input signal x(n) in accordance with 

(2.53) and (2.54). Echo is estimated and subtracted from the reference signal to produce 

an error signal e(n). However, the adaptation algorithm employs the short-term 

excitation signal from the speech decoder as an input signal, and preprocesses the error 

signal with a bank of filters constructed from the current and previous sets of LPC 

synthesis filter coefficients from the speech decoder. This has the effect of decorrelating 

the input signal, resulting in an increased rate of convergence in the presence of 

correlated input signals such as speech. The system is described in more detail in the 

following subsections.
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c{ri) x(n)LPC
Synthesis

LPC-Based Speech Decoder xj(n)

e{ri) d(n)

R Q

Pitch
SynthesisCodebook

J(n-2B, 0

An, i)

Figure 7.1 - Block diagram of the decorrelated NLMS and doubletalk detection algorithms 
employing LPC-based speech decoder parameters.

7.2.1 Decorrelated NLMS Algorithm Derivation

The adaptation algorithm presented in this section is based on a reformulated version 

of the Filtered-X LMS algorithm described in [7] and [91], as shown in Figure 7.1. First 

of all, assume that the reference signal in Figure 7.1 contains only echo y(ri) and 

background noise 7]{ri) signals. Recall from Section 2.6.1 that the input signal x(n) is 

reconstructed from the excitation signal, pitch period, and LPC parameters from 

compressed speech frames using (2.53) and (2.54). Assuming an FIR adaptive filter of 

length N  samples, let Awj(ri) = w/n) -  Wj (n) be the adaptive filter error between the y'th

true and estimated impulse response coefficients at time n, for 0 <j < N  -  1. Combining 

this with (2.2) gives the error signal as the convolution between the input signal and the 

adaptive filter error:
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N - 1

e(n) = '£&wj ( n )x ( n - j )  + 7j(n) (7.1)
7=0

Substituting (2.54) for x(ri) in (7.1) gives an expression of the error signal as a

function of the current and previous sets of LPC synthesis filter coefficients over the

duration of the target impulse response, and the short-term excitation signal r{ri):

N - 1 M

e(ri) = Y j ( n ) Y  (« -  j ,  *>(« - i - j )  + r ( n -  j ) + Tj(n) (7.2)
j =0 *=1

In [91] a time-varying FIR decorrelation filter fin,i) is applied to the input x{ri) and 

the error e(n) to form filtered input and error signals, respectively:

F - 1

Xf(n) = Y / ( nJ )x (n - i) (7-3)
i=0

e/ («) = 2 / ( " ’/)e( " -z ') (7-4)
i=0

where F  is the length of J(nJ). These filtered signals are employed in the normalized 

LMS filter coefficient update instead of the original input and error signals as follows:

- / in w  a Fef (”)xf ( n - l )w,(n + l) = wl(n) + — - (7.5)
7 .  x 2f ( n - k )  + S
k =0

where / is the adaptive filter coefficient to update, for 0 < I < N  -  1, and // is the 

adaptation step size. Ideally xj(n) represents a decorrelated version of the input signal, in 

which case ej(n) would be proportional to the convolution of the filtered input and the 

desired impulse response:

V - l  F - l

ef  (n) ~ X  Aw,- («)*f ( n - j )  + YL ~ 0 (7-6)
/'=0 1=0
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In this case the expected value of the instantaneous gradient estimate in an NLMS 

adaptation would be directly proportional to the adaptive filter error vector:

E\ef (n)xf (n — l)\ = E

= E

N - 1 F - 1

Z  Awj («)x/  ( « -  j ) + Z  /("> o*7(» -  o  K
7=0 ;=0 

N - 1

X  Awy (")x /  (” -  /  (« -  0
7=0

AM
= Z  Aw7 (n)E ix f  ( « -  y)x /  ( « -  0]

(7.7)

7=0A'-l
= Z AW7(.n)ff2x{S U - I )

7=0

= Aw;(«)c7x2f

where a \  is the variance of xj(n), and 0 < / < N  -  1. This is equivalent to filtering

uncorrelated noise, and the convergence rate is no longer dependent upon the eigenvalue 

spread of the input signal’s correlation matrix [44],

From (2.54) it is clear that one possible choice for the decorrelation filter is the 

inverse of the all-pole LPC synthesis filter at time n:

/(« ,0 ) = 1; f (n ,k )  = - a m(n,k) 1 < k < M  (7.8)

Substituting (2.54) and (7.8) into (7.3) reveals that using the LPC synthesis filter 

coefficients produces a filtered input signal xj{n) that is simply r(n), the short-term 

excitation signal from the speech decoder:

F - 1

xf  o o = Z
i=0
M

M
Y ,  am (n -  i, j)x(n -  i -  j)  + r(n -  i)
7=1

= Z  7) “  am (”> 7)]*(» -  j )  + K«)
7=1

= r(n)

(7.9)
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Recall that in model LPC-based speech coders, the short-term excitation signal is 

formed from a pseudorandom codebook signal c(ri) and a single-pole pitch synthesis filter 

[81]. Therefore, it is predicted that r{n) will represent a less correlated version of the 

speech input signal than x(n), an assumption investigated in Section 7.2.3. Even if r{n) is 

uncorrelated, to achieve some benefit from using the LPC synthesis filter coefficients as a 

time-varying decorrelation filter, it is also required that (7.6) holds, or in this case:

ef  ”  Z  Avvy ("M ” -  j ) + Z  / ( ”> -  0  (7-10)
j=0 i=0

Expanding the filtered error signal of (7.4) in terms of (7.2) yields the following 

expression for e/rt):

F - 1 N - 1 M

ef(n) = “  0 E am ( n - i ~  j ,k)x{n - i - j - k )  + r(n -  i -  j )
;=0, 7=0 *=, (7.H)

i= 0

From (7.11) it can be seen that ejri) is a function of the current and previous LPC 

synthesis filter coefficients, which may vary considerably in time for particularly long 

echo paths such as those common in acoustic echo cancellation (N  > 2000). Practical 

LPC-based speech coders typically employ a 10th-order LPC model (M =  10) and fix the 

LPC synthesis filter coefficients for the duration of a frame or subframe. Since the 

decorrelation filter length (F -  M) is relatively short, then the LPC synthesis filter 

coefficients can be assumed to be approximately stationary in the short term, or am(n — i — 

j ,  k) ~ am{n - j ,  k) for 0 < / < F  -  1. Furthermore, if a small adaptation step size is used (ju 

«  1), then the adaptive filter error vector is approximately steady in the short term, or
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AWj{n -  i) ~ AWj{ri) for 0 < i < F  -  1. Incorporating these approximations into (7.11)

allows the expression to be re-organized as follows:

N - \  F - 1 M

ef  (”) = Z  (”) Z  / ( ”> z’) Z 'am (n ~ J» - i ~ j ~ k )  + r(n -  i -  j )
7= 0  1=0 yt=l
F-l

i= 0 
tf-1

7=0 
F - l

!=0

(7.12)

Careful examination of (7.12) reveals that if the decorrelation fdter of (7.8) is applied,

then the approximation of (7.10) will hold only if the LPC synthesis filter coefficients are

stationary over the duration of the echo path, or am(n, k) -  am(n -  j ,  k) for 0 < j  < N  -  1.

In general this is not the case, and when (7.12) is applied to the NLMS update equation in

(7.5), the ideal instantaneous gradient estimate of (7.7) will only approximately hold, and

only for lower-order filter coefficients.

Therefore, define a new filtered error signal ej{n, I) that is a function of both the

current time n and the desired filter tap I to be updated in the NLMS coefficient update

equation, for 0 < / < N  -  1. In this case, a bank of decorrelation filters is constructed by

applying the inverse of the all-pole LPC synthesis filter employed by the decoder at time

n - 1:

f{n ,  0) = 1; f ( n , k )  = -ctm( n - l , k ) 1 < k < M  (7.13)

Substituting (7.13) into (7.4) gives the new filtered error signal efn, t) for use in the

NLMS filter coefficient update equation:

M  M

x{n -  7) -  Z  am («»0 Z  am (n ~j> k )x (n - i - j - k )  + r ( n - i - j )
/=! k=1
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ef (n,l) = Y j f ( n - l , i ) e ( n - i )  (7.14)
i= 0

w, (n +1) = w, (n) + (7.15)
^ r 2( n - k )  + S
k =0

Following the same process and assumptions used to determine (7.12), the filtered 

error signal of (7.14) can be represented by the following expansion:

AM

j=o
M  M

-  j )  -  X  am in - 1, O X  am (n -  j ,  k)x(n - i - j - k )  + r(n -  i -  j )
i=1 k =1

(7.16)

;=o

By filtering the error signal with decorrelation filter coefficients in effect at time n - l ,  

the error signal may become more like the ideal case presented in (7.10). It is difficult to 

model changes in LPC synthesis filter coefficients for time-varying signals such as 

speech. Another complication from (7.16) is that the background noise signal T](n) will 

be filtered by a bank of decorrelation filters, each potentially contributing a different 

noise gain in the gradient estimate of (7.15). Therefore, in Section 7.2.4 simulations will 

be used to investigate the proposed algorithm of (7.14) -  (7.15).

It is important to note that the proposed adaptation algorithm differs from 

conventional decorrelated NLMS in that the presence of LPC synthesis filter coefficients 

at the speech decoder avoids the need to periodically calculate decorrelation filter 

coefficients [7]. In addition, a bank of decorrelation filters is employed to produce a 

coefficient-varying filtered error signal for use in the NLMS coefficient update equation.
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7.2.2 Decorrelated Doubletalk Detector Algorithm Derivation

Let J{n, i) again denote the time-varying decorrelation filter of (7.13). Applying^", 0 

to the reference signal yields the following:

df (n) = Y Jf ( n , i ) d ( n - i )  (7.17)
i=0

Ideally x /n ) is completely decorrelated, resulting in a corresponding autocorrelation 

matrix that is diagonal and thus easily invertible. In this case, ideally d/ri) becomes 

proportional to the convolution of x/«) and the room impulse response:

N - 1 F-l

d f  (” ) ® X  wj W x f(.n ~ J )  + T i  W v (n ~  0 + ~ *)] (7-18)
j =0 i=0

Recall the cross-correlation-based doubletalk detection statistic of Section 2.4, and in 

particular the time-varying version of (2.42) formed from estimates of the cross

correlation vector and reference signal variance. Assuming that xj{n) represents a 

completely decorrelated version of the input signal, and that near-end speech and 

background noise are uncorrelated with the input signal, then the expected value of the 

cross-correlation vector between the filtered input and reference signals becomes a 

function of the filtered input signal variance:

e \x f  ( ri)df  ( « ) ]  =  E

=  E

JV-l F-l

£ /  X  wj -  j ) + X  / ( ”> oi>(» -  -  0]
[ j =0 i=0 J

N - 1

-  /  (”) X  w j ̂ ) x  f (n ~ j )
j =0

= Z  wj (n)E \-x f  (n)x 7')]
i =o

=criX % (« ) ^ ( . / )
j =0

=  o \f w(n)

(7.19)
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Assuming the adaptive filter has converged, replacing the input and reference signals 

in (2.42) with the filtered input and reference signals of (7.3) and (7.18) yields a 

simplified doubletalk detection statistic as follows:

£(») = .

l-X/df (n)w(n)

(«)

K  mUnyf *(B) | at (»)«-■ («)«(«)a_2 r \  T .

<*!(«) * l ( n )
(7.20)

Equation (7.20) represents a simplified version of the detection statistic of (2.42) in that 

the estimate of the cross-correlation vector has been replaced with an estimate of the 

filtered input signal variance, o \  . As in (2.40), the filtered input and reference signal

variances can both be estimated over a window of K  samples:

i  K - 1

(» )=— —  y
K - \ H

I K-1
xf ( n - k ) -  —  ̂ x f ( n - j )

A  y=0

(7.21)

(7.22)

7.2.3 Computational Complexity

If the short term excitation signal r(n) can be extracted directly from the speech 

decoder, then no computation is required to compute x/n)  from the input signal. 

Calculating would require NF  multiplications per sample if the LPC synthesis filter 

coefficients were time varying in n. In practice the synthesis filter coefficients are 

constant for the duration of a subframe and interpolated within frames of B samples, so 

an approximation is to use the per-frame LPC coefficients to calculate e/ji, I) in 5-sample 

blocks. In this case only ceil{ N I B ) filters are necessary to calculate efri, t) per sample 

period, each with a cost of F  multiplications. For example, ITU-T G.729 employs 80-
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sample frames and F  = M  = 10. For an echo path of length N  = 2000 samples, the 

decorrelated NLMS algorithm requires (2000 / 80) x 10 = 250 multiplications per sample 

to calculate e/n, I), increasing the NLMS complexity by approximately six percent. 

After decorrelation, the doubletalk detection statistic of (7.20) requires approximately 2K  

+ N  multiplications per sample, whereas the original detection statistic of (2.42) requires 

( N+l ) K + N multiplications per sample.

7.2.4 Simulation Results

7.2.4.1 Simulation Setup

The proposed algorithms were implemented using the LPC-based speech coder 

defined in ITU-T G.729A [18]. The reference code was modified to extract the short

term excitation signal r(n) and LPC synthesis filter coefficients am(n, i) from the decoder, 

and the speech signal x(ri) was reconstructed with post-filtering disabled. Tests were 

conducted using the echo path impulse responses shown in Figure 3.4 consisting of N  = 

2000 samples (250 ms). The performance of the decorrelated NLMS algorithm was 

compared to NLMS and to decorrelated NLMS employing a fifth-order decorrelation 

filter [7]. A step size of // = 0.1 was employed for all algorithms, and performance 

measured using ERLE and system distance. Two test signals were employed, a 

stationary 10th-order autoregressive process driven by white Gaussian noise, and 

concatenated continuous speech sequences from the TIMIT database downsampled to 8 

kHz [92]. Both signals were compressed using the reference ITU-T G.729A encoder, and 

white noise was added to the resulting echo signals to produce an average SNR of 40 dB 

in the reference signal. The performance of the doubletalk detection algorithm was
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compared to a full-complexity implementation using an adaptive decorrelation filter j{n, 

i) constructed for each frame using the Levinson-Durbin algorithm and autocorrelation 

function estimated over a window centered on the current frame with 50 percent overlap.

7.2.4.2 Statistics of Short-Term Excitation Signals

Section 7.2.2 assumed that the short-term excitation signal from the decoder, r(n), is 

significantly less correlated than the reconstructed signal x(n). This assumption was 

investigated by examining the condition number of the autocorrelation matrices for r(n) 

and x(n), which for a Toeplitz matrix is the ratio of maximum to minimum eigenvalues 

[44], It is known that for a diagonal autocorrelation matrix, corresponding to a 

completely uncorrelated signal, the condition number is one. The autocorrelation was 

estimated for M =  10 lags over frames of 160 samples (20 ms at f s = 8 kHz) over four 

seconds. Figure 7.2(a) and Figure 7.2(b) show the per-ffame condition numbers for the 

reconstructed AR(10) and speech signals, respectively, along with the those for the 

corresponding short-term excitation signals from the ITU G.729A decoder. The 

condition numbers for the excitation signals are low for both test signals, averaging 2.88 

for the AR(10) signal and 9.96 for the speech signal. In contrast, the autocorrelation 

matrices for the reconstructed AR(10) and speech signals have much higher condition 

numbers, which suggests that the excitation signal r{n) represents a good choice for use 

as a filtered input signal.
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Figure 7.2 -  Autocorrelation matrix condition number for excitation and output signals from ITU- 
G.729A decoder, calculated over 20 ms frames with M =  10 lags, for (a) stationary AR(10) and (b)

speech input signals.

7.2.4.3 Decorrelated NLMS Convergence and Tracking Performance

Figure 7.3(a) and Figure 7.3(b) show ERLE and system distance during initial 

convergence using the echo path impulse response of Figure 3.4(a) for the AR(10) input 

signal. Similarly, Figure 7.4(a) and Figure 7.4(b) show the same measurements for the 

speech input signal. For both the AR(10) and speech input signals, it is clear that the 

proposed LPC-based decorrelated NLMS produces a faster and more constant rate of 

convergence with respect to system distance, which is in agreement with the theoretical
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performance shown in (7.6). For the AR(10) input signal, after six seconds of adaptation 

the proposed algorithm achieves a steady-state ERLE approximately 20 dB higher than 

NLMS, and 10 dB higher than NLMS with fifth-order decorrelation. For speech input 

the ERLE was approximately 7.5 dB higher than both NLMS and decorrelated NLMS 

averaged over the 12-second signal duration. Figure 7.5(a) and Figure 7.5(b) show ERLE 

and system distance for speech input signals after switching from the echo path impulse 

response of Figure 3.4(a) to the one in Figure 3.4(b) after ten seconds. It is clear that the 

depth and rate of convergence of the proposed algorithm is similar during both initial 

convergence and after the change in echo path. In addition, the improvement in ERLE 

over NLMS remains approximately 7.5 dB on average during re-convergence.
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Figure 7.3 -  Convergence rate of LPC-based decorrelated NLMS algorithm for AR(10) input signal, 

compared to NLMS and NLMS with fifth-order decorrelation; (a) ERLE and (b) system distance.
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Figure 7.4 - Convergence rate of LPC-based decorrelated NLMS algorithm for speech input signal, 
compared to NLMS and NLMS with fifth-order decorrelation; (a) ERLE and (b) system distance.
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Figure 7.5 -  Tracking performance of LPC-based decorrelated NLMS for speech input signal with 

echo path change after 10 seconds, compared to NLMS and NLMS with fifth-order decorrelation; (a)
ERLE and (b) system distance.

7.2.4.4 Effect of Decorrelation Order on Doubletalk Detection Probability

Figure 7.6(a) shows a plot of the probability of miss (Pm) as a function of NER for the 

proposed algorithm, and for a full-complexity implementation with decorrelation filter 

orders of L = 1, 2, 5, and 10. The results were obtained by averaging doubletalk tests 

over ten sets of input and near-end speech signals from the TIMIT database for PF < 0.1 

with K  = 200 samples. The proposed low-complexity algorithm has the same doubletalk 

detection probability as the full-complexity implementation for the same decorrelation
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filter order (F = 10). Low-order decorrelation filters result in a degraded detection 

probability, likely because they cannot sufficiently whiten x{n) and the assumptions of 

(7.10) do not hold. Figure 7.6(b) shows the probability of miss for the proposed 

algorithm compared to the full implementation of (2.42) as a function of NER for K  = 

200 samples. At lower NER the miss probability is higher for the proposed algorithm, 

which suggests that there is higher variance in parameter estimates.
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Figure 7.6 - Probability of miss (PM) as a function of NER using K = 200 samples, PF <, 0.1 for LPC- 
based decorrelated doubletalk detector compared to (a) doubletalk detector using decorrelation 

filters of length F = 1 ,2 ,5  and 10 samples, and (b) full-complexity doubletalk detector.
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7.3 Post-Filtering in the Presence of Vocoder Distortion

One problem in VoIP and mobile networks is the potential for nonlinear vocoder 

distortion in the echo path, a problem reviewed in Section 2.6. Frequency-domain post

filtering algorithms are capable of suppressing residual echo to enhance near-end speech, 

but a key problem is obtaining estimates of the residual echo power spectrum. In this 

section, the effects of vocoder distortion on echo canceller convergence are investigated, 

along with the power spectrum properties of the resulting residual echo signal. A method 

is presented for estimating the residual echo power spectrum arising from nonlinear 

vocoder distortion, and compared with existing approaches in terms of near-end speech 

quality after post-filtering.

7.3.1 Effect of Vocoder Distortion in the Echo Path

Low-bit-rate speech encoders introduce nonlinear distortion into speech signals 

through quantization of LPC coefficients, pitch period and gains, and excitation signal 

parameters [18], [19], [21], In addition, decoders may employ a harmonic post-filter 

stage which introduces further nonlinearity. In the configuration of Figure 2.12, vocoders 

introduce distortion into the input signal x(ri) and reference signal d(n) entering the

network. Assuming negligible background noise and, optionally, the presence of near

end speech v{ri), the reconstructed signals can be written as the sum of the original and 

nonlinear distortion signals:

x(n) = x(n) + x NL(n) (7.23)

d(n) = din) + d NL (n) = [x(n) + xNL («)] 0  w(n) + v(n) + d NL («) (7.24)
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where xmin) and dmin) represent nonlinear distortion in the input and reference signals, 

respectively, and 0  denotes convolution. From (2.2) and assuming a linear echo path, the 

error and residual echo signals can be represented as follows:

e(n) =  x(n) 0  [w («) -  w («)] + xNL (n) 0  w(n) + v(«) + d NL (n) =  v(n) +  8{n) (7.25)

S(n) = x(n) 0  [w{ri) -  w(«)] + x NL («) 0  w(ri) + dNL (n) (7.26)

In [105] it was proposed to model the nonlinear distortion signals as autoregressive 

processes independent of the original speech signals. If no near-end speech is present in

(7.25) and the adaptive filter is allowed to adapt, the signal distortions XNiXn) and dmXn) 

introduce noise components into the error signal that are uncorrelated with the original 

input signal used for adaptation. Figure 7.7 shows ERLE and system distance during 

initial convergence for a stationary AR(10) input signal applied to the configuration of 

Figure 2.12 under three conditions: no vocoder distortion, an ITU-T G.729A encoder / 

decoder pair affecting the input signal only, and vocoders affecting both the input and 

reference signals. Figure 7.8 shows the same performance measures for a speech input 

signal of 4 seconds duration. Both simulations employed the echo path of Figure 3.3 (N  

= 500 samples) with background noise of 40 dB SNR and no near-end speech, and 

NLMS with a step size of ju = 0.1. It is clear that the presence of vocoder distortion 

severely degrades the echo canceller performance in both cases, producing an average 

steady-state ERLE of 6.5 dB for the AR(10) signal with a vocoder pair along the send 

path, dropping to 5.4 dB when the receive path vocoder pair is introduced. Some 

improvement was observed for the speech input signal, achieving a maximum ERLE of 

10-15 dB, dropping by 3-4 db with the addition of the receive path vocoder pair.
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Figure 7.7 -  Convergence performance of NLMS with echo path distortion from ITU-T G.729A for 

AR(10) input signal with no distortion, vocoder pair on the input signal, and on both input and 
reference signals; (a) ERLE and (b) system distance.
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Figure 7.8 - Convergence performance of NLMS with echo path distortion from ITU-T G.729A for 

speech input signal with no distortion, vocoder pair on the input signal, and on both input and 
reference signals; (a) ERLE and (b) system distance.

7.3.2 Residual Echo Power Spectrum Estimation

Even if the adaptive filter were able to converge completely, or w(n) ~ w(n) , from

(7.26) it is clear that the residual echo signal will possess spectral properties similar to 

that of the input signal. To effectively employ post-filtering methods to further suppress 

the residual echo, it is necessary to estimate the power spectrum for the residual echo 

signal of (7.26), a task complicated by the encoder / decoder complexity. To investigate 

the residual echo properties, signals resulting from the simulations of Figure 7.8 were

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



170
analyzed further. Figure 7.9(a) and Figure 7.9(b) show the estimated power spectra of 

each of the three terms in (7.26) for voiced and unvoiced speech segments, respectively. 

The power spectrum of the first term, the “true” residual echo produced by the echo 

canceller, is approximately 10-15 dB below that of the second and third terms. Even with 

the low suppression achieved by the echo canceller, the residual echo power spectrum 

appears to be dominated by the nonlinear distortion of the input and reference signals:

< * ( « )  “  x n l  (») ® w(n) + dNL (n) {121)

In [105] reconstructed speech signals were modeled as purely autoregressive 

processes, with vocoder distortion introduced as white quantization noise in the excitation 

signal. Let qy2, <J&x, and Ax(cd) represent the short-term excitation signal power, 

quantization noise power, and LPC synthesis filter coefficients for the input signal x{n), 

and let <Jd  , <Ja d  , and Ad(o1) be similar variables for the reference signal d(ri). Following 

the approach in [105], the power spectra of (7.23) and (7.24) can be modeled with the 

original signal power spectrum and the signal to quantization noise ratio of the 

reconstructed input signal (SNRx) and reference signal (SNRd):

P 2 . _2 _2

\Ax (g)) I \Ax (co)
^SNRX +1^ 

SNRX j

r2 . _2 _2

\Ad {0))\ \Ad {a>y
^SNRd +1A 
V s n r d j

(7.28)

(7.29)

Following a similar approach, the power spectrum of the residual echo in (7.27) can 

be approximated by the power spectra of the input and reference signals:

0 , x S xx(£0)\W((0)\2 S DD(aj)
AA ( ® )  ~  —   W ^  +  _ D £ W  ^ 7 3 Q .

SNRX SNRd
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where W(co) is the frequency response of the echo path. From (7.24), the reference signal 

power spectrum SDd((£>) consists of the echo signal and the near-end speech, which are 

assumed to be uncorrelated with each other:

S DD (co) = S s  (co) | W(co) |2 + 5 ^  (co) »  S „  (co) | W (w)\2
^SNRxjhl^

SNRX j
+  Syy(CO)(l .7>\)

Equations (7.30) and (7.31) show that the reference signal distortion is a function of 

both the echo and the near-end speech power spectra. However, the near-end speech 

distortion will have similar spectral properties to the actual near-end speech, and may be 

omitted as part of the residual echo to be suppressed. This results in a simplified 

approximation for the residual echo power spectrum:

SNRV +SNRn +1
SNR x SNR D j

(7.32)

In [105] it was assumed that the signal to quantization noise ratio produced by LPC- 

based speech encoder / decoder pairs is uniform across all frequencies. However, 

encoders minimize a weighted error function that allows greater error in high-energy 

(formant) regions corresponding to peaks in the LPC spectrum, and lower error in non

formant regions [81]. The weighting filter Wp(z) is constructed from the LPC spectrum 

with:

w ' ( z ) = Al zl, r ' \  (7 3 3 )A ( z l y 2)

where A(z) is the z-transform of the LPC spectrum and y\ and yi are parameters 

controlling the weighting, with typical values of y\ = 1 and yi = 0.9 employed by ITU-T 

G.729A [18]. As a result, it is expected that the SNR of the reconstructed input signal
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(7.23) at the near end will be lower at peak frequencies of the input signal LPC spectrum 

Ax(o)). Similarly, the SNR of the reconstructed reference signal (7.24) is expected to be 

lower at peaks m A D(co).

One proposed way method of incorporating this weighting function is to weight the 

average SNR by normalized versions of the weighting functions in the frequency domain. 

Let Wx(aj) and Wd(co) be weighting functions corresponding to the input and reference 

signal LPC spectra, respectively. Define SNRx(ru) and SNRo(ry) as frequency-dependent 

weighted estimates of the signal to quantization noise ratio as follows:

SNRX (co) = SNR 2̂ ( ^ ) l -------- (?34)

W (co) I
SNRd (co) = SNR  ̂ 2'g dK n   (7.35)1 L7l

-  J | WB(a>)\*da>
2 K «,o

Substituting the two weighted SNR estimates into (7.32) results in the following 

expression for the estimated residual echo signal due to vocoder distortion in the input 

and reference signals:

"SNRx (ffl) + SNRD(ffl) + l '
(7.36)

SNR x (&>)SNR D (co)

Both the input signal power spectrum Sxx(co) and LPC synthesis filter Ax(co) can be 

estimated from x(n). If the adaptive filter has converged as much as possible, then the 

residual echo from the input signal distortion can be approximated using the estimated 

echo produced by the echo canceller. If the near-end speech v(n) is significantly higher
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than the echo, then the LPC synthesis filter used to reconstruct the reference signal will 

be dominated by the near-end speech spectrum, or AD(co) ~ Ay(ct)). Applying these 

assumptions results in a simplified approximation for the residual echo power spectrum:

SNRX (eo) + SNRV (co) +1
(7.37)

SNRX (ty)SNRv (co)

Since the near-end speech is assumed to be higher than the residual echo, an estimate 

of the near-end speech may be obtained via spectral subtraction using the power spectrum 

of the estimated echo produced by the echo canceller output:

S ^ a )  a S M W - S f t i c o )  (7.38)

Finally, it should be noted that although post-filtering is generally used during 

doubletalk periods to enhance near-end speech, during singletalk periods it may be 

possible to employ post-filtering to further suppress residual echo by employing 

estimates of the background noise power spectrum Smidi) as the near-end speech 

estimate, or SyA, a>) ~ Smn(co).
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Figure 7.9 - Power spectra of the three components of (7.26): “true” residual echo, echo produced by 

input signal distortion, and reference signal distortion, for (a) voiced and (b) unvoiced speech.

7.3.3 Simulation Results

7.3.3.1 Simulation Setup

Experimental results of the proposed residual echo power spectrum estimation 

method were obtained by incorporating it into the psychoacoustic post-filter of (2.52) 

constructed using the preliminary near-end speech power spectrum estimate of (7.38). 

For comparison, the method of [105] was implemented by employing simply the average 

signal to quantization to noise ratio for both the input and reference signals, or SNRx(ft»)
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= SNRd(&>) = SNR. For ITU-T G.729A, the average SNR was measured to be 

approximately 12 dB. The analysis and synthesis stages were implemented using the 

FFT on 256-sample blocks with 50 percent overlap and zero-padded to 512 samples. The 

masking threshold for (2.52) was calculated using the MPEG-1 Psychoacoustic Model 1 

modified for a sampling rate of 8 kHz [106]. Pairs of input and near-end speech signals 

were obtained from the TIMIT database [92]. Fixed adaptive filter coefficients were 

obtained from Figure 7.8 corresponding to vocoder distortion in both the send and receive 

paths, and near-end speech power was adjusted to an average of 10 dB NER. The power 

spectrum estimation algorithm was evaluated by measuring the spectral distortion 

between the original and estimated near-end speech signals:

1 2 K
SD2 = —  J[101og10 SVy(*y)-101og10 Sn {c6)fdm (7.39)

where S ~ (co) is the estimated near-end speech power spectrum for the current block

after applying the post-filter. The quality of the estimated near-end speech was also 

evaluated using the mean opinion score estimate provided by ITU-T P.862 [42]. To find 

the maximum improvement possible with post-filtering, also considered was the (ideal) 

case where the power spectrum of the residual echo signal is known.

7.3.3.2 Results and Discussion

Table 7.1 shows the average spectral distortion and estimated mean opinion score 

(MOS) for near-end speech after post-filtering with the three test configurations. The 

proposed method results in an average 0.98 dB lower spectral distortion and an average 

0.5 higher estimated MOS, which is clearly an improvement over the fixed scaling factor.
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As an example of the improvement afforded by post-filtering, Figure 7.10(a) and Figure 

7.10(b) show spectrograms of the original near-end speech signal, and the echo canceller 

error signal containing residual echo caused by vocoders along both the send and receive 

paths. Figure 7.11(a) and Figure 7.11(b) show the post-filtered error signal using residual 

echo power spectrum estimates constructed using fixed and adaptive signal to 

quantization noise ratios, respectively. Low-frequency residual echo can still be 

observed between 2 and 2.5 seconds with the fixed SNR, which is almost completely 

removed by the configuration employing signal-adaptive SNR estimates.

Figure 7.12 shows ERLE measured during singletalk conditions (only far-end 

speech), again with vocoder distortion present in both the send and receive paths. In this 

example, the psychoacoustic post-filter of (2.52) was again applied using the adaptive 

and fixed SNR residual echo estimates, compared to ERLE obtained with no post

filtering. From the figure it is clear that applying post-filtering improves the ERLE by at 

least 5 - 1 0  dB, with an additional 2 -  3 dB improvement using the signal-adaptive 

quantization noise estimates.

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



177
Table 7.1 - Average spectral distortion and estimated MOS of near-end speech enhanced with 

psychoacoustic post-filtering using residual echo power spectrum estimates produced using signal- 
adaptive and fixed SNR estimates, compared to the ideal case with known residual echo 

Proposed Adaptive
Test Fixed SNR Ideal

SNR
Pair

SD MOS SD MOS SD MOS

1 2.21 3.39 2.86 3.05 1.22 3.96

2 3.34 2.95 4.63 2.21 2.11 3.17

3 3.49 2.89 4.60 2.45 2.24 3.23

4 2.68 3.27 3.25 3.05 1.70 3.59

5 2.87 2.96 3.82 2.58 1.79 3.27

6 3.17 2.71 4.15 2.29 1.97 3.15

7 2.26 3.25 3.04 3.10 1.38 3.47

8 3.74 3.19 3.97 2.86 2.29 3.38

9 2.75 2.91 3.95 2.51 1.83 3.29

10 2.42 3.18 3.47 2.86 1.74 3.45
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Figure 7.10 -  Example of post-filtering effects: (a) original near-end speech spectrogram; (b) echo 
canceller error signal containing near-end speech and residual echo due to vocoder distortion.
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Figure 7.11 -  Example of post-filtering effects (cont.): near-end speech spectrogram after 
psychoacoustic post-filtering with (a) fixed and (b) frequency-dependent SNR estimates.
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Figure 7.12 -  ERLE for speech input signal during singletalk conditions with no post-filtering,
compared to post-filtering using residual echo estimated using fixed and signal-adaptive SNR.

7.4 Summary

This chapter presented adaptation and control algorithms for echo cancellers that are 

focused on some of the unique problems inherent in VoIP networks. Section 7.2 

presented low-complexity decorrelated NLMS and cross-correlation-based doubletalk 

detector algorithms for use at VoIP gateways and in IP-enabled phones. A typical 

implementation of such algorithms would require constructing decorrelation filters using, 

for example, the Levinson-Durbin algorithm and estimates of the autocorrelation 

function. The proposed algorithms employ knowledge of the speech signals contained 

within the compressed speech frames available at the decoder, achieving the same result 

but at a considerable reduction in complexity. Section 7.3 addressed the problem of 

residual echo after echo cancellation due to the presence of nonlinear vocoder distortion 

in the echo path. A method was presented for estimating the residual echo power 

spectrum for applying post-filtering to enhance near-end speech. The proposed method 

improves upon previous residual echo models from the literature by incorporating the fact 

that the speech encoding process allows higher quantization error at spectral peaks, which
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results in higher residual echo at those frequencies. Simulation results confirmed that the 

proposed method provides an improvement in near-end speech quality.
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Chapter 8 Conclusions and Future Research

8.1 Summary of Research

The primary objective of this thesis was the investigation of structures and adaptation 

algorithms capable of operating in harsh environments, with specific application to those 

relevant to the echo cancellation problem: doubletalk conditions, background noise, and 

the technologies introduced by VoIP networks. A secondary objective was maintaining a 

low computational complexity in the resulting algorithms. Five relevant research 

questions were identified in Chapter 1:

1. What is the behavior of doubletalk detectors in the presence of background noise 

and time-varying signal statistics, and how can an appropriate detection threshold 

be constructed given these influences?

2. What are the perceived limits of echo canceller performance given psychoacoustic 

aspects of human hearing, and how does the presence of background noise affect 

perceived echo canceller performance?

3. Given that additional structures are required to reduce aliasing in critically 

sampled subband filters, is it possible to incorporate more sophisticated 

adaptation and doubletalk detection algorithms into echo cancellers based on 

these structures?

182
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4. Is it possible to incorporate parametric representations of speech, utilized by low- 

bit-rate speech encoders in VoIP networks, in the design of echo canceller 

structures for VoIP gateways and IP-based terminals?

5. What is the effect of vocoder distortion on echo canceller performance, in 

particular due to the presence of encoder / decoder pairs on the send and / or 

receive paths? Are there ways to mitigate the presence of this distortion?

A review of echo canceller structures, adaptation algorithms, and control algorithms 

in Chapter 2 indicated that these research questions have not been thoroughly addressed 

in the literature. In particular, it was found:

• Many doubletalk detectors have been proposed in the literature, but no work 

exists addressing the important problem of doubletalk detector calibration.

• Background noise places an upper limit on echo canceller performance measured 

using MSE or ERLE. However, little work exists in the literature to quantify the 

frequency-dependent masking effects of moderate-to-high levels of background 

noise on residual echo perception.

• No work exists in the literature for incorporating adaptation and control 

algorithms into echo cancellers based on critically sampled subband adaptive 

filter banks.

• Frequency-domain post-filtering has been successfully applied to enhance near

end speech in the presence of residual echo, including that caused by nonlinear

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



184
vocoder distortion in the echo path. However, such approaches require accurate 

estimates of the residual echo signal power spectrum.

Chapter 4 proposed an approach to doubletalk detector calibration based on desired 

statistical properties of desired maximum probability of false alarm (P f) or probability of 

miss (Pm)- Selecting a threshold based on those criteria requires the probability density 

function (PDF) of the detection statistic. This approach was applied by deriving 

expressions for the PDF of the normalized cross-correlation-based doubletalk detector, 

which forms a detection statistic from the ratio of expected to actual reference signal 

powers. This information was used to construct detection thresholds adaptive to changes 

in signal statistics. In addition, a number of conclusions can be made:

• The detection statistic’s PDF is a function of the parameter estimation window 

size, echo-to-noise ratio (SNR) and, in the presence of doubletalk, the near-end 

speech power. As a result, detection thresholds constructed using statistical 

criteria must be adaptive to changes in the input and noise statistics.

• It follows from the above that for a given detection threshold, the probability of 

miss (Pm) is dependent not only on the near-end speech to echo power ratio 

(NER), but also on the SNR during doubletalk conditions.

• Previous authors have proposed to compensate for the presence of noise by 

estimating the background noise power and applying it to the detection statistic. 

It was shown that although this compensates for bias, lower SNR still increases 

the likelihood of false alarm and miss.
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Chapter 5 investigated the effect of noise on echo canceller performance measures, 

and in particular the masking effects of background noise, in an attempt to identify 

psychoacoustic limits of echo canceller performance. The masking effects of background 

noise were identified by applying the MPEG psychoacoustic model to the estimated noise 

power spectrum. Two echo canceller performance measures were presented that 

calculate the amount of audible echo power reduction based on power spectrum estimates 

of the echo and residual echo signals compared to the masking threshold induced by 

background noise. Simulation and informal listening tests were used to verify these 

effects. In addition, a number of conclusions can be made:

• Psychoacoustic limits of human hearing, namely the absolute hearing threshold 

and the masking threshold of background noise, induce an upper bound on echo 

canceller performance in terms of maximum audible echo reduction. This is in 

addition to other known limiting effects, such as transducer nonlinearity and 

finite-word-length effects.

• It is possible to have echo and / or residual echo frequency components that are 

above or below the average signal echo power, and also above or below the 

absolute hearing threshold. Therefore, average-power-based performance 

measures such as ERLE cannot incorporate frequency-dependent limitations of 

human hearing, particularly those due to the masking presence of noise. As a 

result, ERLE may under- or over-estimate the amount of audible echo 

cancellation provided by an echo canceller.
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Chapter 6 investigated methods of incorporating adaptation and control algorithms 

into echo cancellers employing recently proposed critically sampled subband adaptive 

filters (CS-SBAF). One particular structure investigated in this chapter avoids the 

requirement of “cross-adaptive” filters to compensate for aliasing. An Affine Projection 

(AP) algorithm was presented for use in the CS-SBAF structure, along with a 

convergence analysis of the algorithm. The normalized cross-correlation-based 

doubletalk detector was derived to provide a detection statistic for each subband. It was 

shown how the detection thresholds from Chapter 4 can be applied to doubletalk 

detectors in individual subbands, and made adaptive to per-subband differences in SNR 

and NER. In addition, a number of conclusions can be made:

• Per-subband AP, even with a small number of subbands, can obtain a faster rate 

of convergence than fullband AP employing the same projection order.

• Background noise is not spectrally flat in practice, so having estimates of the echo 

to background noise ratio (SNR) in each subband allows per-subband detection 

thresholds to be constructed.

• The statistical model presented in Chapter 4 revealed that the best detection 

(lowest PM) occurs under conditions of high SNR. Therefore, doubletalk 

detection rates can be improved over a fullband doubletalk detector by using 

detection statistics in subbands that have SNR higher than the fullband SNR.
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Chapter 7 focused on adaptation and control algorithms for echo cancellers deployed 

in VoIP networks, and in particular at IP-PSTN gateways and in IP telephones. It was 

shown that LPC-based speech parameters used to reconstruct signals at speech decoders 

are the same parameters as those that would be calculated in existing algorithms based on 

decorrelation of the input and error signals. This led to the development of decorrelated 

NLMS and normalized cross-correlation-based doubletalk detector algorithms employing 

parameters tapped from the speech decoder. The resulting algorithms are functionally 

similar, but avoid the computational cost of constructing decorrelation filter coefficients. 

Another issue addressed was the problem of vocoder distortion in send and / or receive 

paths of the echo canceller. In this type of configuration, the resulting nonlinearity in the 

echo path severely limits the achievable ERLE. A residual echo power spectrum 

estimation algorithm was proposed that improves upon existing algorithms by 

incorporating frequency weighting characteristics of quantization noise in LPC-based 

encoder structures. In addition, a number of conclusions can be made:

• Simulation results showed that even with the presence of a pitch synthesis filter, 

the short-term excitation signal tapped from an LPC-based speech decoder 

represents a significantly more decorrelated version of the reconstructed input 

signal.

• For real speech signals, LPC synthesis filter coefficients are not stationary over 

the entire duration o f  echo paths typical o f  acoustic environments. A s a result, 

modifications must be made to decorrelated NLMS / doubletalk detector 

algorithms to compensate for this.
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• Even with the low amount of cancellation provided by a linear adaptive filter, the 

residual echo power spectrum is dominated by vocoder distortion from the send 

and receive paths. In addition, the quantization noise produced by encoders is 

higher at peaks in the LPC spectrum corresponding to formant frequencies.

8.2 Summary of Contributions

The focus of this thesis was on the development of echo canceller structures, 

adaptation algorithms, and control algorithms capable of operating in harsh 

environments. The subsequent investigations, developments, and simulation results 

provide several contributions to the field of adaptive filter theory applied to network and 

acoustic echo cancellation. These contributions are briefly summarized as follows:

1. A statistical model was developed for characterizing the behavior of the 

normalized cross-correlation-based doubletalk detector from the literature in the 

absence and presence of doubletalk. The model is simple and characterizes the 

detection statistic as a function of the parameter estimation window size (K ), echo 

to noise ratio (SNR), and the near-end speech to echo ratio (NER).

2. Two doubletalk detector calibration algorithms were developed for constructing 

optimal detection thresholds adaptive to changes in the input and noise signal 

statistics. The thresholds are based on desirable probabilities of false alarm (Pp) 

and miss (P m), are simple to implement using look-up tables, and offer improved 

performance over fixed, empirically determined thresholds.
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3. Two algorithms were proposed for measuring audible echo canceller performance 

based on psychoacoustic limitations of human hearing. The algorithms are an 

improvement on existing average power measures in that they incorporate the 

masking effects of moderate-to-high levels of background noise obtained from the 

proven MPEG psychoacoustic model.

4. A convergence analysis was presented for the subband AP algorithm in a recently 

proposed critically sampled subband adaptive filter (CS-SBAF) structure. 

Because of aliasing present in the signals, the convergence behaviour of 

individual subbands is dependent upon those in adjacent subbands.

5. A subband doubletalk detector was derived for use in the CS-SBAF structure 

based on normalized cross-correlation. Combining the doubletalk detector with 

signal-adaptive detection thresholds, in particular per-subband estimates of the 

SNR, allows increased detection probability over fullband doubletalk detectors.

6. Two methods were proposed for implementing decorrelated NLMS and 

normalized cross-correlation-based doubletalk detector algorithms in VoIP 

gateways or IP-based telephones. The structures achieve a computational savings 

by taking incorporating LPC-based speech parameters available at decoders.

7. A power spectrum estimation algorithm was proposed for modeling residual echo 

resulting from nonlinear vocoder distortion in the echo path. The algorithm was 

incorporated into a frequency-domain post-filter, and offers an improvement in 

near-end speech quality compared to existing estimation techniques from the 

literature.
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8. Publication of several refereed conference and journal papers which report on the 

research results outlined above: [26], [27], [28], [29], [30], [31], [32], [33], [34],

[35].

8.3 Suggestions for Future Research

Finally, during the course of this work several issues arose which merit further 

research. These are summarized as follows:

1. Combining psychoacoustic aspects of human hearing into the design of subband 

echo canceller structures and control algorithms. Chapter 6 showed that there is 

value in having per-subband estimates of SNR to calibrate adaptation and control 

algorithms in terms of improved convergence and doubletalk detection rates. 

Therefore, it seems reasonable to employ per-subband NLP or post-filtering 

algorithms incorporating psychoacoustic limitations of human hearing. One 

interesting approach appears in [64] that approximates frequency-domain post

filtering using subband signals, but it does not incorporate any psychoacoustic 

model of hearing.

2. Variable step-size control for AP / NLMS in CS-SBAF structures. It is known 

that adaptive filter misadjustment can be reduced by decreasing the adaptation 

step size after a period of fast initial convergence [115], [116]. In addition, AP is 

subject to higher MSE as the projection order increases, an effect observed in [87] 

and in Chapter 6. Therefore, it would seem beneficial to have a similar step-size 

control mechanism available for the CS-SBAF structure. An interesting variable-
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step-size algorithm employs the correlation of AP projection vectors as a measure 

of convergence and doubletalk [117].

3. Comparison of decorrelated NLMS with other low-complexity adaptation 

algorithms. Many variations of NLMS-type algorithms exist in the literature, 

such as those based on partial coefficient updates [118], [119]. More recently, 

algorithms have been proposed that offer better convergence performance for 

NLMS and network echo paths with a small increase in cost, such as 

proportionate NLMS and its variants [120], [121], [122], It would be useful to 

compare these algorithms with the decorrelated NLMS algorithms of Chapter 7 

(both the existing and proposed algorithms) with respect to convergence rate and 

complexity. In addition, it would be interesting to determine whether the use of 

LPC-based speech parameters can be incorporated into these algorithms as well.

4. Applying the statistical modeling approach presented in Chapter 4 to other 

doubletalk detectors from the literature for calibration and as a means of 

performance comparison. The doubletalk detector statistical modeling approach 

was applied to the normalized cross-correlation-based doubletalk detector of [16] 

to investigate its usefulness for calibration. It would be beneficial to apply similar 

modeling to other doubletalk detectors in the literature as a means of comparing 

their performance with respect to probability of miss in the presence of noise and 

as a function o f  NER.

5. Compare and incorporate the statistical modeling of doubletalk detectors of 

Chapter 4 with other approaches. It was shown in Chapter 4 that a time-varying
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detection threshold can improve detection rates over a fixed threshold, but this 

adaptive threshold is still used to produce a “hard” doubletalk decision (i.e., 

present or not). Variable step-size control algorithms exist in the literature to 

provide “soft” decisions on the severity of doubletalk, and to differentiate 

between doubletalk and changes in echo path impulse response [9], [117]. It may 

be useful to investigate the relationship, if any, that exists between these 

approaches.
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