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Abstract

ESTIMATION of the acoustic parameters Signal-to-Noise Ratio (SNR), Reverberation

Time (T60), Direct-to-Reverberant Ratio (DRR), and clipping level from degraded

speech are open research questions. These parameters are important for determining

speech quality and intelligibility, and they are widely applicable to speech enhancement and

speech recognition systems. Whilst SNR, T60, and DRR are useful priors for dereverberation

schemes, indications of clipping and the clipping level are useful for signal restoration.

This thesis investigates how accurately and robustly to noise and, in the case of

clipping detection, robustness to the coding and decoding process it is possible to estimate

these parameters non-intrusively from degraded speech in real-time or near real-time, and

introduces a range of novel algorithms. Alongside the algorithms, an international research

challenge was staged for which a novel noisy reverberant speech corpus was developed to

determine the state-of-the-art in T60 and DRR estimation.

In tests, the algorithms presented in this thesis were highly competitive, being able to

estimate T60 with Pearson correlation coe�cient, ⇢ “ 0.608 and DRR with ⇢ “ 0.314. Both

algorithms achieved very low computational complexity with Real-Time Factors (RTFs) of

0.0164 and 0.0589 respectively. The clipping detection algorithms achieved F1 approximately

0.6 for Global System For Mobile Communications (GSM) 06.10 decoded speech, babble

noise at 20 dB SNR clipping levels in the range ´5 to ´20 dBFS, and also produce an

estimate of the original unclipped signal level.
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û
o´ Negative estimated original signal level . . . . . . . . . . . . . . . . . . . . . . . . 114

û
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Statement of originality

The following aspects of the thesis are believed to be original contributions:

1. The use of a mapping function in conjunction with a noise estimator to improve the

performance of global Signal-to-Noise Ratio (SNR) estimation for a speech utterance

described in Chapter 2;

2. The method for estimating Reverberation Time (T60) non-intrusively from noisy

speech using (3.17) in Section 3.3.2, the SDD with Mel-spaced frequency bands and

selective averaging (SDDSA) method;

3. The method of estimating Direct-to-Reverberant Ratio (DRR) non-intrusively using

a null-steered beamformer described in Chapter 4;

4. The following methods for detecting clipping described in Chapter 5:

(a) The time domain methods ILAH, and ILAH2, for estimating the original signal

level and the clipping level of a speech signal that has passed through a perceptual

codec as described in Sections 5.2 and 5.6;

(b) The frequency domain method LSR, for detecting clipping in a speech signal

that has passed through a perceptual codec as described in Section 5.3;

(c) The hybrid time- and frequency domain methods LILAH, and CRACD, for de-

tecting clipping and estimating the original signal level in a speech signal that

has passed through a perceptual codec as described in Sections 5.4 and 5.5.

5. The Acoustic Characterization of Environments (ACE) Challenge international bench-

marking competition organised under the auspices of the Institute of Electrical and

Electronics Engineers (IEEE) Audio and Acoustic Signal Processing (AASP) Technical
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Committee for the evaluation of acoustic parameter estimation algorithms. In particu-

lar, the novel corpus of Acoustic Impulse Response (AIR) measurements and matched

noise recordings including multi-channel babble noise described in Chapter 6.
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Chapter 1

Introduction

1.1 Motivation and aims

SOCIETY is dependent on communications devices that transmit the speech of a person

in one location through a communications channel to another person or device in

another location. Despite large increases in mobile data tra�c, there is still a high demand

for mobile voice services. In the UK in 2014 for example, the population made an average

of 176 minutes of outgoing mobile telephone calls per person each month [13], and Ofcom1

data shows that in 2013, average per-capita monthly mobile call minutes increased in most

of its comparator countries [14].

Speech signals received from the microphones of a communications device are

usually degraded. These degradations are typically either additive, convolutive, or non-

linear. Examples of additive degradations are ambient noise, and sensor noise from the

microphones in the device. Convolutive degradations emanate from reverberation in the

acoustic environment where the microphone is situated. The talker may at times be too

close to the microphones of the device, or be speaking at too high a level for the device.

This may result in the speech signal exceeding the level the device can tolerate, leading to

amplitude clipping of the speech signal, a non-linear degradation. The channel may add

further electrical interference (additive), echoes (convolutive), and distortion (non-linear)

including codec distortion.

1Independent regulator and competition authority for the UK communications industries
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Users of communications devices increasingly expect to hear more intelligible and

better quality speech. In law enforcement, speech may be recorded from a single microphone

a long distance from the speaker in environments with very high levels of noise, frequently

with negative Signal-to-Noise Ratios (SNRs). Extracting intelligible speech as well as

reliable information about the acoustic scene from such sources is crucial for bringing

about prosecutions. Speech degradation has also been shown to increase cognitive load [15]

therefore reducing the listener’s capacity to perform other tasks at the same time. It is

therefore desirable and in some cases necessary to be able to enhance or restore speech

before it reaches the recipient to increase quality, intelligibility and comfort.

Speech enhancement algorithms typically require knowledge of the acoustic environ-

ment of the degraded speech. Non-intrusive estimates of the characteristics of the channel

can be used to improve the performance of speech enhancement algorithms provided that

the estimates are su�ciently accurate. Where information about the channel such as

the Acoustic Impulse Response (AIR) is not available, the characteristics of the channel

must be estimated blindly, or ‘non-intrusively’. Enhancement and restoration schemes

such as dereverberation may require knowledge of the Reverberation Time (T60) [16] and

Direct-to-Reverberant Ratio (DRR) [17]. Clipping restoration algorithms typically require

knowledge of the clipped samples [18], and the parameter estimators themselves may need

prior information such as SNR [1]. Applications such as speech-to-text rely on speech

recognition, where knowledge of the reverberation time and SNR can facilitate selection of

a training database recorded in a similar environment, thus reducing errors and increasing

the speed of recognition.

Recently, manufacturers have begun to incorporate auxiliary microphones into

steadily more powerful mobile communications devices incorporating multi-channel dere-

verberation and denoising which often provide better performance than single channel

algorithms. The requirement for single channel speech enhancement will continue for

some time however in areas such as hearing aids, where computational performance is

constrained by the size of the device and the power consumption.

This thesis aims to determine how accurately acoustic parameters can be estimated

non-intrusively from single- and multi-channel speech with additive, convolutive and non-

linear degradations, and with the objective of better enabling speech enhancement, speech
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recognition, and signal restoration in real-time or near real-time.

1.2 Summary of the thesis

In Chapter 2, a range of established and state-of-the-art noise estimators are compared

with the objective of finding the best performing algorithm for non-intrusively estimating

the overall SNR of a speech signal degraded by additive noise as shown in Fig. 1.1.

Figure 1.1: Signal flow diagram for Chapter 2, where xpnq is the clean speech signal,
vpnq is the additive noise, and ypnq is the speech signal degraded by additive noise

In order to improve upon the state-of-the-art, a mapping function trained on a

speech corpus is introduced and applied to state-of-the-art algorithms to obtain the highest

levels of performance. Phrases built from the TIMIT [19] speech corpus and noises from a

broad range of sources including ITU-T P.501, NOISEX-92 [20], and Soundjay [21] were

employed. The accuracy of the methods in estimating the SNR of both stationary and

non-stationary noise was compared. It is found that with the mapping function, the best

current method can estimate the SNR with a spread of 7.3 dB for SNRs from ´5 dB to 35 dB

for 95% of the results.

In Chapter 3, an algorithm for the estimation of acoustic parameters in speech

with both additive and convolutive degradations as shown in Fig. 1.2 is presented. An

Figure 1.2: Signal flow diagram for Chapter 3, where xpnq is the clean speech signal,
h is the acoustic channel for the speech signal, vpnq is the additive noise, and ypnq is
the speech signal degraded by additive noise

established method for estimating T60 that in common with other algorithms shows a

strong bias in the presence of additive noise is used as the basis for a novel improved T60
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estimator robust to noise and with lower computational complexity. The algorithm requires

an estimate of the SNR. In combination with noise estimators reviewed in Chapter 2, it

is shown that the T60 estimation accuracy using the state-of-the-art in SNR estimation

is almost as good as when the SNR is known a priori . The algorithm is compared with

existing estimators using simulated data and it is shown that T60 can be estimated to with

a maximum Root Mean Square (RMS) error of 120ms for SNRs of 5 dB and above.

Continuing with the theme of additive and convolutive speech degradations, in

Chapter 4, a novel low-complexity method for estimating DRR from two-channel speech

using a null-steered beamformer is presented. The algorithm is compared with existing

estimators using simulated data. The proposed method yields DRR estimates with a

standard deviation of 4 dB across a wide variety of room sizes, reverberation times and

source-receiver distances. It is also shown that the proposed method is more robust to

background noise than a baseline approach. The best estimation accuracy is obtained in

the region from ´5 to 5 dB which is a relevant range for portable devices.

In Chapter 5, parameter estimation for speech with non-linear and additive degra-

dations, as shown Fig. 1.3, is investigated. Several novel time- and frequency domain

Figure 1.3: Signal flow diagram for Chapter 6, where xpnq is the clean speech signal,
vpnq is the additive noise, and ypnq is the speech signal degraded by additive noise,
non-linear distortion and encoding and decoding

methods for detecting clipping are presented that are robust to the e↵ects of encoding

and decoding on speech, a research problem not previously attempted to be solved in the

literature. The algorithms are evaluated in both unencoded and decoded speech in di↵erent

levels of noise in comparison with a baseline optimized for operation in these conditions.

The results indicate that the performance of the proposed algorithms outperforms the

optimized baseline in Global System For Mobile Communications (GSM) 06.10 and Adaptive

Multi-Rate (AMR)-decoded noisy speech with signal levels up to three times overdriven

and SNRs down to 0 dB. The proposed methods also provide an estimate of the original

signal amplitude before it was clipped.
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In Chapter 6, the Acoustic Characterization of Environments (ACE) Challenge is

presented. This was an international research challenge run by the author to determine the

state-of-the-art in T60 and DRR estimation, and to stimulate new research. In the first part

of the challenge a novel noisy reverberant speech corpus, the ACE Corpus, was developed

to provide test signals with convolutive degradations for speech signals, and also additive

noise with convolutive degradations from the same acoustic environment, as shown in

Fig. 1.4. The ACE Corpus was designed, recorded, analyzed and distributed as part of this

Figure 1.4: Signal flow diagram for Chapter 6, where xpnq is the clean speech signal,
h
x

is the acoustic channel for the speech, h
v

is the acoustic channel for the noise, vpnq
is the additive noise, and ypnq is the speech signal degraded by additive noise. This
signal flow represents a single microphone channel. For multi-channel signals, this
flow is duplicated for each additional channel used.

research project. The ACE Corpus was then used as the basis for an international research

challenge to determine the state-of-the-art in T60 and DRR estimation. The estimation

performance of the author’s T60 and DRR estimators is also compared using the real data

from the ACE Corpus.

In Chapter 7, conclusions are drawn regarding what this work has achieved, and

whether estimating acoustic parameters from degraded speech in single- and multi-channel

microphone configurations can be performed with su�cient accuracy to enable speech

enhancement and recognition.
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Chapter 2

Non-intrusive Signal-to-Noise

Ratio estimation from degraded

speech

2.1 Introduction

NOISE is an almost universally present problem in speech processing systems [22].

Knowledge of the Signal-to-Noise Ratio (SNR) or the noise level is a fundamental

building block in robust speech detection and enhancement algorithms as a means of identi-

fying, extracting and enhancing speech from noisy sources. The level and characteristics of

the noise are not typically known a priori and if required they must therefore be estimated.

Noise estimation is employed in a wide range of applications including automotive

hands-free kits, hearing aids, teleconferencing terminals, set-top boxes, home automation

systems, mobile telephones, smartphones, and personal digital assistants. It is employed

in a range of industries including the military, law enforcement, and telecommunications.

Knowledge of the SNR can also be useful when estimating other acoustic parameters such

as Reverberation Time (T60) and Direct-to-Reverberant Ratio (DRR), as will be shown

in Chapter 3 [1], and Chapter 4 [5]. A further application of SNR estimation is audio

diarization: the process of annotating an input audio channel with information that helps to

classify (possibly overlapping) temporal regions of the signal to specific sources. Diarization
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has utility in Automatic Speech Recognition (ASR) of multi-talker speech signals [23] and

in searching and indexing audio archives [24].

Motivated towards the application of surveillance in law enforcement for which

negative SNRs are common, this chapter is concerned with estimating the Fullband (FB)

SNR of an entire speech utterance non-intrusively from noisy speech. This is also known as

the global SNR.

Although ASR is an important application of speech enhancement, testing of Word

Error Rate (WER) improvements for example are beyond the remit of this thesis. This

Chapter only assesses work done in the research community or where the method was

publicly available, and whilst commercial organizations may have good noise reduction

systems, these are beyond the scope of this work.

2.1.1 Signal model

The SNR for noisy speech is defined as the ratio of the speech active level to the estimated

mean noise power. The speech active level is defined as the average power of speech

present in a signal and a method for estimating this is defined in ITU-T P.56 [25]. ‘Non-

intrusive’ algorithms are defined in this context to mean algorithms that can operate

without knowledge of the speech and the noise a priori, nor require them to be available

as separate sources. For non-intrusive SNR estimation to be useful for acoustic parameter

estimation, speech enhancement and audio diarization applications, it must be able to

identify speech in high levels (such as 0 dB SNR) of both stationary and non-stationary

noise over several utterances.

Let a noisy speech signal be expressed as

ypnq “ xpnq ` vpnq (2.1)

where xpnq is the clean speech signal including speech pauses, and vpnq is uncorrelated

noise. Let A
x

be the estimated speech active level as defined in ITU-T P.56 [25] without

pauses. Since the noise is uncorrelated, A
x

can be considered to be equal to Et|xpnq|2u



2.1 Introduction 45

where the pauses are set to zero such that

Et|ypnq|2u “ A
x

` Et|vpnq|2u, (2.2)

where Et¨u is the expectation operator. The a priori SNR, ⇠, is given by

⇠ “ A
x

Et|vpnq|2u (2.3)

In order to estimate the a priori SNR, either the mean noise power (or noise Power Spectral

Density (PSD)) given noisy speech can be estimated, or else an estimate of the mean clean

speech power given the noisy speech can be estimated. Assuming an estimate of the noise

power Et|v̂pnq|2u, has been obtained, from (2.2) and (2.3), the estimated SNR, ⇠̂, can be

computed as

⇠̂ “ Â
x

Et|v̂pnqu|2u “ Et|ypnq|2u
Et|v̂pnq|2u ´ 1. (2.4)

or when only the noisy speech power and an estimate of the clean speech power is known:

⇠̂ “ 1
Et|ypnq|2u

ˆ

A

x

´ 1.
(2.5)

The estimated SNR, ⇠̂, can therefore be determined either from the noisy speech power and

the estimated noise PSD, or the noisy speech power the estimated clean speech active level.

2.1.2 Methods for non-intrusive SNR and noise estimation in the litera-

ture

Approaches to non-intrusive SNR and noise estimation in the literature can be considered

in several classes: The first class uses a Voice Activity Detector (VAD) [26] to identify

when speech is present in the signal by determining where the signal exceeds a predefined

threshold, giving the noisy speech power, and then sampling the noise during the pauses

to estimate the noise level. The SNR is then given by (2.4).

A second class of algorithms first proposed in [27] tracks the minimum of the

magnitude spectrum over a moving window which provides biased estimates of the noise

level (Minimum Statistics (MS)). These algorithms assume that within a su�ciently narrow

frequency band, the speech energy will regularly fall to zero. Bias compensation has been
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employed in several automatic noise reduction algorithms including Martin [28] and latterly

Hendriks [29]. A recent innovation proposed in [30] dispenses altogether with the bias

compensation and safety net in [29] and uses Speech Presence Probability (SPP) with fixed

priors to determine how much of the current noisy speech or previous noise estimate to

include in the noise estimate for the current frame.

A third class of algorithms estimates the noise and speech simultaneously using for

example analysis of histograms such as [31, 32] or binary masks [33].

A fourth class of algorithms attempts to model the noise commonly assuming a

Gaussian process and a slowly changing power spectrum such as [34].

A broad cross-section of algorithms that can be used to estimate SNR is described

below. There have been many incremental improvements in the field, so this survey

represents only the more significant developments.

ITU-T P.56

Method B of the ITU-T P.56 [25] standard determines a speech activity factor representing

the proportion of time the signal is considered to be active speech. The algorithm works

by first exponentially smoothing the speech twice, then comparing the smoothed speech

level with a set of thresholds generated from the input signal. After analysing whether the

speech exceeds each threshold, the threshold is found for which the active speech power is

15.9 dB above the threshold level power. The algorithm returns the speech activity level

and activity factor. The SNR is obtained from (2.5) using the estimated speech power

obtained by multiplying the active speech power with the activity factor, and the noisy

speech power. This algorithm is not intended for use with SNRs below approximately

20 dB since noise occurring during the noisy speech is included in the active speech power

estimate [35, 36]. A widely used implementation of ITU-T P.56 is activlev.m [37].

NIST STNR

The NIST’s Speech-to-Noise Ratio (STNR) estimation algorithm uses a time-domain energy

histogram based approach [31]. The algorithm returns the estimated SNR directly. The

energy histogram is computed from the entire speech file using a 20ms window with a 50%
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overlap. The technique is based on the assumption that the mean speech energy and noise

energy are di↵erent and therefore occupy di↵erent regions in the histogram. Using fitting

techniques, these regions are identified and the corresponding noise level subtracted from

the corresponding speech level to estimate the SNR.

Minimum statistics

Martin et al. [27] proposed an algorithm to estimate the PSD of non-stationary noise based

on the assumption that in a given frequency band, the level of the speech will frequently

drop to the level of the noise. The minimum statistics-based algorithm for estimating noise

eliminates the problem of using a VAD as in previous noise PSD estimators [27]. The authors

demonstrated that the performance is similar to previous algorithms in stationary noise

but improved in non-stationary noise. Martin et al. [38], and Mauler et al. [39] proposed

further improvements to the algorithm proposed in [27] and claim to have developed an

unbiased noise estimator. A widely used implementation of [28] is estnoisem [37], which

replaces Table 3 by the updated Table 5 from [38]. The slight improvement reported in [39]

is not included in this implementation. The SNR is obtained from (2.4) using the estimated

noise power and the noisy speech power.

WADA

The SNR estimation algorithm proposed by Kim et al. [32] is based on the observation

that the value of the parameter ↵ in a Gamma distribution characterises the SNR in the

amplitude distribution of noisy speech. The authors claim that the Waveform Amplitude

Distribution Analysis (WADA) algorithm has significantly less bias and variability with

noise type in comparison with National Institute of Standards and Technology (NIST)’s

STNR algorithm along with low computational complexity. The algorithm returns the

estimated SNR directly.

MMSE-based noise PSD tracker with low complexity

Hendriks et al. [29] proposed a Minimum Mean Squared Error (MMSE)-based noise PSD

tracker with low complexity. This algorithm improves on previous attempts to correct
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the bias empirically by finding an analytical relationship between the biased and unbiased

estimates by making assumptions about the Probability Density Functions (PDFs) of speech

and noise. The MMSE is estimated and then the bias compensation applied to provide the

estimate of the noise PSD. A safety net as proposed in [40] is applied to overcome locking

of the algorithm should the noise level abruptly change between samples, and the results

are then smoothed using recursive averaging. The authors claim similar performance to

other state-of-the-art algorithms but with much reduced computational complexity. The

SNR is obtained from (2.4) using the estimated noise power and the noisy speech power.

Noise PSD tracker with low complexity and low tracking delay

Gerkmann et al. [30] proposed a PSD tracker with low complexity and low tracking delay by

interpreting an MMSE optimal estimator as a VAD-based noise power estimator, and then

replacing the VAD with a soft SPP detector with fixed priors. The authors claim similar

performance to other state-of-the-art algorithms but with further reduced computational

complexity. The SNR is obtained from (2.4) using the estimated noise power and the

noisy speech power. An e�cient Matlab implementation of this algorithm is available as

estnoiseg.m [37] providing a further reduction in computational complexity.

Non-real-time algorithms

Other algorithms such as those involving Computational Auditory Scene Analysis

(CASA) [33] are also presented in the literature. However, these algorithms do not currently

o↵er the potential for real-time operation and so they have not been considered in further

detail in this thesis.

2.1.3 Corpora typically used to evaluate SNR estimation algorithms

Table 2.1 provides a survey of recent studies with the speech and noise corpora used. The

most popular corpora were the TI-MIT speech corpus (TIMIT), NOISEX-92 and the Noisy

Speech Corpus for Evaluation of Speech Enhancement Algorithms (NOIZEUS).
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The TIMIT speech corpus

Whilst many corpora have been compiled for research into speech enhancement, a survey of

the literature shows that over half the studies mentioned in this review used the TIMIT speech

corpus. The TIMIT corpus of read speech was designed to provide speech data for acoustic-

phonetic studies and for the development and evaluation of automatic speech recognition

systems [19]. The TIMIT corpus contains recordings of 630 speakers of eight major dialects

of American English, each reading ten phonetically rich sentences each approximately 3

seconds long. The corpus design was a joint e↵ort between the Massachusetts Institute of

Technology (MIT), SRI International (SRI) and Texas Instruments, Inc. (TI). Both test

and training subsets, balanced for phonetic and dialectal coverage, are specified.

The NOISEX-92 noise corpus

Where noise sources were specified in the studies, the NOISEX-92 corpus was used more than

any other noise corpus. The NOISEX-92 noise corpus was created as part of an experiment

to study the e↵ect of additive noise on speech recognition systems and provides a range of

stationary and non-stationary noises [20].

The NOIZEUS noisy speech speech

A further widely used corpus is NOIZEUS, which uses noises from the Aurora Experimental

Framework for the Evaluation of the Performance of Speech Recognition Systems under

Noisy Conditions (AURORA) corpus [41]. The corpus provides speech mixed with noise at

di↵erent SNRs.

2.1.4 Comparative evaluations in the literature

Recent studies of SNR and noise estimators are listed in Table 2.1. These studies are diverse

and cover a wide range of di↵erent algorithms, speech and noise corpora, and test SNRs.

Of these studies, Meyer et al. [42] compared algorithms proposed prior to 1997. Cohen et

al. [43] used twenty utterances and noise between ´5 and 10 dB using algorithms proposed

prior to 2004. Vondrasek et al. [44] employed test data from CAR2ECS [45] and Speech

Databases for Consumer Devices (SPEECON) [46]. Hu et al. [47] conducted a subjective
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evaluation of 13 algorithms using the NOIZEUS [47] corpus. Beritelli et al. [48] considered

vowel sounds only and evaluated non-automatic and semi-automatic methods using the

TIMIT speech corpus. Kim et al. [32] compared the WADA algorithm with NIST STNR using

the DARPA 1000-Word Resource Management Database (DARPA-RMD) [49]. Hendriks et

al. [29] compared five algorithms in non-stationary noise in the range 0 to 15 dB. Taghia et

al. [50] compared a broad range of estimators for a limited range of noises including the

Subspace Noise Tracking (SNT) algorithm [51] over the range ´5 to 20 dB SNR. However,

Taghia did not evaluate Gerkmann et al. [30] which promises similar accuracy to Hendriks et

al. [29] with much reduced computational complexity.

Study Method Speech source Noise source

Meyer, 1997 [52] Various Not stated Not stated
Martin, 2001 [28] MMSE Not stated Not stated
Cohen, 2004 [43] Non-causal estimator TIMIT [19] NOISEX-92 [20]
Vondrasek, 2005 [44] VAD CAR2ECS [45] SPEECON [46]
Hu, 2006 [47] Various NOIZEUS [47] NOIZEUS [47]
Kim, 2008 [32] WADA DARPA-RMD [49] WGN, Speech, Mu-

sic
Hendriks, 2010 [29] MMSE Not stated Not stated
Beritelli, 2010 [48] VAD TIMIT [19] Not stated
Taghia, 2011 [50] Various TIMIT [19] Sound-Ideas [53]
Gerkmann, 2012 [30] SPP TIMIT [19] Not stated
Narayanan, 2012 [33] IBM/CASA TIMIT [19] NOISEX-92 [20]

Table 2.1: Speech and noise corpora by algorithm

Considering the speech and noise corpora used to evaluate noise and SNR estimation

algorithms, and previous comparative evaluations, a comparison comparing [29] and [30]

with established algorithms over a wide range of noise types and levels is relevant. An

evaluation will have most impact and be able to be compared with the largest number

of other recent studies if it uses the TIMIT speech corpus and the NOISEX-92 noise corpus

supplemented with non-stationary noise from other sources since the number of non-

stationary noises in NOISEX-92 is limited. Also, since estimating SNR at very high levels of

noise or very low levels of noise represents the greatest challenge, a test at lower noise levels

than 20 dB SNR as used in [50], from ´5 to 35 dB SNR, will give a more comprehensive

evaluation of the algorithms’ performance. A further opportunity which has not been

explored in the literature is to improve the estimation accuracy of a given algorithm using
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a polynomial mapping function determined by analysing a speech corpus such as TIMIT [19]

to map the SNR estimates onto the ground truth.

2.1.5 Aims and organisation of this chapter

The aim of this chapter is to present a comparative evaluation of SNR estimation algorithms

for non-intrusive SNR estimation for narrowband speech in stationary and non-stationary

noise. In order to maximise the performance of each algorithm, the use of mapping functions

is investigated. Speech pauses will be included in the test utterances such as may occur in

natural speech but are not always included in previously used test datasets.

Furthermore, included in this study is a wider range of SNR levels than has previously

been investigated. The remainder of this chapter is organised as follows: In Section 2.2,

the algorithms to be evaluated are described. In Section 2.3, the approach to evaluating

the performance of each algorithm, the data used, and the training and test procedures

employed are described. In Section 2.4 the experimental results are reviewed and the

performance of the algorithms tested, and in Section 2.5 conclusions are drawn based on

the results.

2.2 Non-intrusive SNR estimation algorithms

In order to make a broad meaningful comparison, both established and state-of-the-art

algorithms using a range of di↵erent techniques were chosen. The algorithms chosen were:

1. ACT, an implementation [37] of ITU-T P.56 [25] that estimates speech activity level and

duty cycle. The algorithm returns the speech activity level and activity factor. The

SNR is obtained from (2.5) using the estimated speech power obtained by multiplying

the active speech power with the activity factor, and the noisy speech power. This

algorithm is not intended for use with low SNRs since noise occurring during the

noisy speech is included in the active speech power estimate.

2. STN, the National Institute of Standards and Technology’s stnr SNR estimation

algorithm [31]. The algorithm returns the estimated SNR directly.
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3. KSM, an implementation of Kim and Stern’s SNR estimation algorithm [32] in Matlab

which interpolates the values in the look up table providing an improvement in

estimation accuracy. The algorithm returns the estimated SNR directly.

4. EST, an implementation of [28], with Table 3 replaced by the updated Table 5

from [38]. A slight improvement was reported by Mauler and Martin [39] but this is

not included in the implementation [37]. The SNR is obtained from (2.4) using the

estimated noise power and the noisy speech power.

5. ESG, an implementation of Gerkmann’s noise PSD tracker [30] providing a reduction

in computational complexity [37]. The SNR is obtained from (2.4) using the estimated

noise power and the noisy speech power.

6. HEN, R. Hendrik’s MMSE-based noise PSD tracker with low complexity [29] Matlab

code. The SNR is obtained from (2.4) using the estimated noise power and the noisy

speech power.

The use of a novel polynomial mapping function between the algorithms’ outputs

and the true SNR determined for each algorithm is proposed. This mapping was determined

using the training corpus of the TIMIT [19] speech corpus, and stationary and non-stationary

training noises were obtained from the ITU-T P.501 [54] monaural noise sequences. Coe�-

cients for a fifth order polynomial fit in a least squares sense were computed over the range

´5 dB to 35 dB in 5 dB steps from the estimated SNR from each algorithm to minimise

the maximum dB error against the true SNR at these points. A fifth order polynomial

was chosen because it was found to give better improvements in accuracy than a third

order polynomial. However, the improvement with a seventh order polynomial fit was

not significant, and with higher orders, there is the risk of overfitting and unpredictable

behaviour outside of the range of SNRs used in training.

2.3 Performance evaluation

Phrases from the TIMIT [19] training and test corpora simulating realistic clean speech were

assembled by incorporating pauses into each utterance. Composite utterances comprising

three concatenated TIMIT files separated by one second pauses were constructed totalling
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448 speech files for the test dataset and 1152 speech files for the training dataset. TIMIT

sentences SA1 and SA2 were excluded since these are repeated for each speaker. Stationary

test dataset noises were obtained from the NOISEX-92 noise corpus [20]. Non-stationary

test dataset noises were obtained from Soundjay [21] and modulated white noise and

Simultaneous Switching Noise (SSN) provided by R. Hendriks as used in [29].

To obtain a noisy speech signal at the test SNR, ⇠, each noisy speech signal, ypnq,
was constructed by mixing the clean speech signal, xpnq, with appropriate noise, vpnq, as

ypnq “ xpnq ` vpnq?
⇠
s?

⇠
(2.6)

where ⇠
s

is power ratio of the unprocessed speech and noise signals. In practice this must

be estimated as follows

⇠̂
s

“ Â
x

Et|vpnq|2u . (2.7)

Table 2.2 lists the noises used in the training and test datasets respectively.

To simulate narrowband telephony channel conditions, the Intermediate Reference

System (IRS) [55] weighting was applied to the noisy speech signals. This frequency response

of the IRS filter is shown in Fig. 2.1. Clean speech phrases and noises truncated to the

Figure 2.1: IRS filter characteristic from NOIZEUS



2.3 Performance evaluation 54

Training dataset
Stationary noises Non-stationary noises

Cafeteria (P.501) Bus interior (Soundjay)
O�ce (P.501) Car interior 2 (P.501)
Railway station (P.501) Paris Metro (P.501)
Restaurant (P.501) Street (P.501)
Car interior 1 (P.501)

Test dataset
Stationary noises Non-stationary noises

Babble (NOISEX-92) highway (soundjay)
Factory1 (NOISEX-92) intersection (soundjay)
Factory2 (NOISEX-92) Modulated SSN noise
Volvo car interior (NOISEX-92) Modulated white noise
White noise (NOISEX-92)

Table 2.2: Noises used for training and testing SNR estimation algorithms

length of the speech were resampled to f
s

“ 8 kHz and mixed in SNRs calculated using the

mean speech power derived from ITU-T P.56 [25] and the mean noise power. Noise levels

between ´5 and 36 dB have been included in the experiments. Actual SNRs ranging from

´5 dB to 35 dB in 5 dB increments were used for the test dataset, and with ´6 dB to 36 dB

in 5 dB increments for the training dataset. The A-weighted SNR was also calculated and

is shown in the overall comparison. The coe�cients from the polynomial fit were then

evaluated using the output from each algorithm under test. Fifth order polynomials were

found to provide a useful improvement over lower orders, and better performing than cubic

or spline interpolation in the experiments, whilst higher orders than five did not increase

accuracy.

Tests were performed covering the permutations of algorithm, noise and ground

truth SNR for each dataset. A total of 1800 noisy speech samples were tested with each

algorithm for each of the test and training datasets and for SNR and A-weighted SNR

comprising 14.400 tests in total. Also computed were the 95% confidence intervals for the

SNR estimation errors in dB bounded by the 2.5th and 97.5th centiles.

The estimated Real-Time Factor (RTF) defined as processing time divided by the

duration of the speech signal for each algorithm was determined by measuring the elapsed

processing time using the Matlab cputime function for each call on a 2.3GHz Intel i5
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Figure 2.2: Box plots for SNR estimation error over the range ´5 to 35 dB by algorithm
before and after mapping. Results after mapping are shown in bold outline next to
each unmapped result. Numbers in bold italics indicate extents of whiskers not shown

Core processor with 4 GB 1.333GHz DDR3 memory, and calculating the mean time per

algorithm divided by the mean speech file duration. This method of measurement provides

only a rough insight into the absolute complexity of the algorithms, and does not give

an indication of possible latency issues, but nevertheless provides useful insight into their

relative complexity.

2.4 Results and discussion

2.4.1 Overall results by algorithm

The results for SNR estimation error by algorithm for SNR and A-weighted SNR before

and after mapping are shown in Figs. 2.2 and 2.3 respectively. Results after mapping are

plotted in bold. In the box plots [56], in each box the centre line shows the median, the

top and bottom on the box show the 75th and 25th centiles respectively, and the whiskers

extend to the 2.5th centile and 97.5th centiles between which 95% of the data lies. From
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Figure 2.3: Box plots for SNR estimation error over the range ´5 to 35 dB by algorithm
with A-weighting before and after mapping. Results after mapping are shown in bold
outline next to each unmapped result. Numbers in bold italics indicate extents of
whiskers not shown.
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Figure 2.4: Box plots for SNR estimation error using the NOIZEUS corpus over the
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Fig. 2.2 it can be seen that the mapping technique substantially improves the accuracy

and reduces the bias of all algorithms for both noise types. All algorithms produce large

variances at low SNRs, and the mapping reduces this variance.

The ACT algorithm estimates have a large error as the algorithm estimates speech
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Figure 2.5: Box plots of estimation error by input SNR in stationary noise for the ESG

and HEN algorithms after mapping

power including any noise present during active speech.

The STN algorithm performs well in stationary noise with 95% of estimation errors

falling between 1.8 and ´3.4 dB. With non-stationary noise however it performs poorly:

the negative excursion at ´5 dB not shown is approximately ´25 dB.

The EST algorithm gives better performance on non-stationary sources whilst

performing slightly less well on stationary data.

The HEN algorithm provides the best performance overall with a spread of data of

7.3 dB over 95% of results.

The ESG algorithm provides similar performance after mapping except at high SNRs

but with much reduced computational complexity as will be discussed later in this section.

Figure 2.3 shows that the results for A-weighted SNR estimation are very similar to

the unweighted results for all algorithms.

For further verification of the results, the algorithms were tested on the NOIZEUS [47]

corpus using the polynomial mapping functions determined from the TIMIT speech corpus

for each algorithm. The NOIZEUS corpus comprises speech in noise at SNRs of 0, 5, 10, and

15 dB. The noises used were: airport; babble; car; exhibition; restaurant; station; street;
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Figure 2.6: Box plots of estimation error by input SNR in non-stationary noise for the
ESG and HEN algorithms after mapping. Numbers in bold italics indicate extents of
whiskers not shown

and train; a mixture of both stationary and non-stationary noise. The 95% confidence

intervals for the NOIZEUS tests are shown in Fig. 2.4. The SNR estimation performance

ranking of the algorithms was similar to the TIMIT [19] stationary results, and as expected

due to the mixture of stationary and non-stationary noise, algorithms which give large

errors below 0 dB and above 15 dB in non-stationary noise show good results in this test.

2.4.2 Results by SNR

The SNR estimation errors for the two best performing algorithms, ESG, and HEN, after

mapping, and calculated over the full range of test SNRs in stationary noise are shown in

Figs. 2.5 and 2.6. The SNR after mapping is defined as ⇠̂
mapped

. The characteristics and

coe�cients for ⇠̂
mapped

of the mapping functions based on training data for HEN and ESG

are shown in Fig. 2.7. This illustrates the similar performance of HEN and ESG at SNRs

of 15 dB and below, the very high accuracy of the HEN algorithm above 10 dB SNR, and

the larger estimation errors at higher SNRs produced by the ESG algorithm. ESG is most

accurate at 15 dB SNR, the optimal fixed prior 10 log
10

p⇠H1q found in [30]. This prior is

used to decide whether the noisy speech signal is more likely to be speech or noise, and the
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Figure 2.7: Mapping functions for the ESG and HEN algorithms

likelihood function is symmetrical either side of this value. HEN is least accurate at 0 dB,

the point at which the bias function, B, in [29] increases.

The linear regression-based mapping functions here have been computed using

SNRs between ´5 and 35 dB, therefore the estimation performance outside of this range is

uncertain.

2.4.3 Computational complexity

Table 2.3 shows the estimated RTFs for each of the algorithms using the method discussed

in Sec. 2.2. The ESG algorithm has a similar RTF to STN but superior SNR estimation

performance in non-stationary noise. The HEN algorithm has the highest RTF due to the

safety net and bias compensation computations in the algorithm. In most circumstances

therefore ESG may therefore be preferable to HEN except where good performance at high

SNRs is required. All implementations were in Matlab except for STN which was a 64-bit

compiled executable.
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ACT STN KSM EST ESG HEN

0.027 0.0045 0.0080 0.012 0.0053 0.35

Table 2.3: RTF by algorithm

2.5 Conclusion

A quantitative comparison of non-intrusive SNR estimation algorithms has been presented

and the mapping function introduced. Tests were conducted over a wide range of input

SNRs and noise types including both stationary and non-stationary noise. The experimental

results show that for narrowband speech in noise the best performing algorithm is HEN [29],

which has an ability to estimate noise to within approximately ˘3.5 dB within the range

of input SNRs from ´5 to 35 dB. The ESG algorithm however with only slightly reduced

accuracy to HEN has significantly lower computational complexity. The use of a polynomial

mapping function that can reduce both the bias and variance of the measurement error has

been demonstrated, and that with the inclusion of this mapping function, 95% confidence

intervals are reduced by around 5 dB for the ESG algorithm and 3 dB for the HEN algorithm.

The results are also encouraging for the intended application in this thesis of enabling

estimation of other acoustic parameters in noisy conditions.
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Chapter 3

Non-intrusive Reverberation Time

estimation from degraded speech

3.1 Introduction

ASIGNAL radiating from a source at a given position in a room will follow multiple

paths to any observation point. These paths comprise the direct path which is in

a straight line from the source to the observation point, as well as reflections from the

walls, floor, ceiling and the surfaces of other objects in the room. The combination of the

reflections forms the reverberation at a given observation point.

A sampled noisy reverberant speech signal, ypnq, captured by a microphone in a

room is characterised by the Acoustic Impulse Response (AIR), h, of the acoustic channel

between the source and microphone. It is assumed that the AIR is linear and time invariant,

and that the coe�cients, h, tend to zero as n increases thus only the first L
h

samples are

necessary to consider. Using a vector formulation, the noisy reverberant signal incorporating

the convolution of the speech with the AIR can be written as

ypnq “ hTxpnq ` vpnq, (3.1)

where

h “ rh
0

, h
1

, . . . , h
L

h

´1

sT (3.2)
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is the AIR of length L
h

,

xpnq “ rxpnq, xpn ´ 1q, . . . , xpn ´ L
h

` 1qsT (3.3)

is the speech signal vector, and vpnq is the additive noise at the microphone at discrete

time n.

Reverberation time is a fundamental parameter for quantifying room acoustics. A

sound wave in a room will travel from the source and arrive at the various surfaces in the

room before being reflected from those surfaces. The reflected sound waves will continue

to travel around the room until all their energy has been dissipated. The absorption of

each surface in the room, and the size of the room will influence the reverberant decay

observed in the room.

Sabine observed that a sound source becomes inaudible when it has decayed by

60 dB after the source has been switched o↵ [57]. Therefore, Reverberation Time (T60) is

defined as the time in seconds for a sound in the di↵use field to decay by 60 dB from the

time the source has abruptly ceased, and can be characterized by the Sabine or Eyring

equations [57, 58].

Sabine observed that the T60 was proportional to the volume of the room, V , in m3

and also varied in inverse proportion to the equivalent absorption surface area in the room,

A, in m3, given by

A “ ↵
S

¨ S, (3.4)

where S is the absorbing surface area in m2, and ↵
S

is the Sabine absorption or attenuation

coe�cient. In Eyring’s formulation, A is given by

A “ logp1 ´ ↵
E

q ¨ S, (3.5)

where ↵
E

is the Eyring absorption coe�cient. Therefore, the T60 is given by

T
60

“ 24 ¨ logp10q
c

V

A
, (3.6)

where c is the speed of sound in ms´1.

The T60 is a function of room geometry and absorption and is nominally the same
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throughout a given room in contrast to the AIR, which is dependent on the source-

microphone configuration used for measurement. It can be expressed in FB or in frequency

bands such as ISO-octave or ISO-one-third-octave [59].

The T60 estimate of a room is useful because it can provide an indication of the

intelligibility and quality of speech observed in that room, and can be used to improve

the performance of speech processing applications such as speech recognition [60] and

speech dereverberation [17,61,62]. Standardized methods exist for estimating T60 from a

measured AIR such as [63,64]. More recently, the exponential sine sweep method [65,66],

has facilitated the measurement of AIRs by providing a means to provide robustness to

noise. In many practical situations, however, measurement of the AIR is not possible, and

the T60 must be estimated from reverberant speech non-intrusively, that is to say without

prior knowledge of the AIR, the clean speech, or the SNR.

A further important acoustic characteristic of a room is the level of reverberation

relative to the direct signal, which in combination with the T60 determines the overall

envelope of the decay of the reverberation following the abrupt cessation of a signal. An

objective measure of this ratio is the DRR which can be computed using the method of

Mosayyebpour et al. [67] as

DRR “ 10 log
10

¨

˚

˚

˚

˝

n

d

`n0
∞

n“n

d

´n0

h2
n

n“n

d

´n0
∞

n“0

h2
n

`
n“8
∞

n“n

d

`n0

h2
n

˛

‹

‹

‹

‚

, (3.7)

where the direct path signal arrives at sample time n
d

, and n
0

“ 120 samples, or 2.5ms.

The value of n
0

chosen must be greater than zero since it is not possible to precisely

determine the direct path when estimating the DRR from measured AIRs. The value of

2.5ms represents an additional path di↵erence of 0.85m, for c “ 340m s´1, where c is the

speed of sound, and therefore includes the direct path but none of the early reflections

from the walls of the rooms. It is necessary to include the energy before the arrival of the

direct path because of the influence of the sampling process.

An important di↵ference between the T60 and the DRR is that whilst T60 is nominally

the same for an entire room, DRR as with the AIR is dependent on the locations of the

source and the observation. This chapter is concerned with T60 estimation, but since T60
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and DRR are related parameters, DRR is introduced here since assumptions about DRR are

necessary when considering T60. Non-intrusive DRR estimation is the subject of further

study in Chapter 4.

3.1.1 Methods for non-instrusive T60 estimation in the literature

A common T60 estimation method is to identify periods where there are speech end points,

and estimate the slope of the decays followed by statistical analysis either in full-band or

in frequency bands. Lebart et al. [61] as part of a de-reverberation algorithm proposed

a method based on detection of the longest speech pauses and estimation of the slope of

the logarithm of the smoothed energy envelope through linear regression. Although the

test cases were limited, accurate results were obtained with an Root Mean Square (RMS)

error of 24.7% in noise-free conditions. Baskind et al. [68] proposed a method based on

automatic detection of decaying segments followed by Schroeder integration and linear

regression. Ratnam et al. [69] modelled the decays using an exponential function with a

time constant based on the the reverberant speech signal. A Maximum Likelihood (ML) fit

is then made for each speech endpoint which is then used to compute the T60. Ratnam et

al. [70] subsequently improved on the performance of this method. Vieira et al. [71, 72]

restricted the reverberation modelling process to the Free-Decay Regions (FDRs) where

there is a consistent reduction in sound energy over consecutive frames. Vesa et al. [73]

proposed a method requiring a binaural speech signal. Suitable sound segments for analysis

are located using short-time energy and inter-channel coherence measures, which is then

followed by the Schroeder integration method, line fitting and finally statistical analysis.

The slope is estimated in the region that maximizes the correlation coe�cient of the least

squares method.

On the assumption that the ML approach works well on noise-free speech, Zhang

et al. [74] proposed using Blind Source Separation (BSS) to estimate the T60 from noisy

reverberant speech. The interfering sound sources are reduced in amplitude using first BSS

and then an Adaptive Noise Canceller (ANC). An ML approach is then used to estimate

the T60. In a single test with a T60 of 270ms an estimate of 300ms is obtained at an SNR

of 0 dB.

Löllmann et al. [75–77] proposed a series of ML-based methods which attempt to
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solve the problem of additive noise. Prior to estimation, denoising is performed, using

for example spectral subtraction, and then the speech signals are downsampled to reduce

computational complexity. Pre-selection is used to detect the likely decays that are then

used in an ML estimation process. A histogram is used in order to provide more robust

estimates. Prego et al. [78] proposed an algorithm based on [71, 72] but using subband

decomposition of speech signals to allow a much shorter reverberation speech signal to

be used. Whilst performance exceeded that of the other methods in the comparison, the

authors did not evaluate the performance of the algorithm when additive noise is present

in the reverberant speech signal. Kendrick et al. [79] proposed a method based on [69] but

where a model of non-di↵use sound decay was applied. This allows the decoupling of early

and late reverberation decay regions and the removal of low dynamic range decay phases.

Kendrick tested with SNRs down to 5 dB in an evaluation specific to classrooms and hospital

wards where a very long recording can be made allowing an accurate estimate. It was also

found that at least 40 hours of recording were needed in a hospital to produce and accurate

Reverberation Time (T20) estimate. This is not practical for a real-time or near real-time

implementation. Jan et al. [80] proposed a method assuming a Laplace distribution for

the sound decay rather than Gaussian, and an ML-based method for parameter estimation.

The method was tested on AIRs without noise and achieved comparable to results to other

algorithms not focused on the noisy case. Diether et al. [81] proposed an ML method aimed

at estimating T60 up to 6 s in frequency bands and claims state-of-the-art performance for

T60 up to 1.5 s.

Wu et al. [82] proposed a method based on pitch strength of voiced speech using

a pitch tracking algorithm. Pitch strength is used to find the cleanest signals across all

frequency channels from a gammatone filterbank. Correlograms are used on each of the

55 channels to find those least corrupted by noise. The authors found a monotonically

increasing relationship to T60 between the detected pitch periods provided by the pitch

tracker, and the time lags from the correlograms. The method yields an estimate of T60 up

to 0.6 s. The estimator is however adversely a↵ected by the gender of the talker, and a

di↵erent relationship exists for female speakers than male due to the di↵ering harmonic

content.

Temporal dynamics information has been used in a number of approaches using

modulation frequencies. Unoki et al. [83] proposed a method based on the Modulation
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Transfer Function (MTF) concept using inverse-MTF filtering in the modulation frequency

domain. The test database comprised speech from [84] uttered by a single female talker.

Falk et al. [85] proposed a method using short-term and long term temporal dynamic

information. Short-term temporal dynamic information obtained from di↵erential (delta)

cepstral coe�cients and long term temporal dynamic information obtained from the

modulation spectrum is used as input features for T60 estimation. The authors demonstrate

performance exceeding their baseline system which was found to be more robust to

background noise than [69,75]. Their proposal also estimates DRR. Falk et al. [86] proposed

a further method based on the Speech-to-Reverberation Modulation Energy Ratio (SRMR)

using the modulation spectrum. Using an auditory-inspired filterbank analysis of critical-

band temporal envelopes of the speech signal, the method analyses the energy in eight

modulation frequency bands. The SRMR is the ratio of the average energy in the low

modulation frequencies (4Hz to 18Hz) to the high modulation frequencies (29Hz to 128Hz),

and it is shown that the reciprocal of the SRMR is highly correlated with the T60.

An alternative approach is to examine the decay rates of the entire speech signal

rather than by examining the speech pauses alone. The Spectral Decay Distributions (SDD)

method first proposed by Wen et al. [87] analyses the decay rates of the reverberant

speech signal in time-frequency bins. The authors observed a strong correlation between

the negative decay rates of the speech signal and the reverberation time, and by using a

polynomial mapping function, the method provided a means of estimating the reverberation

time. The method was however implementation dependent and needed to be trained on

a suitable speech corpus. The estimation was also only valid in when the microphone

was beyond the critical distance in the di↵use field where DRR † 0 dB. Lopez et al. [88]

proposed the addition of pre-whitening filter to the SDD method to remove the speech

components from the signal leaving only the Linear Prediction (LP) residual which is

suggested contains most of the information regarding the AIR. The results show that

the pre-whitening filter reduces the variance of SDD, however this method is tested on

clean speech only and does not investigate the noisy case. Talmon et al. [89] proposed an

SDD-based method using a data-driven approach to rank a series of training rooms via the

eigenvalue decomposition of a specially tailored kernel, which was then extended to estimate

the decay rate of a new room. The authors suggested that the technique orthogonalises

the speech, noise and reverberation components and results in very accurate estimates in
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high levels of noise. Dumortier presented an SDD-based method which uses a two-channel

null-steered beamformer to remove the direct path components of the signal thus providing

improved accuracy over [87], and without the requirement for the microphone to be beyond

the critical distance [90].

A further approach was suggested by Lim et al. [91,92] where techniques used in

image processing to determine blurring are applied to the spectrogram of the speech signal.

The amount of blurring in the image is shown to be related to the reverberation time.

Table 3.1 shows relevant studies in chronological order, and which data was used

(where available) in the papers reviewed.

Study Method Speech source (lan-

guage)

AIR source Noise source

Cox [93] Neural net-

works

Not available Not available N/A

Lebart [61] ML Not stated, French Measured N/A

Baskind [68] ML Monophonic Not available N/A

Ratnam [69] ML Connected Speech

Test (CST) [94], In-

ternational Phonetic

Association (IPA)

word utterances

Measured N/A

Ratnam [70] ML IPA word utterances Polack [95] N/A

Vieira [71] ML Not available Measured N/A

Vieira [72] ML Not available Measured N/A

Vesa [73]. ML Non-speech Measured N/A

Zhang [96] BSS and ML M. Source-image

method [97]

40s male ut-

terance

Wu [82] Pitch

strength

Randomly selected

from TIMIT [19], M,F,

English

Source-image

method [97]

N/A
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Study cont. Method

cont.

Speech source (lan-

guage) cont.

AIR source

cont.

Noise source

cont.

Wen [87] SDD Not stated Measured, Po-

lack [95],

Source-

image [97]

N/A

Unoki [83] MTF Advanced Telecom-

munications Research

Institute Interna-

tional (ATR) Speech

Database [84],

Japanese, F.

Polack [95] N/A

Löllmann [75] ML Not stated Polack [95] Babble from

NOISEX-92 [20]

Löllmann [76] ML Not stated Polack [95] NOISEX-92 [20]

Falk [85] Cepstral

coe�cients

and mod-

ulation

spectrum

M,F, English,French Simulation

of REal

Acoustics

(SIREAC) [98],

ITU-T

G.191 [99]

SIREAC [98]

Falk [86] SRMR Continuous Speech

Recognition Wall

Street Journal Phase

1 (CSR-WSJ) [100]

M,F, English

Multidi-

mensional

Coloura-

tion Space

(MCS) [101]

Multichannel

Acoustic Re-

verberation

Database

at York

(MARDY) [102]

NOISEX-92 [20]
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Study cont. Method

cont.

Speech source (lan-

guage) cont.

AIR source

cont.

Noise source

cont.

Löllmann [77] ML Not stated Jeub 2009

[103]

Not stated

Prego [78] ML Not stated Source-image

method [97],

Measured,

Jeub 2009

[103], [104],

MARDY

N/A

Kendrick [79] ML Own recordings, M.,

English

Measured 2-5 additional

speakers

Jan [80] ML TIMIT [19] Jeub 2009

[103]

N/A

Lopez [88] SDD

with pre-

whitening

CMU Arctic [105] Fast Im-

age Source

Method

(FISM) [106]

N/A

Talmon [89] SDD with In-

trinsic mod-

elling

Not stated, M,F. Source-image

method [97]

White

Gaussian

Noise (WGN)

Dumortier [90] SDD with

null-steered

beam-

former

Grid [107] Source-image

method [97]

WGN

Lim [91] Blur kernel TIMIT, Gender not

stated

Aachen [103] WGN

Lim [92] Blur kernel Acoustic Character-

ization of Environ-

ments (ACE) [6], M,F

ACE [6] ACE [6] (Am-

bient, fan,

babble)
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Study cont. Method

cont.

Speech source (lan-

guage) cont.

AIR source

cont.

Noise source

cont.

Diether [81] ML Not stated, M,F Open AIR Li-

brary [108]

N/A

Table 3.1: Speech, AIR, and noise corpora by algorithm

3.1.2 Estimating T60 in noise in the literature

Proposals prior to Löllmann et al. [75] did not tackle the noisy case where there is additive

noise mixed with reverberant speech. Subsequently, Gaubitch et al. [109] conducted an

evaluation of state-of-the-art methods [77,86,87] under noisy conditions and showed that

these methods exhibit a large bias in the presence of high levels of noise. Gaubitch et

al. [109] also found [85] to be robust to noise but with a large variance with respect

to di↵erent speakers. A direct comparison of the algorithms [80, 88, 89] has yet to be

conducted and there is an opportunity for such a study involving di↵erent speakers, SNRs,

and noise types. Suitable databases to use for such a study include the TIMIT database

for the speech since it contains a wide range of male and female speakers and both a test

and training corpus and is widely used, and Database to Study the E↵ect of Additive

Noise on Speech Recognition Systems (NOISEX-92) for the noise since it is widely used and

contains a range of accepted noise types. Other non-stationary noises would be required

to supplement NOISEX-92 since it contains largely stationary noises. Impulse responses

from both simulated and real rooms should be used to demonstrate robustness. Impulse

responses generated using Polack’s method [95] and the Source-image method provide

good simulations of small-room acoustics [97]. For the latter a flexible software tool can be

used [110].

3.1.3 Aims and organisation of this chapter

Whilst the problem of T60 estimation in clean reverberant speech has been tackled in

several di↵erent ways and with good accuracy, noise is increasingly present in all speech

signals [22]. The problem of estimating T60 for noisy reverberant speech is still an open
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research question, and addressing this problem is the aim of this chapter.

The key contributions of this chapter are therefore: to propose a T60 estimation

method employing SDD which is substantially robust to additive noise thus avoiding

problems of bias in existing estimators; to show how the cost of computing the SDD can

be reduced; and to show a comparison of the improved method’s results with previous

research. The baseline method selected for comparison is the algorithm by Wen et al. [87]

because it performed well in noise-free conditions, and showed little variance with di↵erent

speakers in the detailed benchmarking [109].

The subject of a thorough evaluation of non-intrusive T60 estimation algorithms is

tackled in Chapter 6 where a corpus of speech, noise and AIRs is constructed [6] and then

used to conduct an evaluation.

The remainder of this chapter is organised as follows: In Section 3.2 the baseline

T60 estimation method, SDD, is reviewed. In Section 3.3 the proposed approach to reducing

the computational cost of the SDD calculation providing robustness to additive noise is

discussed. In Section 3.4 the experimental approach to testing the proposed algorithm is

discussed. The results are discussed in Section 3.5, and presented in Section 3.6 are the

conclusions.

3.2 Review of SDD T60 estimation

3.2.1 Operating principle

Consider speech observed in an anechoic room. The amplitude envelope of the speech will

have many di↵erent attack and decay phases. The rates of these attacks and decays will

di↵er from word to word, and there will be a large variation in speech decays rates in each

sentence of speech. Now consider the same speech observed in a reverberant room. The

reverberation in the room will extend the observation of each phoneme such that each

decay phase will be extended by the reverberant decay, changing the observed decay rate.

Since all speech observed in the room will be a↵ected by the reverberation, it will also

reduce the variation of the speech decays rates. In a room with a very large amount of

reverberation, the decay rates will be such that there is almost no variation in decay rates

between one word and another. This variation in decay rates can therefore be used to
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estimate the reverberant decay in a room, and is the principle upon which the SDD method

is based.

3.2.2 Room decay model

Room reverberation consists of direct sound, early reflections and late reverberation. The

fine structure of late reverberation is typically modelled statistically whilst the decaying

envelope of the AIR can be modelled as a deterministic signal parameterized by some

damping constant, � [95,111]. This model assumes that the sound field in the enclosure

is di↵use and the source-microphone distance is greater than the critical distance [111].

Polack developed a time-domain model that describes the AIR as one realisation of a

non-stationary stochastic process [95] described by

hptq “ bptqe´�t for t • 0, (3.8)

where bptq is zero-mean stationary Gaussian noise, and damping constant, � is related to

the reverberation time, T60 by

T
60

“ 3 log 10{�. (3.9)

The room decay model can be defined using (3.8) as

Eth2ptqu “ �2
b

e´2�t “ �2
b

e�h

t, (3.10)

where �2
b

denotes the variance of bptq, and the decay rate, �
h

“ ´2�. The decay rate, �
h

,

in this context is the rate at which the signal level falls exponentially following an abrupt

signal end-point. By extending (3.8), the frequency dependent room decay model can be

expressed as

H̄pt, fq “ P pfqe�h

pfqt for t • 0 (3.11)

where H̄pt, fq is the energy envelope of AIR at time t and frequency f , �
h

pfq is the decay

rate at frequency f , and P pfq is the initial PSD of the reverberant speech signal at frequency

f . Equation (3.11) can be linearized by taking the natural logarithm:

log H̄pt, fq “ logP pfq ` �
h

pfqt for t • 0. (3.12)



3.2 Review of SDD T60 estimation 73

The decay rate �
h

pfq can therefore be estimated by applying a linear fit to the natural

logarithm of the time-frequency energy envelope of the reverberant speech signal.

3.2.3 The SDD Method

The SDD method can be used as in [87] to provide a means of estimating T60 by observing

the energy envelope of a reverberant speech signal in the di↵use field. Frequency-dependent

decay rates are estimated for each analysis time frame by applying a least-squares linear

fit to the log-energy envelope of the reverberant speech signal in each frequency band in

the Short Time Fourier Transform (STFT) domain. As shown in [87] the Negative-Side

Variance (NSV), defined as the variance of only the negative gradients in the distribution

of the decay rates, correlates well with the room decay rate, and by using a polynomial

mapping function, the NSV can be used as an estimator for the T60. The mapping function

must be trained on a suitable clean speech database that has been convolved with AIRs of

known T60. The NSV denoted by �2
x

´ is defined as the variance of a symmetrical distribution,

f
x́

p�q, with the same negative-side distribution of the original distribution, f
x

p�q, as in

f´
x

p�q “

$

&

%

f
x

p�q for � § 0

f
x

p´�q for � ° 0.
(3.13)

Let �pk, lq equal the estimated decay rate for frequency band k and time frame l in a signal

containing K frequency bands and L frames, and

�1pk, lq “ �pk, lq for �pk, lq † 0 (3.14)

where only negative � are relevant to decays. In the baseline approach of [87] the NSV is

calculated as

�2
x

´ “ 1

KL

K

ÿ

k“1

L

ÿ

l“1

p�1pk, lqq2. (3.15)

If the point of observation is closer to the source than the critical distance, the

energy in the direct sound is greater than that of the reverberant signal, and for a speech

endpoint, there will be an initial energy drop in transition between the direct sound and

the reflected decaying sound. This will cause negative gradient estimates to be steeper and
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will lead to an underestimation of the T60. This can be mitigated using a multi-channel

approach and a null-steered beamformer to remove the direct path as in [90].

As was observed in [109], the SDD method is susceptible to noise because the noise

a↵ects the gradient estimate of the decay rate in each time-frequency bin. Higher levels of

noise will cause the gradient to tend to 0 biasing the estimate. Figures 3.1 to 3.5 show

the gradients of the TIMIT speech signal TEST/DR1/FAKS0/SI1573 in time-frequency

bins. Colours are used to represent the magnitude of the gradient of the signal in each

time-frequency bin with brown representing a steep signal onset and dark blue representing

a signal decay. In this representation, the largest magnitude gradients are likely to be

speech onset and decays. Comparing Figs. 3.1 to 3.3, it can be seen that as the T60 decreases,

the number of large magnitude gradients increases. This is because the reverberation

will tend to fill the gaps between speech peaks and reduce the gradients within a given

time-frequency bin. Comparing Figs. 3.3 to 3.5, it can be seen that as the SNR decreases

Figure 3.1: Time-frequency bin gradients for T60 = 600ms, SNR = 35 dB

and the amount of additive noise increases, the number of large magnitude gradients

decreases. Noise however decreases the number of large magnitude gradients much greater
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Figure 3.2: Time-frequency bin gradients for T60 = 400ms, SNR = 35 dB

than T60 as shown by comparing Figs. 3.1 and 3.5. The consequences are that the SDD

method grossly overestimates the reverberation time at low SNRs.

The SDD method was also shown in [109] to have a high computational cost relative

to other estimators such as [77,85]. This is because a least squares regression is required

for each time-frequency bin and the large number of frequency bands used.

3.3 Proposed method

3.3.1 The SDD method with reduced computational cost

The proposed method follows a perceptually-motivated frequency analysis and employs a

filter bank with uniformly spaced filters on the Mel frequency scale [112]. The number of

Mel-spaced bands is much less than the number of STFT bands so that the computational

complexity of the least squares fitting procedure in the proposed algorithm is correspondingly

reduced compared to the baseline SDD. Additionally, since the Mel-spaced bands are formed
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Figure 3.3: Time-frequency bin gradients for T60 = 200ms, SNR = 35 dB

by weighted averaging of STFT bins, this also gives some reduced sensitivity to noise. It

can be seen from the Bienaymé formula [113] for uncorrelated random variables

V ar

˜

n

ÿ

i“1

X
i

¸

“
n

ÿ

i“1

V arpX
i

q, (3.16)

for a population with a small variance (i.e. the noise) and a population with a large

variance (i.e. the speech) that in the limit where the ratio of the variances approaches

infinity, the variance can be assumed to be the variance of the speech. This proposed

algorithm is referred to as SDD with Mel-spaced frequency bands (SDDMSB).

3.3.2 SDD T60 estimation robust to noise

To reduce further the e↵ect of noise on the T60 estimation variance, two additional concepts

will be invoked in the algorithm for computing a representative decay rate for the signal

given �pk, lq, the raw decay rates estimated at each frequency band in each time frame:
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Figure 3.4: Time-frequency bin gradients for T60 = 200ms, SNR = 15 dB

1. Selection of time-frequency bins where there is more likelihood of speech being present

based on their decay rates for a given SNR

2. Switching of the selection method depending on the a posteriori SNR estimate

To illustrate this approach, consider time-frequency bins containing frames of the log mag-

nitude speech spectrum averaged over Q Mel-spaced frequency bands near the fundamental

frequency of the speech, typically between 85 and 255 Hz [114,115]. The most negative

gradients of these frames determined using least squares fitting for (3.12) will follow the

decay of the speech with the reverberation tail. Now consider similar time-frequency bins

containing noise that is uncorrelated with the speech and independent. The gradients of

the frames containing noise will tend to zero. In the case of noisy reverberant speech, SDD

estimation can be made more robust to the noise by basing it on the first of the above two

cases, i.e. by selecting the highest negative decay rate gradients from time-frequency bins

from (3.16).



3.3 Proposed method 78

Figure 3.5: Time-frequency bin gradients for T60 = 200ms, SNR = 5 dB

Next, mode-switching of the T60 estimation algorithm for operation in noise is

employed, with switching controlled according to the input SNR. The choice of SNR

threshold values in the following definitions of the modes will be explained below in

Section 3.4.

• Mode A: for input SNRs better than 30 dB where the energy decay values across all

frequency bands are used to determine the NSV and hence the T60 as in SDD.

• Mode B: for input SNRs between 15 and 20 dB a selection is made of energy decay

values representative of clean speech is obtained by selecting the most negative

gradient within each time frame across all frequency bands to estimate the NSV.

• Mode C: for input SNRs below 10 dB where noise power may exceed the speech power

in a given time-frequency bin and produce large erroneous decays, the frames most

likely to contain speech are identified under these conditions and it is assumed that

the fundamental frequency of the speaker will tend to occupy one frequency band

for most of the speech signal. To obtain the NSV in mode C the variance of each
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entire frequency band for all frames is therefore computed, and the largest of these

variances is selected.

The NSVs for modes A, B and C respectively are defined as

�2
A

p�q “ �2
x

´

�2
B

p�q “ 1

L

L

ÿ

l“1

ˆ

min
q

p�pq, lqq
˙

2

�2
C

p�q “ max
q

˜

1

L

L

ÿ

l“1

p�1pq, lqq2
¸

,

(3.17)

where q is the index of the qth Mel frequency band. Averaging is employed in order to

provide a smooth transition between modes, and also because the optimal SNRs for each

mode are not contiguous. The estimated T60 is therefore given by

xT
60

“ ´3 log 10

$
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1
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mp�2
C

p�qq for ⇠ † 10

(3.18)

where mp¨q is a mapping function between the NSV and � (as defined in (3.9)), and ⇠ is

the SNR of the reverberant speech in decibels, which in practice is obtained from a noise

estimator such as ESG discussed in Chapter 2. In tests, mode C was found experimentally

to be most e↵ective when used with at least 30 frequency bands in the Mel-frequency filter

bank. Estimation accuracy of the algorithm was found to converge within three TIMIT

utterances (approximately 8 s of speech) when trained on a single utterance. Therefore to

be able to process realistic length audio streams, signals were split into 8 s blocks with T60

estimates found from the average across all blocks. Note that the consideration of bias

within this estimator is beyond the scope of this chapter. This algorithm will be referred

to as SDD with Mel-spaced frequency bands and selective averaging (SDDSA).



3.4 Performance evaluation 80

3.4 Performance evaluation

The proposed algorithm was trained and tested using simulated test signals at f
s

“ 8 kHz.

Speech signals were randomly selected from the training and test partitions of TIMIT [19] to

produce exclusive training and test datasets. Speech signals were convolved with simulated

AIRs, generated separately for training and testing using the source-image method [97,110]

for a room with dimensions 5ˆ 4ˆ6m, a source-microphone distance of 2m, and T60 values

from 200 to 950ms in 150ms intervals. The source position was p2.0, 1.5, 2.0q and the

receiver position was p2.0, 3.5, 2.0q. Training signals comprised single utterances from each

of four di↵erent male and four di↵erent female speakers, whilst test signals comprised six

utterances concatenated from each of four di↵erent male and four di↵erent female speakers

to provide realistic tests on long sentences, and to avoid any per-speaker bias. The virtual

source-microphone distance was always greater than the critical distance.

As mentioned in Section 3.2.2, the method assumes that the microphone is in the

di↵use field. In practice this is achieved when the level of reverberation is greater than

the level of the direct signal, that is to say that the DRR † 0 dB. Table 3.2 shows the

estimated DRRs of each AIR, h, computed using (3.7). Since these DRRs are all † 0 dB, the

T60 (ms) 200 350 500 650 800 950

DRR (dB) ´0.39 ´7.0 ´10 ´12 ´14 ´15

Table 3.2: Estimated DRR of AIRs used in experiments

performance evaluation was conducted in the di↵use field.

Babble, White, Factory1 and Volvo noise signals, vpnq, from NOISEX-92 [20] were

added to the reverberant speech test signals to simulate realistic noisy conditions. To obtain

a noisy reverberant speech signal at the test SNR, ⇠, each noisy reverberant speech test

signal, ypnq, was constructed by convolving a clean speech signal, xpnq with the respective

AIR, h, as in (3.1) to (3.3), and then mixed with the appropriate noise as

ypnq “ hTxpnq ` vpnq?
⇠
s?

⇠
(3.19)
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where ⇠
s

is power ratio of the unprocessed speech and noise signals given by

⇠
s

“ A
x

Et|vpnq|2u , (3.20)

where A
x

is the active speech level estimated using ITU-T P.56 Method B [25] of the entire

reverberant speech utterance without noise, given by hT

m

xpnq, and Et¨u is the expectation

operator.

A one-time o✏ine training procedure was used to determine the mapping function,

mp¨q, for the relationship between the NSV and �, as defined in (3.9), derived using a fourth

order polynomial fit using the training dataset and the oracle T60 without noise. SDDSA was

tested with the oracle SNR as well as the SNR from two state-of-the-art noise estimators:

an implementation [37] of Gerkmann [30]; and Hendriks [29], henceforth referred to as

SDDSA-G and SDDSA-H respectively. In addition, for each estimator the mode switching

thresholds in (3.18) were optimized to minimize overall T60 RMS error in white noise. The

risk of training the thresholds too specifically to the training data used was mitigated by

reviewing the results across all noise types.

To evaluate SDDSA the SDD, SDDMSB, SDDSA-G, and SDDSA-H methods were com-

pared in terms of RMS T60 estimation error as a function of either the oracle T60 or SNR. In

addition, the estimated RTF for each algorithm was determined by measuring the elapsed

processing time using the Matlab cputime.m function for each call and calculating the

mean time per algorithm divided by the mean speech file duration. Tests were performed

in Matlab on a 2.3GHz Intel i5 Core processor with 4 GB 1.333GHz Double Data Rate

Type Three (DDR3) Synchronous Dynamic Random Access Memory (SDRAM).

3.5 Results and discussion

The performance of the T60 estimation algorithms were analysed using simulated data.

First, SDDSA and SDDMSB with SDD were compared. Figures 3.6 and 3.7 show the RMS T60

estimation errors for the each method in Babble noise by SNR and T60 respectively. RMS

T60 estimation error for SDD was typically over 200ms rising to over 250ms above 25 dB

SNR whereas with SDDSA the RMS error was reduced to within 120ms at 5 dB SNR and

above. The justification and advantages of the switching scheme (3.18) can be seen in
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Figure 3.6: T60 RMS estimation error by SNR and computation method in Babble noise
using TIMIT speech in T60s from 200 to 950ms in 150ms intervals

Test signal input T60 (ms)
200 300 400 500 600 700 800 900

R
M
S

T
60
es
ti
m
a
ti
o
n
er
ro
r
(m

s)

30

50

70

100

120

150

200

300

500

700

1000

1200

1500

SDD
SDDMSB
Mode A
Mode B
Mode C
SDDSA

Figure 3.7: T60 RMS estimation error by T60 and computation method in babble noise
using TIMIT speech in SNRs from 0 to 35 dB in 5 dB intervals
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Figure 3.8: T60 RMS estimation error by SNR and computation method in Babble noise
using TIMIT speech in T60s from 200 to 950ms in 150ms intervals
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Figure 3.9: T60 RMS estimation error by SNR and computation method in Babble noise
using TIMIT speech in SNRs from 0 to 35 dB in 5 dB intervals
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Figure 3.10: T60 estimation error by noise type and computation method at a specific
operating point (T60 = 350ms and SNR = 10 dB)

Fig. 3.6 which shows the T60 RMS estimation error for each mode as a function of SNR and

that the lowest errors occur at di↵erent SNRs for each mode. Figures 3.8 and 3.9 show the

estimation error of the SDDSA, SDDSA-G and SDDSA-H, the latter two both before and after

threshold optimization. The case where the SNR is known a priori gives the lowest RMS

T60 estimation error overall.

Using noise estimators with optimized thresholds brings the RMS T60 estimation

errors to within approximately 50ms of the case where the SNR is known a priori, with

noise estimation errors having the greatest impact on the T60 estimate at SNRs of 20 dB and

above. Noise estimation error is typically larger when the SNR is very large or very small

hence the wide variation in results at 35 dB SNR shown in Fig. 3.8. Figure 3.10 shows the

variation in estimation error at an example operating point with a T60 of 350ms and an

SNR of 10 dB in a range of noise types illustrating the e↵ect of di↵erent speakers on the

algorithm. On each box, the central mark is the median, the edges of the box are the 25th

and 75th percentiles, the whiskers extend to the most extreme data points not considered

outliers, and outliers are plotted individually. Errors greater than 800ms are not shown

since this level of error would not result in a reliable estimator.
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Table 3.3 shows the RTF for each T60 estimation method. Whilst the RTF was larger

than with the SDDMSB method, a fourfold (4ˆ) improvement over the SDD method is

obtained. The higher RTF of SDDSA when compared to SDDMSB is due to the larger number

of frequency bands needed to be able to di↵erentiate the speech from the noise at low SNRs.

SDD SDDMSB SDDSA SDDSA-G SDDSA-H

2.97 0.26 0.67 0.68 1.51

Table 3.3: Comparison of RTF for T60 estimation methods

3.6 Conclusion

Non-intrusive estimation of reverberation time T60 from reverberant speech has been an

important research topic for several years. It was shown in [109] that the method of Wen et

al. [87] and two other state-of-the-art non-intrusive T60 estimation algorithms [77, 86]

are strongly biased in the presence of additive noise. A novel SDD-based T60 estimation

algorithm1 has been presented that provides increased accuracy, reduced computational

cost, and substantial robustness to additive noise with RMS T60 estimation errors of 120ms

or better for SNRs of 5 dB and above over a wide range of realistic noises degrading to

around 250ms at 0 dB. It has been shown that recent noise estimators such as Gerkman

et al. [30] can be used instead of the oracle SNR without significantly degrading the T60

estimation accuracy. The algorithm is also the subject of a publication [1].

1Code available on http://www.commsp.ee.ic.ac.uk/„sap/projects/blind-estimation-of-acoustic-
parameters-from-speech/blind-t60-estimator/ password:bBs96K
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Chapter 4

Non-intrusive

Direct-to-Reverberant Ratio

estimation from degraded speech

4.1 Introduction

THE Direct-to-Reverberant Ratio (DRR), the level of an audio signal relative to the

reverberation, introduced in Chapter 3, like the T60, is another important parameter

for quantifying room acoustics. As with the T60, speech enhancement algorithm performance

can typically be improved if the DRR is known [17], and together with T60 describes the

envelope of the reverberation following the endpoint of an audio signal. An existing objective

measure of the DRR is that of Mosayyebpour et al. [67] discussed in Chapter 3, Section 3.1.

This method relies on information in the AIR regarding the onset and decay characteristics

of the reverberation. However, when the AIR is not available, which is typically the

case in many practical applications, the DRR must be estimated non-intrusively from the

speech signal. The DRR is typically frequency-dependent [111], and an estimator that

can also provide frequency-dependent DRR estimates could be used to provide an e�cient

dereverberation scheme for example by focusing the dereverberation on those frequencies

where the DRR is low and thus problematical for speech quality and intelligibility.
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4.1.1 E↵ect of DRR on a speech signal

Existing methods for non-intrusively estimating T60 from speech - a related problem to non-

intrusive DRR estimation - rely on extracting decay information from the signal in frequency

bands from speech endpoints as was discussed in Chapter 3. Whilst T60 is nominally the

same for an entire room, DRR is dependent on the source-microphone configuration. In a

single-channel signal, when the DRR is positive such as when the microphone is in the near

field and the distance from the microphone to the source is less than the critical distance,

there is a drop in the total signal level after an abrupt signal endpoint. In the far field

however, when the DRR is negative, the amplitude of the of total signal (speech mixed

with reverberation) will be greater than the speech signal. This is illustrated in Figs. 4.1

to 4.3 where four di↵erent T60 and DRR scenarios are considered using the word “sailboat”

from the TIMIT training dataset utterance “A sailboat may have a bone in her teeth one

minute and lie becalmed the next” .

Figure 4.1 (a) shows the word “sail” without reverberation. Fig. 4.1 (b) shows

the same utterance where the T60 is low and the DRR is high, an acoustic environment

typically found in small rooms where the talker is close to the microphone. The tail of

the reverberant speech signal is very similar to the clean speech. In Fig. 4.1 (c), the T60

is high and the DRR is high, an acoustic environment typically found in large sparsely

furnished rooms where the talker is close to the microphone. Both the tail and the body of

the reverberant speech signal di↵ers from the clean speech.

Figure 4.2 (a) again shows the word “sail” without reverberation for reference.

In Fig. 4.2 (b) where the T60 is low and the DRR is low, an acoustic environment which

might be found in small rooms where the talker is far from the microphone, there are

significant di↵erences in both the tail and the body of the reverberant speech compared

to the clean speech. In Fig. 4.2 (c) where the T60 is high and the DRR is low, an acoustic

environment typically found in large sparsely furnished rooms where the talker is far from

the microphone, it is di�cult to identify the onset or endpoint of the reverberant speech.

The body is significantly shifted in time and the amplitude changed.

Figure 4.3 shows both the clean speech without reverberation (a) and the reverberant

speech of the next frame in the sequence after Fig. 4.2. The endpoint of the word “sail” is

completely obscured by the reverberation, and the word “boat” is combined with a large
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Figure 4.1: TIMIT training dataset utterance “A sailboat may have a bone in her teeth
one minute and lie becalmed the next” in low and high T60 with high DRR scenarios.
(a) is without reverberation, (b) is with reverberation at T60“200ms and DRR“11.4 dB,
and (c) is T60“1000ms and DRR“5.76 dB.

amount of reverberation from the word “sail”. Under these circumstances, it is no longer

possible to determine the original amplitude of the speech, and using amplitude or envelope

as a feature will not provide a good estimate. Since amplitude and envelope features do not

di↵erentiate di↵erent DRR conditions, either di↵erent features must be used which enable

the reverberation to be distinguished from the speech, or spatial information must be used

to localize the source, or otherwise separate the direct signal from the reverberant signal.
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Figure 4.2: TIMIT training dataset utterance “A sailboat may have a bone in her teeth
one minute and lie becalmed the next” in low and high T60, low DRR scenarios, (a)
without reverberation, (b) with reverberation at T60“200ms and (c) with reverberation
at T60“1000ms and DRR“´3.79 dB.

4.1.2 Methods for non-intrusive DRR estimation in the literature

Early research into DRR showed that it may be useful in providing distance information

in reverberant environments to human listeners as summarised in [116]. Motivated by

estimating the distance of a source from the receiver using audio signals, Lu et al. [117] took

a perceptually motivated approach to non-intrusive DRR estimation based on the human

auditory system employing an equalization and cancellation scheme. The equalization

used to cancel the direct signal is determined from the instantaneous power ratio of the

non-delayed and delayed channels. This equalization scheme is however signal dependent.
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Figure 4.3: Continuation of Fig. 4.2, TIMIT training dataset utterance “A sailboat may
have a bone in her teeth one minute and lie becalmed the next” in low and high T60,
low DRR scenarios, (a) without reverberation, (b) with reverberation at T60“200ms
and (c) with reverberation at T60“1000ms and DRR“´3.79 dB.

A correlation between estimated DRR and distance is demonstrated but DRR estimation

accuracy is not reported.

Another recent approach to non-intrusive DRR estimation is to use spatial coher-

ence between channels of omnidirectional microphones [118,119], which was extended to

directional microphones [120,121]. These methods assume that all non-coherent energy is

reverberation and that the direct sound is coherent and thus provide the DRR estimate.

For negative DRRs, Hioka et al.’s method shows errors of approximately 5 dB.

Falk et al. [122] observed a correlation between modulation spectrum features and



4.1 Introduction 91

DRR. Long-term temporal dynamic cues derived from the modulation spectrum produce

the SRMR computed in modulation frequency bands and mapped to DRR after training on

a suitable speech corpus. Whilst a DRR estimator is proposed, the performance of the DRR

estimator is not reported.

In the related task of T60 estimation, Dumortier et al. [90] proposed using spatial

selectivity to enhance the reverberant signal such that its dynamics can be observed more

clearly. This is potentially a promising approach for DRR estimation.

4.1.3 Aims and organisation of this chapter

There remains the opportunity to devise an accurate low-complexity non-intrusive DRR

estimator from speech. In this chapter, a novel DRR estimation method is proposed where

spatial selectivity is used to separate direct and reverberant energy, and account for noise.

The method is applicable where the signal was recorded with two or more microphones,

as can be found in many mobile communications devices and laptops. The formulation

considers the response of the beamformer to reverberant sound and the e↵ect of noise.

The method uses a null-steered beamformer to attenuate the direct sound thus yielding

the reverberant signal only in the beamformer output. By comparing the power in the

direct sound versus the power in the beamformer output, and compensating for the gain

of the beamformer, an estimate of the DRR is obtained. The proposed method is thus

called DRR Estimation using a Null-Steered Beamformer (DENBE). In simulations, DENBE

yields DRR estimates with a standard deviation of 4 dB across a wide variety of room

sizes, reverberation times and source-receiver distances. It is also shown that the proposed

method is more robust to background noise than a baseline approach. The best estimation

accuracy is obtained in the region from ´5 to 5 dB which is a relevant range for mobile

devices.

The remainder of this chapter is organised as follows: In section 4.2 the DENBE

method is presented. In section 4.3 the performance is evaluated, and in section 4.4

the results are compared with the baseline [118]. Finally, conclusions are presented in

Section 4.5.
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4.2 The DENBE Method

4.2.1 Operating principle

Consider noisy reverberant speech observed in a room. Spatial filtering or beamforming

uses a weighted combination of two or more microphone signals to achieve a particular

directivity pattern. Consider a beamformer directed at the source of the speech where the

beamformer weights are determined such that the source is cancelled out. This is known

as a null-steered beamformer. Only the reverberation and noise will appear in the output

of the beamformer since the direct signal has been removed. By comparing the noisy

reverberant speech signal with the reverberant signal from the output of the beamformer, it

may be possible to deduce the clean speech signal and thus the DRR. However, the amount

of reverberation in the output of the beamformer emanating from a given direction and

frequency depends on the gain of the beamformer in that direction and frequency. Similarly

the amount of noise in the output of the beamformer depends on the beamformer gain.

By accounting for the gain of the beamformer and the impact of the noise, an accurate

estimate of the DRR can be obtained. This is the principle upon which the DENBE method

is based.

4.2.2 Acoustic model

This method will be presented first in continuous time and then mapped to the corresponding

discrete time for implementation. Also, the formulation is initially presented for an

arbitrary number of microphones and does not assume a particular method of solving for

the directivity pattern of the beamformer. A reverberant signal y
m

ptq, continuous in time,

t, captured by the mth microphone in an array of M microphones in a room is characterised

by the AIR, h
m

ptq, of the acoustic channel between the source and the mth microphone

such that

y
m

ptq “ x1
m

ptq ` v
m

ptq, (4.1)

where v
m

ptq is the additive noise at the mth microphone, and x1
m

ptq is the reverberant

speech at the mth microphone. The reverberant speech, x1
m

ptq, can be considered to be a
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convolution with the AIR, h
m

ptq, as

x1
m

ptq “
`8
ª

⌧“´8
xp⌧qh

m

pt ´ ⌧q. (4.2)

where, xptq, is a speech signal, continuous in time radiating from a given position in a

room.

The AIR is a function of the geometry of the room, the reflectivity of the surfaces in

the room, and the microphone locations. The AIR for each microphone can be considered

in terms of separate AIRs for the direct path, h
m,d

ptq, and the reverberant path, h
m,r

ptq,
as

h
m

ptq “ h
m,d

ptq ` h
m,r

ptq, (4.3)

The DRR at the mth microphone, s�
m

, is the ratio of the power arriving directly at the

microphone from the source to power arriving at the mth microphone after being reflected

from one or more surfaces in the room [62]. It can be written as

s�
m

“
≥ |h

m,d

ptq|2dt
≥ |h

m,r

ptq|2dt . (4.4)

When the AIR is convolved with a speech signal, the observation at the mth microphone is

the Signal-to-Reverberation Ratio (SRR), �, given by

�
m

“
Et|x1

m,d

ptq|2u
Et|x1

m,r

ptq|2u , (4.5)

where Et¨u is the mathematical expectation, the direct speech signal, x1
m,d

ptq, is given by

x1
m,d

ptq “
t

ÿ

⌧“´8
xp⌧qh

m,d

pt ´ ⌧q, (4.6)

and x1
m,r

ptq is defined similarly. The SRR is equal to the DRR in the case when xptq is

spectrally white. The aim of non-intrusive or blind DRR estimation is to estimate �
m

from

the observed signals. In the proposed approach spatial selectivity is used to separate the

direct and reverberant components of the sound field. Also, the SRR is estimated in narrow

frequency bands, thus the result in any one frequency band approaches the DRR.
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4.2.3 Beamforming in the frequency domain

The output, Zpj!q, of a beamformer in the complex frequency domain is given by [123]

Zpj!q “ wT pj!qypj!q, (4.7)

where wpj!q “ rW
0

pj!q,W
1

pj!q, . . . ,W
M´1

pj!qsT is a vector of complex

weights for each microphone forming the beamformer response, and ypj!q “
rY

0

pj!q, Y
1

pj!q, . . . , Y
M´1

pj!qsT is the vector of microphone signals.

Let the signal at the mth microphone due to a unit plane wave incident on that

microphone be X
m

pj!,⌦q, where ⌦ “ p�, ✓q is the Direction-of-Arrival (DoA), and ✓ and �

are the azimuth and elevation of DoA, respectively. The beam-pattern of the beamformer

is given by

Upj!,⌦q “ wT pj!qxpj!,⌦q, (4.8)

where

xpj!,⌦q “ rX
0

pj!,⌦q, X
1

pj!,⌦q, . . . , X
M´1

pj!,⌦qsT .

4.2.4 Estimation of DRR in the frequency domain

It will now be considered how to use the beamformer to estimate DRR. From (4.1) and

(4.3), the signal at the mth microphone in the frequency domain is defined as

Y
m

pj!q “ D
m

pj!q ` R
m

pj!q ` V
m

pj!q (4.9)

where D
m

pj!q “ H
m,d

pj!qSpj!q is the direct path of the speech at the mth microphone,

R
m

pj!q “ H
m,r

pj!qSpj!q is the reverberant speech at the mth microphone, and V pj!q is

the noise at mth microphone. From (4.7),

Z
y

pj!q “ Z
d

pj!q ` Z
r

pj!q ` Z
v

pj!q, (4.10)

where Z
d

pj!q “ wT pj!qdpj!q is the beamformer output due to the direct path of the

speech signal, Z
r

pj!q “ wT pj!qrpj!q is the beamformer output due to the reverberant
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speech, Z
v

pj!q “ wT pj!qvpj!q is the noise at the beamfomer output, and where

dpj!q “ rD
0

pj!q, D
1

pj!q, . . . , D
M´1

pj!qsT , (4.11)

rpj!q “ rR
0

pj!q, R
1

pj!q, . . . , R
M´1

pj!qsT , (4.12)

vpj!q “ rV
0

pj!q, V
1

pj!q, . . . , V
M´1

pj!qsT . (4.13)

The beamformer weights, wpj!q, are chosen such that Z
d

pj!q “ 0, thus

Z
y

pj!q “ Z
r

pj!q ` Z
v

pj!q. (4.14)

It is assumed that the reverberant energy is the same at all microphones as

Et|Rpj!q|2u “ Et|R
m

pj!q|2u @m “ 1 : M, (4.15)

and that the reverberant sound field is isotropic, i.e. it is composed of plane waves arriving

from all directions with equal probability and magnitude. The output of the beamformer

due to reverberant energy at the microphones can be written in terms of

Et|Z
r

pj!q|2u “ G2pj!qEt|Rpj!q|2u, (4.16)

and from (4.8),

G2pj!q “
ª

⌦

|Upj!,⌦q|2 d⌦. (4.17)

Substituting (4.14) into (4.16) and rearranging, assuming that the reverberation and noise

signals are uncorrelated, gives

Et|Rpj!q|2u “ 1

G2pj!q
`

Et|Z
y

pj!q|2u ´ Et|Z
v

pj!q|2u
˘

. (4.18)

Since it is assumed that the reverberation power is the same at all microphones, from (4.9)

and (4.15), then

Et|D
m

pj!q|2u “ Et|Y
m

pj!q|2u ´ Et|V
m

pj!q|2u ´ Et|Rpj!q|2u. (4.19)
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The frequency dependent DRR follows from (4.4) as

�
m

pj!q “ Et|D
m

pj!q|2u
Et|Rpj!q|2u . (4.20)

Substituting (4.18) and (4.19) into (4.20) gives

�
m

pj!q “ Et|Y
m

pj!q|2u ´ Et|V
m

pj!q|2u
1

G

2pj!q pEt|Z
y

pj!q|2u ´ Et|Z
v

pj!q|2uq ´ 1, (4.21)

or

�
m

pj!q “ G2pj!qpEt|Y
m

pj!q|2u ´ Et|V
m

pj!q|2uq
Et|Z

y

pj!q|2u ´ Et|Z
v

pj!q|2u ´ 1. (4.22)

The overall DRR is then given by

s�
m

“ 1

!
2

´ !
1

ª

!2

!1

�
m

pj!q d!, (4.23)

where !
1

§ ! § !
2

is the frequency range of interest. This formulation requires knowledge

of the noise at the mth microphone, Et|V
m

pj!q|2u, and the noise in the beamformer output,

Et|Z
v

pj!q|2u. In a practical application it is assumed that a noise estimator robust to

reverberation such as ESG [30] from Chapter 2 can be used to obtain these noise power

values.

4.3 Performance evaluation

Three rooms were chosen measuring t3m, 4m, 5mu ˆ 6mˆ3m. A two-element microphone

array was used with a spacing of 0.062m to simulate the microphones on an example device

such as a laptop. In each room four locations and rotations of the microphone array were

chosen at random from a uniform distribution. The source was positioned perpendicular to

the microphone array at distances of 0.05, 0.10, 0.50, 1, 2, and 3m as shown in Fig. 4.4. No

microphone or source was allowed to be less than 0.5m from any wall. This arrangement

was chosen to match the conditions in a real room where the walls are seldom perfectly

parallel, and the source-microphone alignment is seldom perfectly parallel with any of

the walls. This was performed to avoid large first order reflections from the wall behind

the source and the wall behind the microphone directly back to the microphone. AIRs for

each room were generated using T60 values of 200 to 1000ms in 100ms intervals using the
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Figure 4.4: Room arrangement for the experiments

source-image method [97,110]. Speech signals randomly selected from the test partitions

of TIMIT [19] were convolved with the AIRs and white noise added at 10, 20, and 30 dB

SNR using (3.19). Since the method has potentially broader application than speech since

the statistics of speech are not assumed in the method, all experiments were conducted at

f
s

“ 16 kHz.

Beamformer weights were chosen using a delay-and-subtract scheme to steer a null

towards the DoA of the direct path. Since all source positions were equi-distant from the two

microphones, this reduces to a simple subtraction giving the familiar dipole beam pattern

shown in Fig. 4.5. In practical applications a Time-Di↵erence-of-Arrival (TDoA) estimator

such as Generalized Cross-Correlation with Phase Transformation (GCC-PHAT) [124] could

be used to set the delay.

Ground truth DRR in fullband was computed for each room, T60, microphone and

source position directly from the simulated AIRs. White Gaussian noise was added

independently for each microphone at SNRs of 10, 20, and 30 dB where the clean speech

power was determined using an implementation of ITU-T P.56 [25,37].

Two experiments were conducted. In the first experiment the DENBE method using

oracle values for the noise powers Et|V
m

pj!q|2u and Et|Z
v

pj!q|2u is compared with the
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Figure 4.5: 2-channel null-steered beamformer gain and directivity pattern at 200 Hz
with a microphone spacing of 0.062m. The maximum gain is ´9.4 dB.

DENBE method where these noise powers are set to zero ignoring the e↵ects of noise, and

with the baseline method. In order to evaluate the e↵ects of noise estimation errors on the

accuracy of the DRR estimator, a second experiment was conducted with the noise powers

Et|V
m

pj!q|2u and Et|Z
v

pj!q|2u in (4.22), increased and decreased by 1.5 dB.

The baseline method for comparison was chosen to be that of Jeub et al. [118]

because it is a recent 2-channel DRR estimation method where the authors claim accurate

results. The method returns a vector of estimated DRR by frequency, and the mean of the

values ° ´8 was used in comparisons.

4.4 Results and discussion

The DRR estimation accuracy of the DENBE and baseline algorithms at SNRs of 10 dB,

20 dB, and 30 dB is shown in Fig. 4.6. To calculate the first and second order statistics,

DRR estimates were binned according to their ground truth DRR in 1 dB intervals.

As can be seen in Fig. 4.6, the DENBE method estimates with a standard deviation of

4 dB across DRRs ranging from ´5 to 5 dB. As DRR decreases the DENBE method tends to
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Figure 4.6: Results for the DENBE method, DENBE method without noise compensa-
tion, and the baseline at 10, 20 and 30 dB SNR. Results have been aggregated into 1 dB
bins

overestimate DRR. This is a result of the assumption that reflections arrive from all angles

with equal probability. For a particular room and T60, lower DRRs are obtained with larger

source-microphone distances. This in turn results in the strong early reflections arriving

from directions which are closer to the direct path DoA and are therefore more attenuated

by the beamformer null. By under-accounting for these early reflections in (4.16) the DRR

is overestimated.

For positive DRRs the mean estimate is unbiased but has a relatively high variance.

Again this is most likely due to the assumption that the reverberation is isotropic. However,

the distribution of strong early reflections is more random than for negative DRRs, and so

they will be attenuated to a greater or lesser extent by the beam pattern depending on
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their direction of arrival.

The importance of including noise in the formulation is shown by comparing the

DENBE method with and without noise compensation to the baseline. Without noise

compensation the DENBE method follows the tendency of the baseline to underestimate

DRR as noise increases. Conversely with the DENBE method (with noise included in the

formulation) accuracy is consistent across the range of SNRs shown with an increase of

approximately ˘ 1 dB in the standard deviation of the estimates at SNR “ 10 dB.

The sensitivity to errors in noise estimation at the reference microphone and at the

output of the beamformer is shown in Fig. 4.7. Where there are errors of opposite polarity

a↵ecting the direct and beamformed power, the DRR estimates remain close to the case

where there is no error, e↵ectively cancelling each other out. Where the errors are of the

same polarity, there is an additive e↵ect with a ˘1.5 dB error on each term leading to a

˘3 dB error overall. This suggests that the method is more sensitive to the bias in a noise

estimator than its variance.

Figure 4.7: E↵ect of noise estimation errors on mean DRR estimates at 20 dB SNR



4.5 Conclusion 101

4.5 Conclusion

A novel method for non-intrusive estimation of DRR from multi-channel speech taking noise

into account has been presented. The method shows more robustness to noise at realistic

SNRs than a baseline based on spatial coherence. This is achieved by compensating for the

bias caused by the presence of uncorrelated noise at the microphones. Whilst the tests

performed were limited to two channel configurations, the method can be applied to a

multi-channel system with an arbitrary number of microphones with the selection of an

appropriate beamformer.

The formulation returns an estimate of DRR as a function of frequency, and therefore

a frequency dependent DRR could be provided by transforming the estimates by STFT fre-

quency bin into for example International Organization for Standardization (ISO) preferred

frequencies [59] which has potential application in e�cient dereverberation schemes. The

capability to non-intrusively estimate DRR in ISO frequency bands will be further explored

in Chapter 6. Also, since the method does not rely on the statistics of speech it could also

be applied to music.
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Chapter 5

Non-intrusive codec-robust

clipping detection for degraded

speech

5.1 Introduction

CLIPPING is a common problem in voice telecommunications. Clipping of speech

occurs when the amplitude of a signal exceeds the available dynamic range. Clipping

in speech telecommunications is undesirable because it reduces the subjective quality [125],

may result in a loss of intelligibility, and degrades the performance of subsequent speech

processing such as ASR or dereverberation [62]. Whilst mobile handset manufacturers have

developed technologies to handle very high amplitude signals up to 120 dB Sound Pressure

Level (SPL) [126], the use of low cost microphones, and high levels of ambient noise [22],

contribute to a high likelihood of the occurrence of clipping. The application in [126]

suggests that sound pressure might exceed the capability of a typical handset microphone

by a factor of 20 dB, and it is shown in [127] that the speech level from a single talker may

vary by as much as 30 dB.

Codecs are widely used in telecommunication networks and speech recording devices,

and in general, it is not known by a clipping detection algorithm whether the speech has

passed through a codec or not. In many practical cases, such as in the receiver side in
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mobile cellular telephony and video conferencing, the speech prior to passing through a

codec is not available. Waveform codecs such as G.711 [128] aim to preserve waveform

shape and thus features of clipping after decoding. To minimize the bandwidth required

for transmission, codecs used in mobile communications typically divide the sound into

frames, and then attempt to create a similar sound to the current frame that minimizes

the error, or cost function, between the observed sound and the created sound, using

methods such as Code-excited Linear Prediction (CELP) [129]. However, perceptual codecs

such as Global System For Mobile Communications (GSM) 06.10 [130] and Adaptive Multi-

Rate (AMR) [131] modify the cost function to take account of the perceptual significance

of errors so that they no longer minimize waveform errors. Perceptual codecs do not aim

to preserve waveform shape after decoding [132], and therefore will not preserve features of

clipping after decoding as will be demonstrated in Section 5.1.2.

There is therefore a need to be able to detect, and where possible correct, the e↵ects

of clipping in noisy speech that has passed through a codec in order to restore the original

signal.

5.1.1 Definitions of clipped and decoded speech

A clipped sampled speech signal is given by

x̃pnq “

$

’

’

’

’

’

&

’

’

’

’

’

%

⌘`µ`, if xpnq ° ⌘`µ`

xpnq, if ⌘´µ´ § xpnq § ⌘`µ`

⌘´µ´, if xpnq † ⌘´µ´

. (5.1)

where xpnq is the original speech signal, x̃pnq is the clipped speech signal, µ` “ maxpxpnqq
and µ´ “ minpxpnqq, the amplitudes of the most positive and negative samples in xpnq
respectively, and ⌘` and ⌘´ are the clipping levels for positive and negative excursions

respectively, and n is the sample index. A signal whose amplitude is multiplied by a factor

of 2 and clipped at the original peak absolute amplitude has a ⌘ “ 0.5. Clipping level is

also defined relative to 0 dBFS such that

⌘
dBFS

“ 20 log
10

p⌘q. (5.2)
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There is a wide range of standards used to determine headroom in sound programme

connections [133–136]. For the purposes of this work, typical clipping levels are assumed

to lie in the range of ⌘ “ 0.1 to ⌘ “ 1.

The term decoded speech is used in this paper to refer to speech that has been

encoded and subsequently decoded through combinations of one or more waveform or

perceptual codecs. Null codec is used to refer to a codec which passes the signal unchanged.

unencoded speech is used to refer to speech that has not passed through a codec, or has

passed through the null codec.

5.1.2 Properties of clipped speech

Properties of clipped speech in the time domain

The properties of clipped speech will now be analysed in the time and frequency domains.

First the amplitude histogram will be used to analyse clipping in the time domain. The

amplitude pdf of speech has been modelled as a gamma distribution with a shaping

parameter between 0.4 and 0.5 [137,138], and also as a Laplacian distribution [137,139].

The log amplitude histogram of an unclipped speech utterance will therefore typically form

an approximately triangular distribution as will be shown below.

Figure 5.1 (a)–(d) shows: the unclipped time domain waveforms, (e)–(h), their

normalized log amplitude histograms, and (i)–(l), their spectrograms for utterance “Will

Robin wear a yellow lilly” from the test dataset of the TIMIT [19] speech corpus. The

utterance was down-sampled from 16 kHz to 8 kHz, normalized to ˘1 amplitude, and then

coded-decoded using codecs listed in Table 5.1.

Name Type

Null Passes the signal unchanged
G.711 [128] Waveform codec
GSM 06.10 [130] Perceptual codec
AMR [131] at 4.75 kbps Perceptual codec

Table 5.1: Codecs used in Figs. 5.1 and 5.2

The log amplitude histograms in Fig. 5.1 (e)–(f) have a triangular shape that varies

depending on the codec applied. In the case of G.711 this is a result of A-law non-linear



5.1 Introduction 105

Figure 5.1: Waveforms, log amplitude histograms, and spectrograms for the unclipped
signals (⌘ “0 dBFS) for TIMIT test utterance “Will Robin wear a yellow lilly”

quantization. There are small di↵erences in the non-linear quantization of µ-law (used in

North America and Japan) decoded speech versus from A-law (used in Europe), but they
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are not significant in relation to this illustration. In the case of GSM, and AMR it is due to

the perceptual coding and decoding process.

Figure 5.2: Waveforms, log amplitude histograms, and spectrograms for the signals
clipped at ⌘ “´8 dBFS
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Figure 5.2 shows the TIMIT utterance “Will Robin wear a yellow lilly” clipped

according to (5.1) at ⌘ “´8 dBFS, and processed through each of the codecs listed in

Table 5.1. The characteristic limiting of the speech waveform peaks is clearly visible in

Figs. 5.2 (a)–(b) when compared with Figs. 5.1 (a)–(b). However, with the perceptual

codecs in (c)–(d), although the signals appear somewhat clipped, the peaks no longer have

a rigid maximum because perceptual codecs alter signal phase, and cannot encode the

non-linearities caused by clipping.

For the unencoded and waveform-coded clipped speech as shown in Figs. 5.2 (e)–(f),

when compared to the unclipped speech in Figs. 5.1 (e)–(f), the main body of the histogram

is preserved. However, samples with amplitudes exceeding the clipping level appear at the

clipping level, since the amplitude of the speech signal cannot exceed the clipping level.

This creates a spike in the histogram at the clipping level for the positive and negative

excursions of the clipped signal at the clipping level. For the perceptually decoded speech

shown in Figs. 5.2 (g)–(h), the body of the histograms are broadened and their tails are

shortened, but maintain a similar overall shape to the unclipped utterance histograms.

Here, amplitude values at the clipping level have been spread out across a range of values

by the codec, thus removing the spike observable in the unencoded signal in Figs. 5.2

(e)–(f).

Properties of clipped speech in the frequency domain

The frequency domain properties of clipping will now be analysed using the spectrogram.

Clipping a signal generates additional frequencies not present in the original signal [140].

Roughness, or fluctuations of amplitude that occur due to constructive and destructive

interference of sound waves, is a measure of the dissonance between adjacent harmonics

of a complex tone [141]. A clipped speech signal, x̃pnq, is expected to exhibit more

roughness than an unclipped speech signal because new frequencies have been introduced

by the clipping process. Also, processing speech with a perceptual codec itself introduces

distortion [142], as well as band-limiting the speech signal.

The spectrograms for unclipped and clipped speech for the utterance “Will Robin

wear a yellow lilly” are shown alongside the log amplitude histograms in Figs. 5.1 and

Figs. 5.2. In the spectrograms, lighter colours indicate where there is more energy in
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the signal. Horizontal lines show the harmonics of the signal. Significant areas of the

spectrograms are annotated from 1 to 8.

In clipped speech, there is more energy in the upper parts of the spectrogram when

compared to the same unclipped speech as can be seen in Figs. 5.2 (i)–(j) and Figs. 5.1

(i)–(j). The parts of the clipped speech signals indicated by annotations 1-4 have more

energy in highest harmonics than in the unclipped signal. The harmonics of the clipped

speech are at a similar level across all frequencies, whereas in the unclipped speech signal,

the harmonics are at di↵erent levels. As the clipping level decreases so that more samples

are clipped, these e↵ects are accentuated. After perceptual decoding, the e↵ects of clipping

as described above are less pronounced, as indicated by annotations 5-8.

It can be concluded that in both the time and frequency domain, features of clipping

in decoded speech are obscured by the perceptual decoding process. Therefore clipping

detection in perceptually decoded speech is a more di�cult than in unencoded speech

because the codecs used to compress the speech data alter the features of clipped speech.

5.1.3 Clipping detection and restoration algorithms in the literature

Clipping restoration is usually a two stage process involving first detection of the clipped

samples, and then subsequent restoration of the clipped samples. Clipping detection and

restoration algorithms in the literature fall into the following broad categories:

1. Methods that identify when a large number of samples fall within a narrow band of

values at the extremities of the signal [143–148];

2. Methods that identify features of clipping in the amplitude histogram [149];

3. Methods that identify unexpected non-linearities in the speech corresponding to

clipping [150];

4. Methods which use linear prediction to predict the unclipped signal from the clipped

signal and remove unexpected deviations [151];

5. Methods that operate in the frequency domain and predict the original spectrum [152].

6. Methods which assume prior knowledge of the clipped samples [18, 153–155] and

therefore do not deal with the problem of detection.
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The method for detecting clipped samples in a clipped speech signal used in [143–148],

relies upon the existence of flattened peaks in the clipped signal. This method of detection

is described in Atlas et al. [148], is repeated here since it is widely used, and will be used

later in this chapter as a baseline and in combination with other methods.

Let x̃pnq be xpnq of length N samples after clipping according to (5.1). The set of

sample indices ĉ at which samples in x̃pnq are clipped is defined as

ĉ “ tn : 0 § n † N and px̃pnq °  `or x̃pnq †  ´qu (5.3)

where

 ` “ p1 ´ ✏qmax
n

px̃pnqq (5.4)

and

 ´ “ p1 ´ ✏qmin
n

px̃pnqq, (5.5)

for some tolerance ✏, such as 0.01. As can be seen from Fig. 5.2 (g)–(h) when compared

with (e)–(f), the amplitude extremities of the log amplitude histogram of perceptually

decoded clipped speech lie within a much larger range than for unencoded and waveform

decoded speech. Therefore this method will require ✏ " 0.01 to identify clipped samples

in perceptually decoded speech. In increasing ✏, it will be necessary to make a trade-o↵

between many missed detections or many false alarms.

The methods of [149] use features of the time-domain amplitude histogram, hpiq, of
unencoded speech to estimate clipping, where i is the index of each histogram bin. In the

first embodiment of [149], a reference amplitude histogram template is subtracted from the

normalized amplitude histogram, hpiq, of the clipped speech signal, x̃pnq, and di↵erences

between the two are used to determine the presence or absence of clipping.

In [150], the derivative of the signal is used to detect the onset and end-points of

clipped sets of samples for unencoded speech, and in [151], linear prediction is used to

restore the estimated original signal for unencoded speech.

In [152], a spectral transformation of each frequency band using a model spectral

envelope is proposed for unencoded speech. The authors observe that clipping introduces

new peaks into the speech spectrum in the lower frequencies, and that in higher frequencies,

the spectral envelope is flattened. A Gaussian Mixture Model (GMM) approach is used to
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model the peaks in the lower frequencies of the speech spectrum and weight the largest two

peaks assumed to be the first and second formants higher than the rest of the spectrum. In

the higher frequencies, a clean spectral envelope based on prior knowledge of the phoneme

is used to compensate for the flattening e↵ect of clipping. The amount of compensation to

apply is controlled using an estimate of the clipping ratio [156].

The clipping detection and restoration schemes in the literature attempt to solve

the problem of detecting clipped samples in clean speech. Detecting clipped samples in

speech that has passed through a perceptual codec is relatively new and no literature was

identified which attempted to solve this problem.

5.1.4 Aims and organisation of this chapter

This chapter seeks to address the problem of detecting hard-clipping in both unencoded,

waveform decoded and perceptually decoded speech without requiring prior knowledge of

the unclipped signal or the codec used. Motivated by mobile applications, the aim is to

produce reliable algorithms for identifying the clipped samples in a clipped decoded speech

signal suitable for realtime use, that could form part of overall restoration schemes.

The contributions of this chapter are

1. to present an analysis, derivation and evaluation of an time-, frequency- and hybrid

time- and frequency-domain algorithms for non-intruslvely detecting clipping;

2. to show how these algorithms are robust to perceptual codecs and noise; and

3. to compare the results of the proposed algorithms with a clipping detector from the

literature [148] optimized to decoded speech.

The remainder of this chapter is organised as follows: In Section 5.2 a time domain

clipping detection algorithm is presented. In Section 5.3, a frequency domain clipping

detection algorithm is presented. In Section 5.4, a hybrid time- and frequency-domain

clipping detection algorithm is presented based on Iterated Logarithm Amplitude Histogram

(ILAH) and Least Squares Residuals (LSR). In Section 5.5, an improved hybrid time- and

frequency-domain clipping detection algorithm is presented. In Section 5.6, an improved

and simplified time domain detection algorithm is proposed based on ILAH. In Section 5.7,
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the test approach is described along with the method for detecting clipping which is used

as a baseline. In Section 5.8, the outcomes of the tests conducted are reported, and in

Section 5.9, conclusions are drawn.

5.2 ILAH clipping detection algorithm

5.2.1 Operating principles of the ILAH algorithm

The Iterated Logarithm Amplitude Histogram (ILAH) clipping detection algorithm is a

time-domain histogram-based algorithm for estimating clipping in a speech signal which

has been encoded and subsequently decoded. An assumption of the ILAH algorithm is that

the pdf of the speech utterance being analysed approximates the long-term pdf of speech

as modelled in [137–139], and that the amplitude histogram approximates the pdf.

The ILAH algorithm transforms the shape of the amplitude histogram by taking

successive logarithms of the histogram frequencies. This results in an approximately

pentagonal shaped envelope which can be modelled with a series of straight lines to simplify

analysis and to deal with variations between talkers and utterances. Figure 5.3 shows

an illustrative ILAH of clipped speech together with straight line approximations to the

histogram envelope labeled (a) to (d). The triangular-shaped spread of values beneath

Normalised amplitude, u

-4 -3 -2 -1 0 1 2

IL
A

H

0

10

20

30
(b) (d)

(c)

(a)

Figure 5.3: An illustrative ILAH showing the a clipped, perceptually decoded speech
signal on the negative side and a nul-coded signal on the positive side. The red bars
with dashed outline below (b) are caused by the perceptual decoding process.

letter (b) for the negative-amplitudes is assumed also to spread inwards towards the centre

of the histogram, forming a skirt-like shape. In the unencoded or waveform decoded case,

an estimate of the outer gradient in the vicinity of the negative and positive extremities
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of the histogram using only the non-zero values will be positive on the positive side as

shown at (d), and negative on the negative side. In the decoded case, where no spikes are

present, the gradient will be negative on the positive side and positive on the negative side

as shown at (b). The ILAH is typically asymmetric.

The negative and positive sides of the histogram each typically has an inner gradient

near the centre of the histogram and an outer gradient near the extremities of the histogram.

The inner gradients (a) and (c) have been found to be related to the original signal level,

whilst the outer gradient for example (b) has been found to be related to the type of

codec used. The iterated logarithm, denoted log logp¨q, is used to produce the transformed

histogram, h̃piq from the amplitude histogram hpiq, where i is the histogram bin index.

As was discussed in Section 5.1.2, the log amplitude histogram of speech produces and

approximately triangular distribution. Taking a second logarithm and setting h̃piq “ 0

where h̃piq § 0 truncates the sides of the triangle, and flattens the inner gradients, thus

producing a pentagonal-shaped histogram. This was verified experimentally for a wide

range of speech utterances.

Using the shape of the histogram, the ✏ parameter from (5.4) and (5.5) is estimated

for the speech utterance, and then used in (5.3) to estimate ĉ, the clipping level, ⌘, and

the unclipped peak signal amplitude, u
o

.

To illustrate the distinctive features of the transformed amplitude histogram of

clipped speech, h̃piq, the utterance “Even then, if she took one step forward he could catch

her” from the TIMIT [19] training dataset was normalized to satisfy maxp|xpnq|q “ 1, and

passed through di↵erent codecs including the null codec, both unclipped and clipped at

⌘ “´10.5 dBFS. Figure 5.4 (a) to (d) show h̃piq for the unclipped speech, whilst Fig. 5.4

(e) to (f) show h̃piq for the clipped speech.

Clipped samples in x̃pnq cause the negative and positive extremities of h̃piq to be

truncated resulting in an approximately pentagonal-shaped histogram as illustrated in

Figs. 5.4 (e) to (g). In clipped speech after waveform coding, a spike at the amplitude

extremities is observable in h̃piq, whereas after perceptually decoding, the histogram

sides are no longer vertical, and are wider at the base of the histogram at the amplitude

extremities as shown in Figs. 5.4 (g)–(h).
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Figure 5.4: ILAHs of TIMIT training dataset utterance “Even then, if she took one
step forward he could catch her” for each codec, normalized with no clipping (plots
(a) to (d)) and clipped at ⌘ “´10 dBFS (plots (e) to (h)).

5.2.2 ILAH algorithm description

ILAH transform

To perform the ILAH transform, first any DC o↵set from the signal is first removed using

mean subtraction. The signal is then normalised as

¯̃xpnq “ px̃pnq ´ µ
x̃pnqq{⇣ (5.6)

where the normalization factor, ⇣ “ maxp|x̃pnq ´ µ
x̃pnq|q, and µ

x̃pnq is the mean of the

clipped signal. The ILAH is determined by generating the I-bin amplitude histogram, hpiq,
and upiq, from normalised mean-subtracted clipped speech, ¯̃xpnq. Positive and negative
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sides of the signal, denoted by the ` and ´ subscripts, are processed independently within

the algorithm. The ILAH, h̃piq, is then computed as

h̃piq “

$

’

&

’

%

log logthpiqu, if hpiq ° 1

0, otherwise.
(5.7)

A continuous speech pdf is asymptotic to zero at the maximal positive and negative

amplitudes. With a histogram however, the smallest non-zero value of h̃pi
max

q and h̃pi
min

q
is 1. Therefore, to ensure that this asymptotic behaviour is well approximated N " I.

ILAH gradient and original signal level estimation

To determine the gradients of the positive and negative inner sides of the histogram, an

optimal straight line, shown in Fig. 5.3 (a) and (c), is fitted using least squares [157]

and extended to the point where it intersects hpiq Ñ 0, and similarly for the positive

case (c). Let ai ` b “ fpU,Hq represent a first order least squares fit of the values

H “ rh
0

, h
1

, . . . , h
L´1

s over the interval spanned by I “ ri
0

, i
1

, . . . , i
L´1

s where U “ upIq.
Let i

s

and i
m

denote o↵sets for the inner and outer extremities of each side of the histogram.

The inner gradients of h̃piq are found as follows:

a`i ` b` “ fprupi
0` ` i

s

q . . . upi
max

´ i
m

qs,
rh̃pi

0` ` i
s

q . . . h̃pi
max

´ i
m

qsq
a´i ` b´ “ fpupi

min

` i
m

q . . . upi
0´ ´ i

s

q,
rh̃pi

min

` i
m

q . . . h̃pi
0´ ´ i

s

qsq.

(5.8)

To ensure that the gradient estimates, a` and a´, result in a finite estimates for û
o` and

û
o´, a` and a´ are limited to a suitable minimum value,  . This limit is applied as follows:

a` “

$

’

&

’

%

a`, if a` §  

´ , otherwise

a´ “

$

’

&

’

%

a´, if a´ •  

 , otherwise.

(5.9)
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The zero-crossing points of the inner gradients provide an estimate of the original signal

level before clipping. If the zero-crossing point is su�ciently close to the extremities of

the histogram, the signal will be deemed to be unclipped. However, these trajectories

show a bias. Therefore a third order mapping function, g̃p¨q trained on the ground truth

original peak signal amplitudes is used to compensate. The training dataset is described in

Section 5.7.1. Estimates for the positive and negative peak original signal levels are given

by

û
o` “ g̃p´⇣b`{a` ` µ

x̃pnqq, (5.10)

and

û
o´ “ g̃p´⇣b´{a´ ` µ

x̃pnqq, (5.11)

and ⇣ is the normalization factor defined in (5.6).

ILAH clipping level estimation

Estimation of clipping level, ⌘, is next considered. The estimation method is dependent

on whether or not the speech has been processed by a perceptual codec. As discussed in

Section 5.2.1, the outer gradients of the ILAH give an indication of whether a perceptual

codec was applied to the speech signal. The gradients in the vicinity of upi
max

q and upi
min

q
respectively must therefore be estimated. A first order least squares fit is performed on the

positive and negative outer sides of the histogram using the last i
m

non-zero histogram

values as follows:

d`i ` e` “ fprupi
max

´ i
m

q . . . upi
max

q,
h̃pi

max

´ i
m

q . . . h̃pi
max

qsq
d´i ` e´ “ fprupi

min

q . . . upi
min

` i
m

q,
h̃pi

min

q . . . h̃pi
min

` i
m

qsq.

(5.12)

This method will not perform well as ⌘ Ñ 0 dBFS, because fluctuations at the extremities

of the histogram could lead to large gradient estimation errors. To inhibit this mechanism

for ⌘ Ñ 0 dBFS, a threshold, �, is therefore defined as shown in (5.13) and (5.14) to prevent

estimation close to 0 dBFS. � is chosen to minimise ⌘ estimation error over the training

clipped speech dataset over all codecs described in Section 5.7.1.

To allow for variations in the shape of the histogram when estimating whether or
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not the signal has passed through a perceptual codec, a further threshold, �, is used. The

value of � is chosen to ensure that a perceptual codec is only detected when the outer

gradients ILAH slope away significantly downwards from the inner gradients of the ILAH,

thus helping prevent small changes in the gradient of unclipped signals from being identified

as clipped. Therefore when the following condition is true, a perceptual codec has been

detected for positive excursions

P̂` “

$

’

&

’

%

1, if pd` ` � † a`q and pupi
max

q{û
o` † �q

0, otherwise,
(5.13)

and similarly for negative excursions:

P̂´ “

$

’

&

’

%

1, if pd´ ° a´ ` �q and pupi
min

q{û
o´ ° �q

0, otherwise.
(5.14)

where P̂` and P̂´ are Boolean variables which are true when a perceptual codec has been

detected on each respective side of the ILAH. The overall determination of whether a

perceptual codec has been detected is as follows:

P̂ “ P̂` or P̂´ (5.15)

The inner bounds of the spread of values caused by the perceptual codec is first estimated

as follows:

û
p`min

“ 2û
p` ´ upi

max

q, (5.16)

and similarly for negative excursions:

û
p´min

“ 2û
p´ ´ upi

min

q, (5.17)

where û
p`min

and û
p´min

are the inner bounds of the spread of values, and the intersections

of the lines on each side in (5.8) and (5.12), û
p` and û

p´ respectively, are found as follows:

û
p` “ pa` ´ d`q{pe` ´ b`q

û
p´ “ pa´ ´ d´q{pe´ ´ b´q.

(5.18)
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To control how much of the spread of values produced by the codec is included when

estimating ⌘, a constant, the skirt factor, ✓, determined experimentally, is used as follows:

û
p`min

“ 2✓û
p` ´ upi

max

q
û
p´min

“ 2✓û
p´ ´ upi

min

q.
(5.19)

When a perceptual codec has been detected, ⌘ is estimated by comparing the inner bounds

to the estimated peak absolute amplitude of the signal as follows:

⌘̂
p` “ û

p`min

{û
o`

⌘̂
p´ “ û

p`min

{û
o´.

(5.20)

When no perceptual codec has been detected, the extremal excursions are used as follows:

⌘̂` “ upi
max

q{û
o`

⌘̂´ “ upi
min

q{û
o´.

(5.21)

Clipping vector estimation

The vector of estimated clipped samples, ĉ, is now be estimated. Equation (5.3) is used

to estimate which samples in xpnq are clipped by setting ✏ “ 1 ´ ⌘̂` and ✏ “ ⌘̂´ ´ 1 for

positive and negative excursions respectively. In order to ensure samples close to this level

are classified as clipped, a further constant, ✏
n

, is added to ✏ for non-encoded speech, or ✏
p

for decoded speech determined experimentally. The estimate of which samples are clipped

is determined as follows:

ĉpnq “

$

’

’

’

’

’

’

’

’

’

’

’

’

&

’

’

’

’

’

’

’

’

’

’

’

’

%

1, if tpxpnq{û
o` ° ⌘̂` ´ ✏

n

q and not P̂`u

or tpxpnq{û
o´ † ⌘̂´ ` ✏

n

q and not P̂´u

or tpxpnq{û
o` ° ⌘̂

p` ´ ✏
p

q and P̂`u

or tpxpnq{û
o´ † ⌘̂

p´ ` ✏
p

q and P̂´u

0, otherwise.

(5.22)

ILAH algorithm summary

The ILAH algorithm can therefore be summarised as follows:
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Inputs: x̃pnq.

Outputs: ĉ, ⌘̂`, ⌘̂´, ⌘̂p`, ⌘̂p´, pC, P̂ , û
o`, ûo´.

1) Normalise x̃pnq and then compute h̃piq from (5.7).

2) Estimate the gradients of left and right top of main body of log logthpiqu from (5.8),

applying the minimum limits for small gradients from (5.9) if necessary.

3) Estimate peak absolute amplitudes from (5.10) and (5.11).

4) Estimate gradients of extremities of histogram from (5.12).

5) Test for a perceptual codec from (5.13) and (5.14), and if detected compute perceptual

thresholds from (5.19), and ⌘̂
p` and ⌘̂

p´ from (5.20), otherwise compute ⌘̂` and ⌘̂´

from (5.21).

6) If pC is false, determine clipped samples, ĉ, using (5.22), otherwise set ĉ to zeroes.

Results for the ILAH algorithm are presented in Section 5.8.

5.3 The LSR clipping detection algorithm

The PSD of a speech signal, xpnq, of length N samples will typically decrease with frequency

and can be represented using the Long Term Average Speech Spectrum (LTASS) [158].

Clipping a↵ects the roughness of the signal spectrum as discussed in Section 5.1, and is

expected to cause the spectrum to deviate from LTASS. On the assumption that within the

bandwidth of speech, roughness is not significantly altered by the coding-decoding process,

by fitting a straight line to the PSD in the STFT domain using least squares, and comparing

the deviation, an estimate of the clipping is obtained. This is the hypothesis upon which

the Least Squares Residuals (LSR) clipping detection algorithm is based.

5.3.1 LSR algorithm description

Let Spl, kq be the PSD of x̃pnq in the STFT domain at timeframe l, and frequency index k.

Then let

S
l

“ rSpl, 0q Spl, 1q . . . Spl,K ´ 1qsT , (5.23)
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and let Ŝ
l

be a first order least squares estimate of S
l

for frame l, where K is the number

of frequency bins in each frame, and there are L frames in total. Also, let the residual,

rplq, be the RMS di↵erence between Ŝ
l

, and S
l

, defined as

rplq “

g

f

f

e

K´1

ÿ

k“0

´

Ŝpl, kq ´ Spl, kq
¯

2

(5.24)

In an unclipped speech signal, it is expected that Ŝ
l

will follow S
l

closely, resulting in a

small rplq. However, in frames where the speech is clipped, the roughness of the spectrum

is expected to result in a larger rplq. In order to determine S
l

in the vicinity of each sample,

a Hamming window of length 0.25ms zero-extended to 2ms, and an overlap of 75% is used

for the STFT. The frequency bins used are restricted to those representing the main speech

energy bands up from 0 to 1.5 kHz. In order to derive the least squares estimate of Ŝ
l

, let

rplq “ kpa ` bkq ´ S
l

k
2

, (5.25)

where rplq is the residual of the least squares regression which is to be minimized, pa, bq P R,

and k “ r1 . . .Ks. Reformulating to produce an expression in the form Ax “ b [159] gives

rplq “ kAx
l

´ S
l

k
2

, (5.26)

where

A “
»

–

1 1 . . . 1

1 2 . . . K

fi

fl

T

and x
l

“
»

–

a

b

fi

fl . (5.27)

To solve for x
l

setting rplq “ 0 gives

x
l

“ A:S
l

, (5.28)

where A: is the Moore-Penrose pseudo inverse, A: “ pATAq´1AT [160], which is employed

since A is not square. Since (5.26) requires the computation of Ax
l

´ S
l

in the vicinity of

every sample, a further step is made to avoid repeated computation. Writing

Ax
l

´ S
l

“ AA:S
l

´ S
l

, (5.29)
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and then reformulating gives

Ax
l

´ S
l

“ QS
l

, (5.30)

where

Q “ AA: ´ I, (5.31)

and A: represents the Moore-Penrose inverse of A [160]. Substituting (5.30) into (5.26)

gives

rplq “ kQS
l

k
2

. (5.32)

It is only necessary to compute Q once for LSR, and it can be statically defined since it is

only dependent on the value of K.

To determine whether a frame contains a clipped sample, a vector, r is created

containing the residual computation from each frame such that

r “ rrp0q rp1q . . . rpL ´ 1qs. (5.33)

This is then normalized over all L frames in the signal as

r̄ “ r{maxprq. (5.34)

In order to determine which samples are clipped, the L-based residual estimate, r̄ must be

aligned with the time domain samples. Since there is an overlap factor of 75%, there are 3

fewer frames than samples. The frame-based normalized residual estimate, r̄, is aligned

with the sample index, n, and zero-extended as

r̄
n

pnq “

$

’

&

’

%

r̄pn ´ 1q, where 0 † n † L ´ 2

0, otherwise,
(5.35)

where r̄
n

pnq is the normalized residual estimate based on the sample index, n. This

alignment, as a result of using the STFT with a 75% overlap factor does however mean that

if the first or last two samples are clipped, they will not be detected. A vector indicating
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the presence of clipped samples can therefore be estimated as

ĉpnq “

$

’

&

’

%

1, where r̄
n

pnq ° ⇢

0, otherwise,
(5.36)

where ⇢ is a threshold above which it is assumed that a sample is clipped. The clipping

vector in the case of LSR, ĉ is defined as

ĉ “ rĉp0q ĉp1q . . . ĉpN ´ 1qs. (5.37)

The optimum threshold, ⇢
o

, is determined by estimating ĉ on a training corpus of speech at

di↵erent clipping levels and codecs, using a range of ⇢, and selecting the value of ⇢ which

gives an Equal Error Rate (EER) [161] for the detection of clipped samples.

LSR algorithm summary

The LSR algorithm can be summarised as follows:

Inputs: x̃pnq, f
s

; Outputs: ĉ.

1) Normalize the clipped speech signal, x̃pnq.

2) Compute the periodogram, S
l

, in short frames.

3) Fit a straight line, Ŝ
l

, to the frequency bands up to 3.3 kHz for each frame using least

squares from (5.26).

4) Compute the residuals, r, from (5.24), then normalize the residuals vector r to give r̄

from (5.34).

5) Determine clipped samples based on residuals in each frame exceeding ⇢
o

from (5.35)

and (5.36). Results for the LSR algorithm are presented in Section 5.8.

5.4 The LILAH clipping detection algorithm

A drawback of LSR is that it has relatively high complexity compared to ILAH, and also does

not achieve similar results to ILAH in unencoded clipped speech. The LSR-ILAH (LILAH)
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algorithm is an unsupervised hybrid approach that aims to obtain the best results of both

ILAH and LSR, whilst reducing overall computational complexity.

To obtain the best estimation results of both algorithms, the perceptual codec

detection flags, P̂` and P̂´, are determined by the ILAH algorithm and used to switch

from the ILAH to the LSR estimate of ĉ if a perceptual codec is detected. To reduce the

computational complexity of LSR, ILAH is used to estimate zones, z where there is a high

likelihood that clipping has occurred such that LSR need only be performed within these

zones. A clipping zone, zpn
1

, n
2

q, where n
1

and n
2

are the start and end sample indices

of the zone respectively, is defined as a range of samples where clipped samples within

that zone are separated by not more than ⌧ seconds. The vector of Clipping zones, ẑ, is

estimated based on the output of ILAH. A sparse speech signal containing non-zero samples

only in the clipping zones, x̄, is obtained as follows:

x̄ “ xT ẑ, (5.38)

The resultant signal, x̄, is then processed using LSR as before. Results for the LILAH

algorithm are presented in Section 5.8.

5.5 The CRACD clipping detection algorithm

Codec-robust Automatic Clipping Detector (CRACD) is an unsupervised hybrid approach

based on LILAH which uses the estimated unclipped peak signal levels, û
o` and û

o´,

obtained as described in Section 5.2 from ILAH to modify LSR to improve estimation

accuracy in heavily clipped signals, i.e. where ⌘ is low.

In a heavily clipped signal, as ⌘ decreases and the signal becomes more distorted,

the normalization in (5.34) of LSR will be skewed by the increasing number of clipped

samples. Therefore one side of the estimated clipping level, e.g. ⌘̂` from (5.20) is used to

control ⇢ at low ⌘, thus

⇢ “

$

’

&

’

%

⇢
o

⌘̂`, if ⌘̂` † ⌘
n

⇢
o

, otherwise
(5.39)

where ⌘
n

is the normalisation switching threshold, determined experimentally, and set, in
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this work, to ⌘
n

“´10.5 dBFS. The improvement over LILAH is dependent on the accuracy

of the estimate for û
o` and û

o´. Poor estimates of û
o` and û

o´ will reduce the accuracy

of CRACD at ⌘ Ñ 1 in comparison with LILAH.

CRACD algorithm summary

The CRACD algorithm is summarised as follows:

Inputs: x̃pnq, f
s

.

Outputs: ĉ, ⌘̂`, ⌘̂´, ⌘̂p`, ⌘̂p´, pC, P̂ , û
o`, ûo´.

1) Perform ILAH on x̃pnq to obtain clipping estimates ĉ, ⌘̂`, ⌘̂´, ⌘̂p`, ⌘̂p´, pC, P̂ .

2) If P̂ (perceptual codec detected) then

a) Estimate the clipping zones, ẑ from ĉ from ILAH.

b) Compute x̄ from (5.38).

c) Compute ⇢ from (5.39).

d) Using x̄ and f
s

as input, perform LSR as defined in Section 5.3 using ⇢ from 2c

above.

e) Return ĉ from the results of LSR instead of ILAH.

Results for the CRACD algorithm are presented in Section 5.8.

5.6 The ILAH2 clipping detection algorithm

An improved Iterated Logarithm Amplitude Histogram (ILAH2) algorithm, is now presented.

The motivation for developing this algorithm arises because both ILAH and LSR rely on

several parameters which must be trained individually and successively using a speech

corpus making the algorithms impractical. In contrast, the ILAH2 algorithm either dispenses

with the parameters needed by the previously presented algorithms or determines them

automatically. The only remaining parameters required are not critical in the selection

of values and originate from prior art. Only a single training step is needed to map the

estimated original signal level.
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As discussed in Section 5.1.4, no prior knowledge of whether the signal has passed

through a codec is assumed. In the case where no codec or waveform coding has been

applied existing algorithms can be used to determine the clipping level. If this case can be

identified from the clipped speech, the overall detection accuracy will increase. Therefore

in the ILAH2 algorithm, the case where the speech signal is clipped and has not passed

through a perceptual codec is first identified using a method based on [148]. In a clipped

unencoded signal, a significant number of samples will have amplitude values in a small

range close to the maximum and minimum amplitudes of the signal. By determining the

ratio of the samples within this range to the total number of samples in the signal, an

estimate for whether the signal is clipped and unencoded is found. Therefore if the ratio of

samples above p1 ´ ✏qmax
n

px̃pnqq or below p1 ´ ✏qmin
n

px̃pnqq to the signal length exceeds a

threshold, �
c

, the signal is deemed to be clipped and not perceptually decoded, thus

� “
¨

˝

¨

˝

∞

n:x̃pnq•p1´✏q max

n

px̃pnqq
1

˛

‚`
¨

˝

∞

n:x̃pnq§p1´✏q min

n

px̃pnqq
1

˛

‚

˛

‚{N (5.40)

where � is the ratio of the number of samples of the amplitude of x̃pnq within ✏ of the

maximum and minimum amplitudes, �, to the total number of samples in the utterance.

The purpose of ✏ is to capture the range of digital values resulting from the conversion

of the analogue full-scale speech signal amplitude value. The value of �
c

chosen of 0.001

was found experimentally to produce good results in combination with ✏ “ 0.001 using

clipped TIMIT speech samples over ⌘ from 0.1 to 1. This value is not critical since the

ILAH analysis will also identify clipped non-perceptually encoded cases. The clipped and

unencoded case flag, C, is then estimated as follows:

pC “

$

’

&

’

%

1, if � • �
c

0, otherwise.
(5.41)

where �
c

is the minimum number of samples at the maximum or minimum amplitude for

the utterance to be considered clipped and not having passed through a perceptual codec.

The signal is then analysed using the ILAH transform from Section 5.2.2. A series

of steps are required to determine the inner and outer gradients of the positive side of the

transformed histogram. Any DC o↵set is removed using mean subtraction and the signal
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is normalised as

¯̃xpnq “ px̃pnq ´ µ
x̃pnqq{⇣ (5.42)

where the normalization factor, ⇣ “ maxp|x̃pnq|q, and µ
x̃pnq is the mean of the clipped

utterance, x̃pnq. Let hpiq denote the histogram of ¯̃xpnq, where i is the index of each

histogram bin. The signal amplitude at bin centre i is given by

upiq “ minp¯̃xpnqq `
ˆ

i ´ 1

2

˙

maxp¯̃xpnqq ´ minp¯̃xpnqq
I

(5.43)

where i : 0 § i † I ´ 1, I is the number of histogram bins. In order to maintain the

shape of the histogram independent of utterance length, I is determined using Doane’s

formula [162], as

I “ 1 ` log
2

pNq ` log
2

ˆ

1 ` |g1|
�
g1

˙

(5.44)

where N is the length of the clipped utterance, x̃pnq, g1 is the skewness of the distribution

of the speech, and

�
g1

“
d

6pN ´ 2q
pN ` 1qpN ` 3q . (5.45)

The histogram is then transformed using the ILAH transform as in 5.7.

The inner and outer gradients of the positive side of h̃piq are then found by treating

the positive side of the histogram envelope as a piecewise linear least squares problem with

two line segments. The point of intersection of the line segments is assumed to lie at the

centre of one of the histogram bins between the smallest positive bar in the histogram,

i
0`, and the largest positive bar, i

max

. A search is performed to fit a straight line to

the points either side of a point of intersection with the lowest combined residual. This

yields an intersection location, �, an inner line of the form, y “ a`x ` b`, and an outer

line, y “ d`x ` e`. The positive and negative clipping levels, ⌘` and ⌘´ respectively, are

defined as follows

⌘` “

$

’

’

’

’

’

’

’

’

’

&

’

’

’

’

’

’

’

’

’

%

p1 ´ ✏q, if pC,

pupi
max

qp1 ´ ✏q ` µ
x̃pnqq{⇣, if d` ° 0,

p2up�`q ´ upi
max

q ` µ
x̃pnqq{⇣, d` † a`,

1, otherwise.

(5.46)
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⌘´ “

$

’

’

’

’

’

’

’

’

’

&

’

’

’

’

’

’

’

’

’

%

p✏´ 1q, if pC,

pupi
min

qp1 ´ ✏q ` µ
x̃pnqq{⇣, if d` ° 0,

p2up�´q ´ upi
min

q ` µ
x̃pnqq{⇣, d` † a`,

1, otherwise,

(5.47)

where the inner and outer extremities of the left and right sides of the histogram are defined

as

i
max

“ argmax
i

th̃piq ° 0u,
i
min

“ argmin
i

th̃piq ° 0u,
i
0` “ argmin

i

tupiq ° 0u,
i
0´ “ argmax

i

tupiq † 0u.

(5.48)

As discussed in Section 5.2.1, an unencoded or waveform coded clipped signal is expected to

have a peak in the histogram at the amplitude extremities which is absent for perceptually

decoded signals. The presence of this peak can be determined by comparing the outer

and inner gradients. If no peak is present, and the signal is clipped, the positive outer

gradient, d`, is expected to be less than the positive inner gradient, a`. The robustness of

this test is increased by only indicating that a perceptual codec is present if the signal was

determined to not be clipped and unencoded as indicated by pC. Detection of a perceptual

codec, indicated by P̂ , is therefore given by

P̂ “

$

’

&

’

%

1, if d` † a` and not pC,

0, otherwise.
(5.49)

The clipping vector, ĉ is computed as

ĉ “ tn : 0 § n † N and px̃pnq{⇣ ° ⌘`or x̃pnq{⇣ † ⌘´qu. (5.50)

The positive side of the histogram was found to provide su�cient information to determine

the clipping state of the signal. From (5.46) and (5.47) it can also be seen that when the

outer positive gradient is greater than the inner positive gradient and less than zero, the

signal is deemed not to be clipped.

The zero-crossing points of the inner gradients provide an estimate of the original
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signal level before clipping. However, these trajectories show a bias. Bias compensation for

the negative and positive estimates is performed using mapping functions g`p¨q, and g´p¨q,
trained trained on a suitable training corpus using the actual and estimated peak original

signal amplitudes. Estimates for the positive and negative peak original signal levels are

then given by

û
o` “ g`p´⇣b`{a` ` µ

x̃pnqq, (5.51)

and

û
o´ “ g´p´⇣b´{a´ ` µ

x̃pnqq. (5.52)

ILAH2 algorithm summary

The ILAH2 algorithm can therefore be summarised as follows:

Inputs: x̃pnq.

Outputs: ĉ, ⌘̂`, ⌘̂´, pC, P̂ , û
o`, ûo´.

1) Test x̃pnq for the case where the signal is clipped and unencoded thus estimating pC

from (5.41) and compute ĉ from (5.3).

2) Remove DC o↵set, normalise x̃pnq and then compute h̃piq from (5.7) using I determined

from (5.44).

3) Determine the positive and negative gradient intersection locations, �` and �´ and

thus positive and negative clipping levels ⌘`, and ⌘´ respectively from (5.46) and (5.47).

4) Test for a perceptual codec using (5.49).

5) If pC is false, determine clipped samples, ĉ, using (5.50), otherwise set ĉ to zeroes.

6) Estimate peak absolute amplitudes from (5.51) and (5.52).

Results for the ILAH2 algorithm are presented in Section 5.8.
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5.7 Performance evaluation

5.7.1 Training

For the purposes of training g`p¨q and g`p¨q, a training clipped speech dataset was defined.

A set of 24 male and 24 female speech files were randomly selected from the TIMIT training

dataset and downsampled to 8 kHz. Clipping levels of ´20, ´16, ´14, ´12, ´10, ´8, ´5,

´3, -2, -1, and 0 dBFS were used to represent a system where sound pressure exceeds

design limits by up to 20 dB [126]. Babble noise from NOISEX-92 [20] was downsampled

to 8 kHz and mixed with the clean speech at SNRs of 0 to 20 dB in 5 dB steps prior to

clipping. Codecs G.711 [128], GSM 06.10 [130], and AMR-Narrowband [131] at 12.2 kbit/s

were applied after mixing with noise. An SNR of 20 dB has been assumed as a suitable

baseline case for telecommunications applications.

5.7.2 Testing

For testing, the same dataset configuration was used excepting that speech files were

selected from the TIMIT test dataset using di↵erent talkers. The SA1 and SA2 sentences

were excluded from the datasets so that no common text was used.

All of the proposed algorithms, ILAH, LSR, LILAH, CRACD, and ILAH2 are compared

with a baseline at 11 clipping levels and with four codecs using the Receiver Operating

Characteristic (ROC) [161] to analyse the results. The algorithms are evaluated in terms of

mean Accuracy (ACC), ACC variance by utterance, mean False Positive Rate (FPR), and

mean F1. The measures are computed as follows:

ACC “ pT P ` T N q{pP ` N q
F1 “ 2T P{p2T P ` FP ` FN q,
FPR “ FP{N

(5.53)

where T P is the number of True Positives, (samples that are clipped correctly identified as

clipped); T N is the number of True Negatives (samples that are not clipped correctly

identified as unclipped); FP is the number of False Positives (samples that are not clipped

incorrectly identified as clipped); FN is the number of False Negatives (samples that are

clipped identified as unclipped); P is the total number of samples identified as clipped,
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both correctly and incorrectly, and N is the total number of samples identified as unclipped,

both correctly and incorrectly.

Mean ACC is a measure of how accurately the algorithms identify clipped and

unclipped samples as a proportion of the total number of samples.

Mean F1 is a measure of the correlation between ĉ for each algorithm and the ground

truth, and is a guide to overall performance. ACC variance is a measure of how well each

algorithm adapts to the di↵erences between utterances and talkers. A low variance means

that the algorithm ACC is utterance independent.

The FPR is a measure of the proportion of unclipped samples incorrectly identified

as clipped. Where the detection results are to be used for LP-based restoration algorithms,

False Negative Rate (FNR) should also be considered.

5.7.3 Algorithm set-up used for comparison

ILAH algorithm

The following parameters for the ILAH algorithm determined experimentally for best F1 were

used: ✏
w

“ 0.001, I “ 25, i
s

“ 2.i
m

“ 3, “ 0.005,� “ 0.9, � “ 2, ✓ “ 1.0569, ✏
p

“ 0.009,

and ✏
n

“ 0.001, and natural logarithms were used in the ILAH histogram.

LSR algorithm

The following parameters for the LSR and LILAH algorithm determined experimentally for

best F1 were used: ⇢
o

“ 0.3963,

LILAH and CRACD

The LILAH and CRACD algorithms use the same parameters as ILAH and LSR.

ILAH2 algorithm

The ILAH2 algorithm used the following parameter: ✏
n

“ 0.001.
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Optimized baseline algorithm

The clipping detection method of [148] using (5.3) discussed in Section 5.1 above will now

be optimized to the context of this chapter and then used as a baseline to evaluate the

performance of the algorithms proposed in this chapter. The optimum tolerance ✏ in (5.3)

for noisy speech in this evaluation, ✏
o

was determined experimentally with babble noise

across all codecs, noise levels, and speech to be used in the tests. This was achieved by first

generating the ROC curve based on the FPR and FNR values for the algorithm for di↵erent

values of ✏, where FPR is the ratio of samples incorrectly identified as clipped to the

total number of unclipped samples and FNR is the ratio of samples incorrectly identified as

unclipped to the total number of clipped samples. The optimum value for ✏ is given by the

intersection of the ROC curve with the EER. Figure 5.5 indicates that ✏
o

“ 0.72.
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Figure 5.5: ROC curve for identification of optimum threshold for the baseline method
in noisy clipped decoded and unencoded speech.

Computational complexity of the algorithms was compared using the RTF for each

algorithm calculated as follows: the mean elapsed processing time using the Matlab tic and

toc functions was divided by the mean speech signal duration over all tests to give RTF.

Tests implemented in Matlab were run consecutively on an Intel Xeon E5-2643 3.3GHz

processor.
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Algorithm
Null codec GSM AMR Overall
ACC F1 ACC F1 ACC F1 ACC F1

Optimized
0.843 0.369 0.905 0.460 0.905 0.460 0.885 0.430

Baseline
ILAH 0.992 0.923 0.944 0.313 0.944 0.313 0.961 0.578
LSR 0.962 0.680 0.959 0.375 0.959 0.375 0.963 0.554
LILAH 0.999 0.992 0.960 0.368 0.960 0.368 0.975 0.667
CRACD 0.997 0.973 0.942 0.521 0.942 0.521 0.957 0.644
ILAH2 0.993 0.930 0.947 0.318 0.947 0.318 0.962 0.588

Table 5.2: Overall ACC and F1 by algorithm and codec for noisy clipped speech in
babble noise at 20 dB SNR

5.8 Results and discussion

Figure 5.6: Mean F1 with babble noise at 20 dB SNR for (a) the null codec, (b) GSM

06.10 codec, and (c) AMR codec at ⌘ “ 0 to ´20 dBFS

Figures 5.6, 5.7, 5.9, and 5.10 show the mean F1, ACC, and ACC variance results,

Figs. 5.8 and 5.11 show the mean FPRfor each algorithm and clipping level for the null codec,

GSM 06.10 codec, and AMR codec for SNRs of 20 dB, and 0 dB respectively, computed from

(5.53). Overall mean ACC and F1 results for each algorithm are shown in Table 5.2. The

proposed algorithms are compared with the baseline described in Section 5.7.2 optimized

for noisy conditions (✏
o

“ 0.72). Results for G.711 are not significantly di↵erent to the the

null codec case and the are therefore not shown.

As SNR decreases, mean ACC and F1 with the null codec, GSM 06.10 codec, and

AMR codec degrade slowly. The algorithm with the highest overall mean ACC and F1 result

for unencoded and decoded speech is LILAH. ILAH2, however, without training achieves an
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Figure 5.7: Mean ACC and ACC variance with babble noise at 20 dB SNR for (a) and
(d) the null codec, (b) and (d) GSM 06.10 codec, and (c) and (f) AMR codec at ⌘ “ 0
to ´20 dBFS

Figure 5.8: FPR with babble noise at 20 dB SNR for (a) the null codec, (b) GSM 06.10
codec, and (c) AMR codec at ⌘ “ 0 to ´20 dBFS in noise at 20 dB SNR.
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Figure 5.9: Mean F1 with babble noise at 0 dB SNR for (a) the null codec, (b) GSM

06.10 codec and c) AMR codecs at ⌘ “ 0 to ´20 dBFS.

Figure 5.10: Mean ACC and ACC variance with babble noise at 0 dB SNR for (a) and
(d) the null codec, (b) and (e) GSM 06.10 codec, and (c) and (f) AMR codec at ⌘ “ 0
to ´20 dBFS.
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Figure 5.11: FPR with babble noise at 0 dB SNR for (a) the null codec, (b) GSM 06.10
codec and (c) AMR codec at ⌘ “ 0 to ´20 dBFS in noise at 0 dB SNR.

overall ACC and F1 result between that of LSR and LILAH at 20 dB SNR.

The ACC variance for the Optimized Baseline is much greater than any of the other

algorithms with the null codec, and with AMR it is higher for ⌘ °´10 dBFS. This shows

that the proposed algorithms adapt to the characteristics of each utterance whilst the

baseline does not, as expected. Whilst the Optimized Baseline F1 is comparable to, or

better than, the proposed algorithms in perceptually decoded speech at ⌘ †´10 dBFS, in all

cases the Optimized Baseline has a higher FPR. The Optimized Baseline is thus erroneously

identifying many more unclipped samples as clipped than the proposed algorithms as

shown in Figs. 5.8 and 5.11.

The ILAH, LILAH and ILAH2 algorithms provide an estimate of the clipping level

and peak absolute unclipped signal level as discussed in Section 5.2 which are useful in

clipping restoration algorithms such as [18]. Original signal level estimation results for

unencoded and AMR coded clipped signals are shown in Fig. 5.12. Results for GSM 06.10

codec do not di↵er significantly. Mean estimation error is approximately 10% of signal

level with the null codec and with the AMR codec. Larger variances occur with higher ⌘

where the long tail of the speech amplitude histogram is close to zero, and small variations

in histogram frequency result in larger variations in the iterated logarithm domain.

Results for RTF normalized to the Optimized Baseline of 6.3 ˆ 10´4 are shown in

Table 5.3. ILAH and ILAH2 approach this low complexity. The RTF of ILAH2 is higher

than ILAH because it performs more least squares regression to determine the best pair of

gradients, rather than using predetermined start and end points for the gradients. The
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Figure 5.12: ILAH unclipped positive and negative peak absolute signal level, û
o`, and

û
o` respectively estimation accuracy for the null codec and AMR by clipping level in

babble noise at 20 dB SNR.

RTF of LSR and LILAH are significantly higher than that of ILAH and ILAH2, although they

can still be performed in real-time even in a Matlab implementation. The parameter ✏

in (5.3) does not significantly a↵ect RTF of the Optimized Baseline. Clipping level, ⌘, does

not a↵ect RTF for the Optimized Baseline and ILAH.

Optimized Baseline ILAH LSR LILAH ILAH2

1 2.53 20.4 22 6.09

Table 5.3: Mean RTF by algorithm normalised to the Optimized Baseline for noisy
clipped speech
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5.9 Conclusion

Determining which samples are clipped in perceptually decoded speech is di�cult because

the encoding and decoding process modifies both time- and frequency-domain features of

clipping. The results above have demonstrated that by using a combination of time and

frequency domain features, the LILAH clipping detection algorithm is able to identify clipped

samples over the test range of ⌘ in AMR decoded speech in babble noise at 20 dB SNR with

an overall F1 of 0.758 compared to the Optimized Baseline F1 of 0.406. However, in order

to achieve this level of performance, many training steps were required resulting in a large

number of implementation dependent parameter. The ILAH2 algorithm however, provides

a comparable level of performance to LILAH with training required only to provide an

improved estimate of the original unclipped signal level.

ILAH2 outperforms the Optimized Baseline in both unencoded and decoded speech

in noisy conditions across a range of clipping levels, noises, noise levels and codecs in the

majority of conditions down to 0 dB SNR. Whilst no steps were taken in the design of the

presented algorithms to mitigate against noise, the experiments have shown that they are

inherently robust to noise, with ILAH2 showing marginally lower robustness to noise than

ILAH, LSR and LILAH.

The ILAH2, algorithm performs best with clipping levels between ´14 and ´3 dBFS

which is an important range in typical telecommunications applications, where clipping

levels lower than ´14 dBFS may be unlikely. Under these circumstances, the baseline

crudely labels all samples of significant amplitude as clipped, and is therefore often correct

by default. The low computational complexity of ILAH2 makes it suitable for real-time

applications.

As bi-products of the detection process, it has been shown that it is possible to

estimate the original peak amplitude of the speech signal which may be useful for recovering

the clipped speech. It has also been shown that whether or not a perceptual codec has

been applied to the speech signal can be reliably estimated.
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Chapter 6

The ACE Challenge - Corpus

description and performance

evaluation

6.1 Introduction

THE acoustic parameters Reverberation Time (T60), and Direct-to-Reverberant Ra-

tio (DRR), together can provide important information about the acoustic environ-

ment, and the quality and intelligibility of speech observed in that environment. The

performance of speech processing algorithms such as dereverberation [16,17,61,163], and

speech recognition [60], can be improved through the use of these parameters.

As was discussed in Chapters 3 and 4, the T60 is defined as the time taken for a

sound in the di↵use sound field to decay by 60 dB after an abrupt cessation of the source,

whilst the DRR is the energy ratio of the sound arriving at the observation point directly

from the source to the sound arriving at the observation point after being reflected from

one or more surfaces.

The T60 and DRR can be estimated from a measured Acoustic Impulse Response (AIR)

using existing methods [62, 164]. However, in many practical situations, the AIR is not

available and so the T60 and DRR must be estimated non-intrusively from the observed

reverberant speech. In this context, non-intrusively means that no prior information about
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the speech or the AIR is available.

Increasingly, additive noise is a problem for speech processing applications [22].

Gaubitch et al. [109] showed that three state-of-the-art T60 estimators [77, 86, 87] were

significantly biased in the presence of additive noise. Since this review, further developments

have been made in non-intrusive T60 estimation in noise such as [1,89,90,165,166]. Further,

there have been advances in DRR estimation [5, 118, 119, 167] which have not yet been

the subject of a comparative evaluation. In addition, multi-channel devices are now

commonplace with typical mobile telephone voice processing components supporting up

to the three microphones [168]. Therefore spatial information is available in practical

applications, which is useful in determining DRR [5,167]. There is therefore a need to assess

the state-of-the-art in non-intrusive T60 and DRR estimation in single and multi-channel

scenarios with additive noise.

6.1.1 Accurately simulating additive noise

In order to develop and test acoustic parameter estimation algorithms robust to noise

such as [1], it is necessary to have available test signals from either real or simulated

noisy reverberant environments. It is usually impractical to record speech in real acoustic

environments since each speech utterance needs to be recorded in each acoustic environment

which may involve many combinations of utterances, rooms, microphone positions, and

noise levels. It is then restrictive in terms of creating new combinations of reverberant

speech. For practical purposes, an assumption is therefore made that the AIR represents a

Linear Time Invariant (LTI) system, which is a useful approximation for situations where

the room conditions are static over the period of time necessary to make AIR measurements.

Under this assumption it is possible to construct representative noisy reverberant speech

by convolving anechoic speech recordings with measured AIRs, and mixing with noise.

An existing technique for introducing noise is to use pre-recorded monaural noise

recordings for the noise source such as [20], and adding it to a speech signal that has been

convolved with an AIR. How noise arrives at the microphone however is dependent on the

characteristics of the room, and there will be a di↵erent AIR for every point from which

noise emanates. The noise types of interest in testing of T60 and DRR estimation algorithms

are numerous. In this study, we have considered in particular babble noise, ambient noise
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and fan noise. Babble noise is a common test for speech processing algorithms, representing

a realistic scenario of speech in a crowded room, and is applicable to many practical

applications including mobile communications and hearing aids. Ambient noise represents

the background encountered in everyday situations usually in buildings. Fan noise represents

situations where there is close proximity to a computer fan or air conditioning system, for

example.

Accurately simulating di↵erent types of noise where the noise emanates from many

or all parts of a room requires the capture or simulation of a very large number of AIRs.

Simulating realistic room noise is generally only practical when adding perfectly di↵use

noise sources. It is impractical, therefore, for adding noise emanating from many sources in

the same room such as babble noise and non-stationary ambient noise since many individual

measurements would need to be made for each source.

Of the corpora used in recent T60 and DRR estimation research [98, 101, 102, 108],

there are no associated noise recordings. In a related study, the Reverb Challenge, the

SimData corpus [169] incorporates ambient noise recorded under the same conditions as the

AIRs. A further recent corpus, Distant-speech Interaction for Robust Home Applications

(DIRHA) [170] incorporates recordings of domestic noises from rooms within a single

apartment. Whilst ambient noise is provided in two of the corpora above, neither of these

studies provides babble noise and fan noise recorded under the same conditions as the AIR

measurements.

6.1.2 ACE Challenge and corpus

In order to stimulate research and to determine the state-of-the-art in non-intrusive acoustic

parameter estimation in realistic noise, inspired by [109], the Acoustic Characterization

of Environments (ACE) Challenge was devised involving the collection of a new corpus

of noisy reverberant speech. The ACE corpus comprises spontaneous anechoic speech,

measured multi-channel AIRs, and multi-channel ambient, fan and live babble noise recorded

under the same conditions as the AIRs. The ACE Challenge is one of several research

challenges coordinated by the IEEE Audio and Acoustic Signal Processing (AASP) Technical

Committee.

The contribution of this chapter is to describe the ACE Corpus and how it was
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constructed, describe the process of the challenge, describe the use of the corpus in the ACE

Challenge to perform comparative testing of existing and novel algorithms on the same

data including the algorithms proposed in Chapters 3 and 4, and to provide a comparative

evaluation and analysis of the results.

The remainder of the chapter is organised as follows: In Section 6.2, ACE Corpus

is described, along with the methods for determining the ground truth T60 and DRR. In

Section 6.3, the ACE Challenge is described. In Section 6.4, a summary of the results of the

ACE Challenge are provided including the results of the algorithms proposed in Chapters 3

and 4, and in Section 6.5, conclusions are drawn.

6.2 ACE Corpus

The ACE Corpus1 is a new database of anechoic speech, multi-channel AIRs, and multi-

channel noise for providing realistic multi-channel noisy reverberant speech utterances for

the development and evaluation of speech processing algorithms. Included are AIRs for

seven di↵erent rooms with five di↵erent microphone array configurations in two di↵erent

microphone positions per room in order to provide a wide range of T60s and DRRs. Impor-

tantly, it also includes babble, ambient and fan noise recorded under same conditions as

the measured AIRs. The T60 and DRR were obtained from the measured AIRs for each room,

microphone position, and microphone, in both Fullband (FB) and ISO preferred frequency

bands [59], and these ground-truth parameter values are provided with the corpus. In

addition, a set of anechoic recordings of spontaneous speech is provided. Realistic noisy

reverberant speech signals can be constructed by combining the various elements of anechoic

speech, AIRs and associated noise using software supplied with the corpus. These signals

can span a wide range of T60, DRR and Signal-to-Noise Ratio (SNR), and, whilst the corpus

has been designed specifically to test acoustic parameter estimation algorithms, it is also

highly relevant to many other real-world speech processing tasks.

1Available www.ace-challenge.org

www.ace-challenge.org
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6.2.1 Acoustic model

The acoustic model in the Chapter extends the model introduced in Chapter 3, Section 3.1,

to operate with observations from multiple microphones. A noisy reverberant speech signal,

y
m

pnq, with discrete-time index, n, captured in a room by a microphone m, is characterised

by an AIR, h
m

, of length L
h

, of the acoustic channel between the source and microphone,

where h
m

“ rh
m,0

, h
m,1

, . . . , h
m,L

h

´1

sT . It is assumed that the AIR is time invariant. The

noisy reverberant signal incorporating the convolution of the speech with the AIR can be

written as

y
m

pnq “ hT

m

xpnq ` v
m

pnq, (6.1)

where xpnq “ rxpnq, xpn´ 1q, . . . , xpn´L
h

` 1qsT is the speech signal vector, and v
m

pnq is

additive noise at the mth microphone. To obtain a noisy reverberant speech signal, y
m

pnq,
at the test SNR, ⇠, a clean speech signal, xpnq, is convolved with the respective AIR, h

m

,

as in (6.1), and then mixed with noise as

y
m

pnq “ hT

m

xpnq ` v
m

pnq?
⇠
s?

⇠
(6.2)

where ⇠
s

is power ratio of the unprocessed speech and noise signals given by

⇠
s

“ A
x

Et|v
m

pnq|2u , (6.3)

and where A
x

is the active speech level of the reverberant speech utterance without noise

estimated using ITU-T P.56 Method B [25], and Et¨u is the expectation operator.

6.2.2 Anechoic speech recordings

Two sets of speech signals were recorded. In Set 1, four male talkers were recorded and in

Set 2, five female and five male talkers were recorded. The utterances comprise the subject

speaking their favourite colour, the town where they live, a description of where they live, a

description of how they travel to work, and counting from zero to nine. The utterances are

in di↵erent dialects of international English with a mix of native and non-native English

speakers. Recordings were performed in the anechoic chamber at TU Delft in a single

sitting per talker per set. A B&K 4190-L-001 measurement microphone [171] connected to
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a B&K NEXUS 2690 conditioning amplifier was used, and digitized using an RME FireFace

800 audio interface, using a sample rate of 48 kHz and 24-bit precision. The speech signals

were then normalised to give approximately equal loudness measured in Loudness Units

Full-Scale (LUFS), and then manually segmented into utterances which vary in length

according to utterance type and speaker. Following the EBU recommendation R 128 [172],

given a target loudness of ´23 LUFS, the normalization ensured all speech signals were

within ˘1 LUFS of the target.

6.2.3 Rooms

Table 6.1 lists the dimensions for the seven di↵erent o�ces, meeting and teaching rooms

within Imperial College London that were used to produce the corpus. Also included for

each room is the volume, estimated mean T60 across all microphones and AIRs, and the

range of estimated DRR for the two microphone positions, Position 1 and Position 2. The

room characteristics are as follows:

O�ce 1: a carpeted o�ce containing a table, desk and four chairs;

O�ce 2: a carpeted o�ce containing a table, desk, 6 chairs and a bookcase;

Meeting Room 1: a carpeted meeting room containing a meeting table and 14 chairs;

Meeting Room 2: a carpeted meeting room containing approximately 30 chairs and

6 tables;

Lecture Room 1: a hard-floored lecture room containing approximately 20 tables

and 60 chairs;

Lecture Room 2: a hard floored lecture room containing approximately 35 tables

and 100 chairs;

Building Lobby: a large irregular-shaped hard-floored room with coupled spaces

including a café, stairwell and staircase (shown in Fig. 6.1). Measurements in Table 6.1

correspond to the corner area where the recordings were made whereas the total volume

of the lobby is many times larger. There was a high level of both stationary and non-

stationary naturally occurring ambient noise including electrically operated doors, lifts

with announcements, and building users walking by the recording environment.
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Name L W H Vol. T60 Pos. 1 DRR Pos. 2 DRR

min. max. min. max.
(m) (m) (m) (m3) (s) (dB) (dB)

O�ce 1 4.83 3.32 2.95 47.3 0.332 ´2.73 13.0 ´0.551 6.56
O�ce 2 5.10 3.22 2.94 48.3 0.390 ´0.444 13.0 ´2.28 9.48
Meeting Room 1 6.61 4.73 2.95 92.2 0.437 ´1.98 10.8 ´3.10 7.57
Meeting Room 2 10.3 9.17 2.63 249 0.371 ´2.57 11.2 1.08 12.5
Lecture Room 1 6.93 9.73 3.00 202 0.638 ´0.825 14.6 0.872 7.90
Lecture Room 2 13.4 9.29 2.94 365 1.22 ´0.370 12.8 ´3.75 6.45
Building Lobby 5.13 4.47 3.18 72.9 0.646 ´0.936 13.0 ´2.50 8.09

Table 6.1: Room dimensions (approx.), mean FB T60, and mean FB DRR across all
microphone positions, configurations, and channels

6.2.4 Microphone positions, configurations, source and seating positions

The source position and the seating position of the occupants remained the same for all

recordings within each room, whilst there were two separate positions per room of all the

microphones, Position 1 and Position 2. Table 6.2 shows the microphone configurations

used for all AIR and noise recordings in the corpus. All recordings were made sample-

Name Chs. Type Alignment Spacing Elements

Chromebook 2
Chromebook

Horizontal
Laptop screen

MEMS
Pixel bezel, 62mm

Mobile 3
Perspex Right-angled Base:45mm, DPA4060
former triangle side:100mm [173] Omni

Crucif 5
Perspex 4-arm with 250mm DPA4060
former central mic. centre-to-arm [173] Omni

Lin8Ch 8
Perspex

Linear 60mm
DPA4060

former [173] Omni

EM32 32 Spherical
Dist. on 14mm

Eigenmic [174] 84 mm rigid electret
sphere ba✏e pressure

Table 6.2: ACE Challenge Microphone configurations

synchronously across all channels using a sample rate of 48 kHz and 24-bit precision.

The Mobile, Crucif and Lin8Ch arrays were recorded using two RME OctaMic

preamps with their balanced outputs connected to the balanced inputs of two clock-

synchronized RME FireFace 800s connected to a MacBook Pro. The recording software

employed was Audacity [175]. Eigenmike recordings were made using the Eigenmike
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Microphone Interface Box (EMIB) clock-synchronized to the FireFace 800s connected to

a second MacBook Pro. The Chromebook, recordings were made using arecord in little

endian format so as to directly record the signals from the two integrated microphone, but

not however clock-synchronised to the other audio interfaces.

6.2.5 Room recording procedure

The recording procedure in each room involved the following steps:

1. Install recording equipment positioning the microphones in Position 1, and document

the room dimensions and the positions of all microphones, sources and seats;

2. Make empty-room AIR measurements and noise recordings; Empty-room measure-

ments were for verification purposes and do not form part of the published corpus

since the set is not complete, although they may be used in future experiments;

3. Participating subjects take their seating positions;

4. Make occupied AIR measurements and noise recordings;

5. Move microphones to Position 2 and document their positions;

6. Make occupied AIR measurements and noise recordings;

7. Participants leave the room;

8. Make unoccupied AIR measurements and noise recordings in the second microphone

position;

9. Uninstall recording equipment.

Figure 6.1 shows the recording equipment in place in the Building Lobby ready to commence

recording.

6.2.6 Noise recordings

Three di↵erent noise types (ambient, fan and babble) were recorded in each room for

each microphone position. To generate the babble noise, four to seven people sitting in
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Figure 6.1: Recording session in the Building Lobby before the occupants arrive with
microphones in Position 1

the recording environment were asked to speak continuously for the duration of the noise

recording. Talkers were provided with a list of phrases from TIMIT [19], or could bring

their own material. In a few cases talkers read from scientific papers. To maintain as

constant an acoustic environment as possible, talkers remained in their seated positions for

the duration of the recording session of all noises and all AIR measurements. The ambient

noise was recorded with occupants present but remaining silent. One or two fans in the

room were used to create the fan noise, taking care to avoid creating wind noise.

For all of the rooms and microphone positions except O�ce 2, AIRs for the rooms

without participants were captured. The e↵ect of removing the talkers is discussed in

Section 6.3. For both the fan and babble noises, there is also ambient noise in the background

since this could not be avoided. To provide similar noise across all microphones, noise

recordings from the Chromebook, FireFace 800s and EMIB were aligned so that channel 1

of the first FireFace 800, channel 1 of the Chromebook and channel 1 of the Eigenmike

start at the same time, using sigalign.m [37]. The signals were then trimmed so that the

noise recordings start and finish at the same point in time across all interfaces.
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6.2.7 AIR measurement

The exponential frequency sweep method of Farina et al. [65, 66] was used to measure the

AIRs. In this method, a test signal, xpnq, is played through an amplifier and loudspeaker

placed in the specified source position. The signal, ypnq, which includes the e↵ect of the

room, recorded using a microphone at the specified sensor position, can be expressed as

ypnq “ hTxpnq, (6.4)

where h is the unknown AIR, xpnq is defined as in (6.1), and the excitation signal, xpnq, is
given by

xpnq “ sin

«

2⇡f
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N

f
s

log
`

f2
f1

˘

ˆ

exp

!

n
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log
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˙

�

. (6.5)

Equation (6.5) is an exponential sweep from frequency f
1

, to frequency f
2

, with a duration

of N samples or N{f
s

seconds, where f
s

is the sample rate in Hertz. An inverse filter, g,

can be found satisfying

�pnq “ gTxpnq, (6.6)

where �pnq is the delayed Dirac delta function, g “ rg
0

, g
1

, . . . , g
L

g

´1

sT , and L
g

is the

length of the inverse filter. In an anechoic environment, and assuming no colouration from

any of the transducers

�pnq “ gTypnq, (6.7)

where ypnq “ ry, ypn ´ 1q, . . . , ypn ´ L
g

` 1qsT . However, in a real acoustic environment,

ypnq will be convolved with the AIR, thus the AIR can be found as

h “ pgTypnqqT . (6.8)

The exponential sweep in (6.5) ensures that harmonic distortions appear in h at precise

time lags before the AIR, and produces a better SNR at low frequencies [65]. The inverse

filter is generated by time-reversing the input signal xpnq. The convolution was performed

e�ciently in the frequency domain using the Fast Fourier Transform (FFT). The excitation

signal was played through a Fostex 6301B Personal Monitor loudspeaker and recorded

using all microphone configurations simultaneously. The tail of each AIR was faded down

to zero over a period of 208ms (10 000 samples) once the level fell below ´70 dB to remove
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noise and artefacts. The AIRs were analysed for FB and Subband (SB) T60 and DRR as

will be described in Section 6.2.8, and 6.2.9 respectively. Table 6.1 shows for each room

the mean values for T60 over all microphones, channels and positions for each room, and

minimum and maximum DRR.

6.2.8 Obtaining T60 estimates from the AIR

The method of Karjalainen et al. [164] was used to determine the ground truth T60 for each

channel of each impulse response measurement in FB and in frequency bands using the ISO

preferred centre frequencies [59]. Thus the centre frequency of band 1 is at 25.1189Hz, band

7 is at 100Hz, band 17 is at 1000Hz, band 27 is at 10 kHz, and band 30 is at 19.953 kHz.

This method applies a non-linear optimization to a model for the reverberant signal which

includes three components: the exponential decay of the reverberant signal as a single

mode, the reverberant tail in the di↵use sound field, and the noise floor. This was found

to be more reliable under all conditions than either the ISO-3382 T30 or T20 derived T60

estimates [64] which tended to over-estimate the reverberation time in the rooms. The

filter bank used for the frequency-dependent T60 estimation was a one third-octave 8th order

Butterworth design, designed using the Matlab fdesign.octave function. Centre frequencies

were generated using the validfrequencies function.

Figure 6.2 shows T60s calculated from di↵erent AIR measurements made within a

single room. It can be seen that in the range 1 kHz to 5 kHz, the T60 is approximately

200ms larger for the unoccupied room compared to the occupied room, showing that the

participants in the experiment absorbed sound energy and reduced the reverberation in

the room. This shows that it was necessary to measure the AIRs and record all noises with

the occupants in the room to maintain the same environmental characteristics.
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Figure 6.2: Frequency-dependent T60 measurements for Lecture Room 2.

6.2.9 Obtaining DRR estimates from the AIR

The DRR at the mth microphone in each microphone configuration was calculated using

the method of [67] as

DRR
m

“ 10 log
10
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, (6.9)

where the direct path signal arrives at sample n
d

, and n
0

“ 120 samples at a sample rate

of 48 kHz, or 2.5ms, which represents an additional path di↵erence of 0.85m at 340m s´1.

In order to identify the sample pertaining to the direct path, n
d

, an equalization filter was

applied to the AIR which compensated for the frequency response of the source loudspeaker

and produced coe�cients in the AIR representing distinct reflections. The location of

the direct path, n
d

, was then determined by finding the maximum value of the AIR after

equalization. The AIR without equalization was then used in (6.9). Frequency-dependent

DRR estimates were made using the same method as for the frequency-dependent T60

estimates described in Section 6.2.8.
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6.3 The ACE Challenge comparative evaluation

6.3.1 ACE Challenge overview

The ACE Challenge comparative evaluation was devised to determine the state-of-the-art

in non-intrusive acoustic parameter estimation - specifically T60 and DRR - and to stimulate

research in this field. Central to the challenge was the noisy reverberant speech of the ACE

Corpus described in Section 6.2. The following non-intrusive estimation tasks were set:

1. Single microphone FB T60 and DRR estimation;

2. Multi-microphone FB T60 and DRR estimation;

3. Single microphone T60 and DRR estimation in one-third-octave SBs;

4. Multi-microphone T60 and DRR estimation in one-third-octave SBs.

Participants were expected to use the Development (Dev) data-set to tune their algorithms

for T60 and DRR estimation, and then test their algorithms on the fully blind Evaluation (Eval)

dataset using the provided software tools. The organizers then decoded and analyzed the

submitted results and returned them to the participants.

The ACE Challenge attracted participation from nine research institutions from

eight di↵erent countries around the world. Participants and their algorithms are listed in

Table 6.3 in order of appearance of their algorithms in the results tables. The T60 estimation

algorithms based on that proposed in Chapter 3 are identified with the letters F and G,

and the DRR estimation algorithms based on that proposed in Chapter 4 are identified

with the letters j, k, l, m, and n.

6.3.2 ACE Challenge datasets

Dev and Eval datasets of noisy reverberant speech files were constructed from the ACE

Corpus described in Section 6.2. The purpose of the Dev dataset was to allow participants

of the ACE Challenge to review the performance of their algorithms on typical ACE data,

and perform any tuning before commencing the challenge. The purpose of the Eval dataset

was to provide non-intrusive noisy reverberant speech upon which to base the challenge.
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Participant
Algorithms submitted
(see results tables)
T60 DRR

Federal University of Rio de Janeiro (UFRJ) A y
Friedrich-Alexander-Universität (FAU),

B, C, D, E
RWTH Aachen University
Imperial College London F, G j, k, l, m, n
Fraunhofer IDMT,

H i
Carl von Ossietzky University, Oldenburg

INRS-EMT, University of Quebec,
I, J, K, L, M, o, p, q, r, s,
N, O, P, Q t, u, v, w

Nuance Communications, Inc. R, S, T e, f, g
Microsoft Research U, V
University of Auckland,

Z, a, b, c, d
NTT Corporation
Australian National University (ANU) h

Table 6.3: ACE Challenge participants

Each noisy reverberant speech file was constructed from anechoic speech convolved

with measured AIRs obtained from a given room, combined with a random selection of

the noise (ambient, fan or babble) recorded in the same room conditions, with the same

occupants, and with the same source and microphone configuration using the method

described in Section 6.2.1.

The Dev dataset comprised noisy reverberant speech files from 2 rooms with 2

microphone positions each, 4 male talkers, 2 utterances each, babble, fan, and ambient

noise at 0 dB, 10 dB, and 20 dB SNR for all microphone configurations. There were 288

files per microphone configuration. Ground truth T60 and DRR information for the Dev set

was provided to participants for every channel of every microphone position in both FB

and in ISO SBs using ISO preferred frequencies [59].

The Eval dataset comprised noisy reverberant speech files from 5 rooms di↵erent to

those provided in the Dev dataset, with 2 microphone positions each, 5 male and 5 female

talkers, 5 utterances each, babble, fan and ambient noise in low, ´1 dB, medium, 12 dB,

and high 18 dB SNR scenarios generated using the same method as for the Dev dataset.

There were 4500 files per microphone configuration. The noisy reverberant speech files

were numbered in a pseudorandom permutation, which was di↵erent for each microphone

configuration, to reduce the possibility of training on the Eval dataset. Both Dev and Eval
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datasets were downsampled prior to distribution to a sample rate of 16 kHz and converted

to 16-bit precision.

In both Dev and Eval datasets, a further single-channel microphone configuration

was included. In the Dev dataset channel 1 of the 8-channel linear array was used. For the

Eval dataset channel 1 of the 5-channel cruciform was used.

6.3.3 ACE Challenge software

Software was provided to participants for each phase to assist in generating results in the

required format. The Dev software allowed participants to test their algorithms on the Dev

dataset and analyse the results by SNR, by T60, and by DRR, from a database of ground

truth values. The Eval software allowed participants to test their algorithms on the Eval

dataset to produce data files suitable for submission to the ACE Challenge. The software

also recorded Real-Time Factor (RTF) for each test, the Direction-of-Arrival (DoA) azimuth

and elevation if estimated, and the SNR if estimated for subsequent analysis.

6.3.4 ACE Challenge process

The ACE Challenge was conducted according to the following process:

1. Participants request to participate in the challenge;

2. Organizers release datasets and software to participants;

3. Participants tune their algorithms on the Dev dataset;

4. Participants test their algorithms on the Eval dataset and submit results;

5. Organizers return decoded results to participants with ground truth;

6. Participants submit conference paper to ACE Workshop;

7. Participants present paper describing the algorithm used.

In order to stimulate research in this area, participants were encouraged to enter multiple

types of algorithms. They could then select the most promising algorithms to report in

their paper submissions.
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6.3.5 Taxonomy of algorithms submitted

There were three main classes of algorithms submitted to the ACE Challenge:

1. Analytical, with or without bias compensation;

2. Single feature with mapping;

3. Machine learning using multiple features.

Analytical approaches derive the estimate for the acoustic parameter directly from the

signal without requiring any prior information. Bias compensation may be performed in

order to account for noise or specific aspects of the source material. An example of this is

the maximum likelihood method [77] which directly produces the T60 estimate.

Single feature with mapping approaches estimate a parameter from a signal that

is correlated with the acoustic parameter to be estimated, and then apply a mapping

function to give the acoustic parameter estimate. An example of this is the Spectral Decay

Distributions (SDD) method which determines Negative-Side Variance (NSV) from STFT

bins and then applies a mapping to obtain the T60.

Machine learning approaches typically use many features of the source material

to train a neural network which then estimates the acoustic parameter from the features

of a test signal. An example of this is the Non-Intrusive Room Acoustics (NIRA) [176]

algorithm.

There were no hybrid approaches submitted to the ACE Challenge although several

participants applied noise reduction to the source signals before performing parameter

estimation.

6.4 Results and discussion

In this Section, a synoptic presentation of the comparative results is given. Unabridged

results can be found in the ACE Technical Report [12]. Separate performance comparisons

are provided for the 4 tasks given in Section 6.3.1. For the FB tasks the results are

presented as box plots where there is a box shown for each algorithm. On each box in

the box plot, the central mark is the median, the edges of the box are the 25th and 75th
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Figure 6.3: FB T60 estimation error in all noises for all SNRs

Ref. Algorithm Mic. Config. Bias MSE ⇢ RTF

A QA Reverb [177] Single -0.068 0.0648 0.778 0.4
B Octave SB-based FB RTE [178] Single -0.104 0.0731 0.738 0.939
C DCT-based FB RTE [178] Single -0.104 0.0766 0.71 1
D Model-based SB RTE [178] Single -0.0363 0.102 0.693 0.451
E Baseline algorithm for FB RTE [178] Single -0.0432 0.11 0.387 0.0424
F SDDSA-G retrained [8] Single 0.0167 0.0937 0.608 0.0152
G SDDSA-G [1] Single -0.0423 0.0803 0.6 0.0164
H Multi-layer perceptron [179] Single -0.0967 0.104 0.48 0.0578
I Per acoust. band SRMR Section 2.5. [180] Single -0.114 0.109 0.48 0.578
J NSRMR Section 2.4. [180,181] Single -0.0646 0.119 0.261 0.571
K NSRMR Section 2.4. [180,181] Chromebook 0.012 0.116 0.291 1.04
L NSRMR Section 2.4. [180,181] Mobile -0.0504 0.0958 0.281 1.58
M NSRMR Section 2.4. [180,181] Crucif -0.0516 0.107 0.246 2.62
N SRMR Section 2.3. [180] Single -0.16 0.144 0.22 0.457
O SRMR Section 2.3. [180] Chromebook -0.105 0.132 0.221 0.829
P SRMR Section 2.3. [180] Mobile -0.153 0.12 0.228 1.26
Q SRMR Section 2.3. [180] Crucif -0.153 0.128 0.225 2.09
R NIRAv3 [176] Single -0.192 0.151 0.302 0.899
S NIRAv1 [176] Single -0.184 0.151 0.258 0.899
T NIRAv2 [176] Single -0.179 0.198 -0.0199 0.907
U Blur kernel [91] Single 0.173 0.15 0.279 8.46
V Blur kernel with sliding window [92] Single -0.00555 0.139 0.12 0.421
W Temporal dynamics [86] Single -0.304 0.211 0.269 0.362
X Improved blind RTE [77] Single -0.0635 0.165 0.166 0.0259
Y SDD [87] Single 0.463 305 0.00158 0.0221

Table 6.4: T60 estimation algorithm performance in all noises for all SNRs

percentiles, the whiskers extend to the most extreme data points not considered outliers.

Outliers are plotted individually. The algorithms are identified on each box plot by a single

character which corresponds to the character in the summary numerical results presented

in Tables 6.4 and 6.5. The Pearson correlation coe�cient, ⇢, between the estimates and

the ground truth for each algorithm is plotted as a black cross in the same column as the

algorithm. The value is provided on each right hand vertical axis. The results are sorted
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Figure 6.4: Single channel FB T60 estimation error in all noises and all SNRs for a)
T60 †0.43 s b) 0.43 §T60 † 0.75 s and c) T60 • 0.75 s. Observe that ⇢ † 0 for all except
algorithm D

by participant according to correlation coe�cient across all noises and SNRs in FB. For

the T60 FB task, the last three algorithms (W, X, Y) are those compared in Gaubitch et

al. [109], and are included as baselines to enable the progress made in non-intrusive T60

estimation since the earlier evaluation to be assessed. Similarly, for the DRR FB task, Jeub

et al. [118] is included as baseline algorithm since this was a freely available estimator prior
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Figure 6.5: FB T60 estimation error in all noises at a), 18 dB SNR and b) ´1 dB SNR

to the ACE Challenge. The columns in the table are as follows:

1. Ref., the identifier for each algorithm used on the horizontal axis of the preceding

figure;

2. Algorithm, the name used by the respective ACE Challenge participant to refer to

their algorithm;
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Figure 6.6: FB T60 estimation error in all noises and all SNRs for a) female talkers and
b) male talkers

3. Mic. Config., the microphone configuration of the Evaluation dataset used to test

the algorithm;

4. Bias, the mean error in the estimation results. Let X “ rx
0

, x
1

, . . . x
N´1

s equal

the set of N ground truth T60 and DRR measurements, and let X̂ equal the set of
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Figure 6.7: FB T60 estimation error in all noises and all SNRs for a) utterance length
†5 s b) utterance length † 15 s and c) utterance length • 15 s

estimated results defined similarly. Then

Bias “ 1

N

N´1

ÿ

n“0

x̂
n

´ x
n

. (6.10)
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Figure 6.8: FB DRR estimation error in all noises for all SNRs

Ref. Algorithm Mic. Config. Bias MSE ⇢ RTF

Z PSD est. in beamspace, bias comp. [182] Mobile 1.07 8.14 0.577 0.757
a PSD est. in beamspace (Raw) [182] Mobile -5.9 41.8 0.577 3.17
b PSD est. in beamspace v2 [182] Mobile -5.7 43 0.41 0.844
c PSD est. by twin BF [167] Mobile -5.71 44.9 0.362 0.614
d Spatial Covariance in matrix mode [119] Mobile -5.37 61.2 0.244 0.627
e NIRAv2 [176] Single -1.85 14.8 0.558 0.899
f NIRAv3 [176] Single -1.62 14.7 0.515 0.899
g NIRAv1 [176] Single -1.64 15 0.507 0.899
h Particle velocity [183] EM32 -2.38 10.4 0.449 0.134
i Multi-layer perceptron [179] Single -1.14 15.9 0.405 0.0578
j DENBE no noise reduction [5] Chromebook -6.04 51.2 0.308 0.0323
k DENBE spectral subtraction [9] Chromebook -4.25 34.1 0.314 0.0589
l DENBE spec. sub. Gerkmann [5] Chromebook -4.01 32.8 0.303 0.0477
m DENBE filtered subbands [9] Chromebook -4.01 32.8 0.303 0.775
n DENBE FFT derived subbands [9] Chromebook -4.01 32.8 0.303 0.0449
o Normalized Overall SRMR (NOSRMR) Section 2.2. [180] Chromebook -5.1 34.3 0.269 1.04
p Overall SRMR (OSRMR) Section 2.2. [180] Chromebook -3.71 20.6 0.259 0.829
q NOSRMR Section 2.2. [180] Mobile -4.47 32 0.148 1.58
r OSRMR Section 2.2. [180] Mobile -3.28 22.2 0.116 1.26
s NOSRMR Section 2.2. [180] Crucif -4.05 31.1 0.0814 2.62
t OSRMR Section 2.2. [180] Crucif -2.88 22.3 0.0616 2.09
u NOSRMR Section 2.2. [180] Single -4.16 33.9 -0.0841 0.54
v OSRMR Section 2.2. [180] Single -4.24 34.6 -0.0815 0.446
w Per acoust. band SRMR Section 2.5. [180] Single -0.9 22.8 0.00192 0.578
x Temporal dynamics [85] Single -11.4 147 0.0815 0.082
y QA Reverb [177] Single 2.51 23.6 0.0576 0.391
z Blind est. of coherent-to-di↵use energy ratio [118] Chromebook -12.1 162 0.305 0.019

Table 6.5: DRR estimation algorithm performance in all noises for all SNRs

5. MSE, the mean squared error in the estimation results defined as

MSE “ 1

N

N´1

ÿ

n“0

px̂
n

´ x
n

q2; (6.11)

6. ⇢, the Pearson correlation coe�cient between the estimation results and the ground



6.4 Results and discussion 159

Figure 6.9: Single channel FB DRR estimation error in all noises and all SNRs for a)
DRR †2 dB b) 2 §DRR † 5 dB and c) DRR • 5 dB

truth defined as

⇢ “ EtX̂Xu ´ EtX̂uEtXu
b

pEtX̂2u ´ EtX̂u2qpEtX2u ´ EtXu2q
; (6.12)

7. RTF, the real-time factor, the mean computation time to perform the estimation task
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Figure 6.10: Mobile (3-channel) FB DRR estimation error in all noises and all SNRs

for a) DRR †2 dB b) 2 §DRR † 5 dB and c) DRR • 5 dB. Note that for b) there are
strong negative correlations for all algorithms

over all relevant speech files.

By considering the bias, MSE, and ⇢, it is possible to determine how well the estimator

performs in these tests. For example, an estimator with a low bias and MSE might be

giving an estimate close to the median for every speech file. By examining ⇢, it will be
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Figure 6.11: FB DRR estimation error in all noises at a), 18 dB SNR and b) ´1 dB SNR

possible to distinguish between such an algorithm, which will have ⇢ Ñ 0, and a better

algorithm which is more accurately estimating the parameter concerned which will have

⇢ Ñ 1. The RTF is useful for indicating whether the algorithm has potential to be used in

practical applications that are constrained in computational complexity such as hearing

aids and mobile devices.
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Figure 6.12: FB DRR estimation error in all noises and all SNRs for a) female talkers
and b) male talkers

Fullband T60 estimation

The overall results for FB T60 estimation are shown in Fig. 6.3 and Table 6.4. There were no

multi-channel approaches submitted that exploited the spatial information within the AIRs.

The T60 is defined in the di↵use field where DRR † 0, and several algorithms rely on this
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Figure 6.13: FB DRR estimation error in all noises and all SNRs for a) utterance length
†5 s b) utterance length † 15 s and c) utterance length • 15 s

assumption. Further, the median DRR was approximately 5 dB, so the task was challenging.

A recent approach using a null-steered beamformer to remove the direct path to deal with

DRR • 0 was not submitted [90]. In spite of this the best performing algorithms achieved a

correlation coe�cient of ⇢ « 0.8. Around half the algorithms outperform the baselines from

Gaubitch et al. [109], with the best performing showing a significant improvement which
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suggests that non-intrusive T60 estimation is a mature field with estimators performing

well. The most accurate algorithms are Single feature mapping or Analytical approaches.

Features based on decay rates dominate the best approaches as expected since decay rates

are a defining characteristic of a reverberant decay tail.

As can be seen in Fig. 6.4, most single channel T60 estimators underestimate longer

T60s. In some cases such as algorithms R, S and T this is a consequence of the Dev set

containing a smaller range of T60s than the Eval set, however in other cases such as F and G

from Chapter 3 which were not tuned on the ACE corpus this is an inherent characteristic

of the algorithm. Estimating T60 is more di�cult for longer T60s using decay rates as a

feature because the gradients become very shallow and a small change in gradient at longer

T60 with lead to a large change in the estimate.

As can be seen in Fig. 6.5, noise a↵ects all algorithms. In general noise causes

overestimation since the algorithms have di�culty distinguishing between noise and the

noise-like tail of the reverberation. Machine learning approaches did not perform as well as

the Single feature mapping or Analytical approaches. Modulation domain features worked

well as features in mapping approaches but were not very e↵ective as features in machine

learning approaches. The blur kernel algorithms U and V, whilst showing promising results

did not perform well in the ACE noise levels. The SDD algorithm reviewed in [109] is now

the poorest performing algorithm, which is a satisfying observation in terms of scientific

progress.

As can be seen in Fig. 6.6, most algorithms perform better in male speech. This

e↵ect is most pronounced for R, S, and T, which used a machine learning approach, as

expected since the Dev set comprised only male talkers. The maximum likelihood and

SDD-based algorithms are more accurate with longer utterances achieving ⇢ Á 0.9, as can

be seen in Fig. 6.7.

Fullband DRR estimation results

The overall results for FB DRR estimation are shown in Fig. 6.8 and Table 6.5. Correlations

are achieved up to ⇢ À 0.6, with the best performing algorithm exploiting spatial information

in an analytical approach. The algorithms in general have large biases and MSEs. Also

machine learning approaches are more common and successful than for the T60 task. This
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suggests that the modelling and estimation of DRR is less well understood, and that there

may be better features for DRR yet to be exploited by Analytical techniques, and that

therefore this field of research is not as mature as T60 estimation.

Figures 6.9 and 6.10 show the results for DRR estimation for the Single and Mobile

microphone configurations respectively for di↵erent ranges of DRR. These are shown

separately since the ground truth DRR for the two microphones are di↵erent. Most

algorithms overestimate at low DRR and underestimate at high DRR, suggesting that the

algorithms are providing an estimate close to the middle of the range of DRRs, which is

confirmed by the values of ⇢, which show that there is poor correlation between the results

and the ground truth.

As can be seen in Fig. 6.11, some algorithms are very susceptible to noise whilst for

others it has little impact which reflects the diversity of techniques for DRR estimation.

Figure 6.13 shows that utterance length has little impact on the DRR estimation algorithms

unlike T60. Similarly, as shown in Fig. 6.12, gender has little impact. This suggests that

the statistics of speech are less useful for DRR estimation than for T60 estimation.

A frequency dependent T60 estimation algorithm and three frequency dependent

DRR estimation algorithms were submitted. The results of these algorithms reflect the

performance of the FB algorithms.

6.4.1 Test of the SDDSA-G and DENBE estimation algorithms on the ACE

Corpus

The ACE Challenge provided an opportunity to evaluate the T60 and DRR estimation

algorithms presented in Chapters 3 and 4. Whilst these are presented within the results

above, further analysis is now performed.

Performance evaluation of the SDDSA-G T60 estimation algorithm

The performance evaluation was conducted using the Evaluation stage Single channel

dataset and software provided by the ACE challenge.

Table 6.6 lists the algorithms to be compared along with their respective RTFs.

For this test, SDD, SDD with Mel-spaced frequency bands (SDDMSB), and SDDSA-G, the
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Label Algorithm Mic. Config. RTF

W SRMR Section 2.3. [180] Single 0.457
X Improved blind RTE [77] Single 0.0269
Y SDD [87] Single 0.0224
↵ SDDMSB [1] Single 0.00435
G SDDSA-G [1] Single 0.0162
F SDDSA-G retrained [8] Single 0.0155

Table 6.6: T60 estimation algorithms for Figs. 6.14 to 6.16

proposed algorithm were implemented more e�ciently using the Moore-Penrose [160] inverse

and a matrix computation of the least-squares regression leading to significant reduction

in computational complexity, but also significantly lower than the baseline algorithms, in

particular SDDMSB. The algorithms W, X, Y, ↵, and G were discussed in Chapter 3. Also,

algorithms W to C were the subject of the comparative evaluation in [109]. Algorithm

F is identical to algorithm G excepting that the training procedure was performed using

a larger range of T60 values. In algorithm G, T60 values from 0.2 to 0.95 s in 0.15 s steps,

whereas in algorithm F, T60 values from 0.2 to 1.85 s in 0.15 s steps in anticipation of a

potentially larger range of T60 values. The training was still based on simulated AIRs using

the source-image method. Figures 6.14, 6.15 and 6.16 show the results for algorithms W,

X, Y, ↵, G, and G in babble, ambient and fan noise at low (´1 dB), medium (12 dB) and

high (18 dB) SNRs. On each box, the central mark is the median, the edges of the box are

the 25th and 75th percentiles, the whiskers extend to the most extreme data points not

considered outliers, and outliers are plotted individually.

The SDD algorithm exhibits a very high large bias at low SNRs. The SDD algorithm

appears to exhibit unusual behaviour in ambient noise, and at low SNRs in fan noise. This

is because the algorithm has a limit that prevents the T60 from being negative and thus

for very high T60s or large levels of noise the estimator returns a T60 of zero. The SDDMSB

algorithm is more tolerant of noise than SDD, but that the SNR must be above 30 dB

for performance to approach the proposed algorithm. Overall, the results show that the

SDDSA-G algorithm and the retrained version outperform algorithms W, X, Y, ↵ for most

noise types and noise levels showing a smaller bias and smaller variance.
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Figure 6.14: T60 estimation error for babble noise for algorithms W, X, Y, ↵, G, and
F for low (´1 dB), medium (12 dB) and high (18 dB) SNRs

Figure 6.15: T60 estimation error for fan noise for algorithms W, X, Y, ↵, G, and F
for low (´1 dB), medium (12 dB) and high (18 dB) SNRs
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Figure 6.16: T60 estimation error for ambient noise for algorithms W to F for low
(´1 dB), medium (12 dB) and high (18 dB) SNRs

Performance evaluation of the DENBE DRR estimation algorithm

Table 6.7 lists the algorithms to be compared along with their respective RTFs. The DENBE

algorithms (j to m) require the ground truth noise and the DoA. Since the ACE challenge is

a fully blind test, ground truth noise and DoA were not available. Additional pre-processing

was therefore performed resulting in several variants of the DENBE algorithm under test.

In all variants time alignment of the two input channels was applied using sigalign.m [37].

In the first test denoted j, no noise reduction was applied. In the second test, denoted k,

spectral subtraction was performed using minimum statistics [28, 37]. In the third test,

denoted l, spectral subtraction was performed using Minimum Mean Squared Error (MMSE)

power estimation [30,37]. A further two tests of the algorithm in [5] were made. In the fifth

test, denoted n, DRR estimates in ISO frequency bands were derived by transforming from

the Short Time Fourier Transform (STFT) frequency bands in (4.22). In the sixth test,

denoted m, DRR estimates in ISO frequency bands were obtained by filtering the input to

the algorithm using an 8th order Butterworth filter and estimating the DRR using (4.23)

over all frequencies. In addition, two baselines are used for comparison of the fullband

DRR results, Falk et al. [85], and Jeub et al. [118] denoted x and z respectively.

Whilst the DRR estimator is computationally e�cient, it is expected that variant m
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Label Algorithm Mic. Config. RTF

x Temporal dynamics [85] Single 0.0819
z Blind est. of coherent-to-di↵use energy ratio [118] Chromebook 0.019
j DENBE no noise reduction [5] Chromebook 0.0323
k DENBE spectral subtraction [9] Chromebook 0.0602
l DENBE spec. sub. Gerkmann [5] Chromebook 0.0474
n DENBE FFT derived subbands [9] Chromebook 0.0449
m DENBE filtered subbands [9] Chromebook 0.775

Table 6.7: DRR estimation algorithms for Figs. 6.17 to 6.19

will have a much higher RTF than the other versions since the algorithm must be called in

every ISO frequency band up to half the sample rate. In addition to estimation performance,

the RTF of each algorithm was compared. Algorithm x was tested using Matlab on an Intel

Xeon X5675 processor with a clock speed of 3.07GHz, whilst algorithms z, j, k, and l, n,

and m were tested using Matlab on an Intel Xeon E5-2643 processor with a clock speed of

3.30GHz. These two processors have similar levels of performance.

Results for algorithms x, z, j, k, and l in the three noise types, Ambient, Fan, and

Babble are shown in Figs. 6.17, 6.18, and 6.19 respectively. On each box, the central mark

is the median, the edges of the box are the 25th and 75th percentiles, the whiskers extend

to the most extreme data points not considered outliers. Outliers are not shown.

Algorithm j gives better performance than the baselines under all conditions. With

the addition of noise reduction in algorithms k and l, the estimation performance is greatly

improved for fan and ambient noise regardless of the method of noise reduction.

Results in ISO frequency bands for algorithms n and m in the three noise types at

18 dB SNRs are shown in Figs. 6.21 to 6.25. Algorithm n achieves some success at 200Hz

and above in ambient and fan noise, and above 1200Hz in babble noise. Below 200Hz

the algorithm is is unable to estimate the DRR and is returning a value of ´20 dB in most

cases. As such the error is large and negative with a small variance. Algorithm m achieves

better performance below around 250Hz. This suggests that a combination of the two

algorithms using the results of n above 200Hz and the results of algorithm m below 200Hz

would be a better estimator than either estimator on its own. However, the variance in

most frequency bands is large.

Table 6.7 shows the RTF for each algorithm computed by dividing the total CPU
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time used to process all 4500 noisy reverberant speech files in the ACE Evaluation dataset

by the combined length of all the noisy reverberant speech files. As expected, algorithm m

has a much larger RTF than the other algorithms, however it would still be able to operate

in real time in a practical application.
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Figure 6.17: DRR estimation error for Ambient noise for algorithms x, z, j, k, and l
for low (´1 dB), medium (12 dB) and high (18 dB) SNRs

Figure 6.18: DRR estimation error for Fan noise for algorithms x, z, j, k, and l for low
(´1 dB), medium (12 dB) and high (18 dB) SNRs
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Figure 6.19: DRR estimation error for Babble noise for algorithms x, z, j, k, and l for
low (´1 dB), medium (12 dB) and high (18 dB) SNRs

Figure 6.20: DRR estimation error for Ambient noise for algorithm n for high (18 dB)
SNRs
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Figure 6.21: DRR estimation error for Ambient noise for algorithm m for high (18 dB)
SNRs

Figure 6.22: DRR estimation error for Fan noise for algorithm n for high (18 dB) SNRs



6.4 Results and discussion 174

Figure 6.23: DRR estimation error for Fan noise for algorithm m for high (18 dB) SNRs

Figure 6.24: DRR estimation error for Babble noise for algorithm n for high (18 dB)
SNRs
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Figure 6.25: DRR estimation error for Babble noise for algorithm m for high (18 dB)
SNRs

6.5 Conclusion

A corpus of multi-channel realistic noisy reverberant speech has been created, initially

to support the ACE Challenge, but more widely to support any related research. Seven

rooms are provided, each with two source-microphone configurations. For each of the

14 room-source-microphone configurations, 5 di↵erent microphone arrays are provided

giving up to 50 channels of three di↵erent types of noise, along with their AIRs, and T60

and DRR measurements. The corpus allows researchers to construct noisy reverberant

speech utterances with a range of T60, DRRs, and noises at di↵erent SNRs using di↵erent

microphone arrays in order to evaluate the performance of speech enhancement and speech

recognition applications. The e↵ect of occupancy on the T60 has also been demonstrated.

The database will be freely available after the ACE Challenge has concluded.

The ACE Challenge has stimulated a significant research e↵ort using a common

data foundation which would not have happened without the creation of the corpus. In

particular, DRR estimation algorithm ”s” from Australian National University and T60

estimation algorithm ”D” from Friedrich-Alexander University Erlangen-Nürnberg (FAU)

were developed specifically for the ACE Challenge.

The results show that non-intrusive T60 estimation is a mature field, where the

performance of blind estimators has significantly improved since the study in [109], and



6.5 Conclusion 176

further developments are likely to give marginal gains. Non-intrusive DRR estimation

however is a significantly less mature field. Joint-estimation algorithms did not outperform

algorithms focused on a single task, and their performance overall suggests leads to the

conclusion that the main distinguishing features of T60 and DRR are di↵erent.

For non-intrusive T60 estimation, the current best-performing algorithm can estimate

T60 to within an RMS error of « 250ms and a ⇢ « 0.8 for typical operating scenarios

of ´2 to 18 dB SNR. For non-intrusive DRR estimation, the best performing algorithm

can estimate DRR to within an RMS error of « 3 dB and a ⇢ « 0.6 for typical operating

scenarios of ´2 to 18 dB SNR.

The ACE Challenge has also provided an opportunity to evaluate the SDDSA-G

and DENBE algorithms on real recordings of AIRs and noise in contrast to the previously

reported performance which was on simulated data. The speech in the ACE corpus is

free-running and less uniform than the TIMIT database used in [5], and so is representative

of conversational speech rather than read speech. The estimation performance of the

DENBE DRR estimator in fullband outperforms all existing algorithms at medium and high

SNRs, and has a low RTF making it suitable for real-time applications. The performance in

ISO frequency bands produced encouraging results based on small additions to the DENBE

algorithm.
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Chapter 7

Conclusion

THE starting point for this work was to determine whether it is possible to estimate

acoustic parameters applicable to speech enhancement and speech recognition systems

non-intrusively from single- and multi-channel speech degraded by additive, convolutive

and non-linear degradations, in real-time or near real-time with su�cient accuracy to

better enable speech enhancement.

In Chapter 2, existing methods for non-intrusively estimating the SNR for a speech

utterance degraded by additive noise are reviewed. In the evaluation, estimates using

existing methods are improved upon using a mapping function. The results show that the

best performing algorithm with a mapping function can estimate the SNR in a 10 s speech

utterance to within a spread of 7.3 dB for SNRs from ´5 dB to 35 dB for 95% of the results.

The algorithm has an RTF of 0.35 so the estimation can be performed in real-time.

In Chapter 3, a novel method for non-intrusively estimating T60 from speech degraded

by the convolutive e↵ects of reverberation, and additive noise is presented. The algorithm

is based on the SDD method, which is highly biased in the presence of additive noise. By

selecting the parts of the spectrum dominated by the speech, the method reduces the

influence of the noise on the decay rates used to derive the T60 estimate, thus reducing

the bias. The SDDSA-G algorithm provides increased accuracy and significant robustness

to additive noise with Root Mean Square (RMS) T60 estimation errors of 120ms or better

for SNRs of 5 dB and above over a wide range of realistic additive noise degradations in

real-time. The SDDSA-G algorithm requires an estimate of the SNR, and the best estimators
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in Chapter 2 were shown to be su�ciently accurate to give results not significantly di↵erent

from when the ground truth SNR is used.

In Chapter 4, a novel method for non-intrusively estimating the DRR from multi-

channel speech degraded by additive noise and the convolutive e↵ects of reverberation,

the DENBE algorithm, is presented. This method determines the DRR using a null-steered

beamformer. By steering a null at the source of the speech, the direct path is cancelled

out leaving only the reverberation. Using the relative power of the reverberant speech

signal, the power in the reverberation, and knowledge of the gain characteristics of the

beamformer, the DRR is estimated. The DENBE algorithm was shown to provide estimates

with a standard deviation of 4 dB over DRRs from ´5 to 5 dB across a wide range of room

sizes, reverberation times, and source-receiver distances.

The hitherto unexplored question of whether clipped samples can be detected in

speech degraded by clipping, additive noise and the coding and decoding process of a

communications channel has led to the development of a range of approaches in both time

and frequency domain presented in Chapter 5. The algorithms outperform the optimized

baseline, with F1 reaching 0.6 for Global System For Mobile Communications (GSM) 06.10

decoded speech with babble noise at 20 dB SNR, and clipping levels in the range ´5 to

´20 dBFS.

Alongside the algorithmic development, an international research challenge was run

for which a novel noisy reverberant speech corpus was developed, which is presented in

Chapter 6. The purpose of the ACE Challenge was to determine the state-of-the-art in T60

and DRR estimation, and stimulate new research. Nine research groups from eight di↵erent

countries around the world participated with some developing new algorithms specifically

as a result of the challenge. It can therefore be concluded therefore that the objectives

were met. The ACE Challenge also provided the opportunity to test the SDDSA-G and

DENBE algorithms presented in Chapters 3 and 4 on new data. The SDDSA-G T60 estimation

algorithm presented in Chapter 3 demonstrated top-quartile performance both when used

with simulated noise and AIRs, and when applied to the measured AIRs and matched noise

recordings of the ACE Challenge. The implementation of the algorithm has been improved

upon resulting in very low computational complexity and is available to download1. The

1Code available on http://www.commsp.ee.ic.ac.uk/„sap/projects/blind-estimation-of-acoustic-
parameters-from-speech/blind-t60-estimator/ password:bBs96K
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DENBE DRR estimation algorithm presented in Chapter 4 demonstrated good performance

in simulated data, and outperformed other 2-channel entries in the ACE Challenge.

This thesis set out to determine whether acoustic parameters could be estimated

with su�cient accuracy to enable speech enhancement and recognition. It is encouraging

therefore, that the SDDSA-G algorithm has been employed by several research groups as part

of their speech enhancement and recognition algorithms [16,184,185], and that without

additional training, the SDDSA-G algorithm performed well on the ACE Challenge Eval

dataset, showing that it gives usable results under di↵erent conditions to those used for

development of the algorithm. The DENBE algorithm performed well in the ACE Challenge

and has a very low RTF making it well suited to practical implementations.

It can be concluded therefore that non-intrusive estimation of acoustic parameters

from degraded speech is possible within the bounds set by this thesis.

7.1 What the future holds

At the start of this work, there was much focus on the T60 as a useful acoustic parameter,

and work was ongoing to determine how accurately this could be estimated [109], which

was also part of the inspiration for the ACE Challenge in Chapter 6. In May 2013, when the

T60 estimation algorithm of Chapter 3 was presented at IEEE International Conference on

Acoustics, Speech and Signal Processing (ICASSP) in Vancouver, Canada, this algorithm was

state-of-the-art. The evidence presented in Chapter 6 shows that in the intervening years,

T60 estimation has moved significantly further forward. As a result of the ACE Challenge,

an accurate frequency dependent T60 estimation method has now been proposed [178]. The

limitations of current methods means however that such great progress towards a perfect

correlation coe�cient approaching 1.0 is unlikely to be so rapid in the coming years, as

this field is now relatively mature.

In the field of DRR estimation however, developments here are more recent and

the value of this parameter is still gaining recognition. Prior to 2010, no methods had

been presented for non-intrusive estimation of this parameter. Therefore improvements

are expected to give correlations approaching 0.8 in the coming years, as has been seen

in the field of T60 estimation as the time and frequency domain features that define this
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parameter are better determined. Until then, machine learning approaches using many

features are still likely to be amongst of the most successful methods, but this is ultimately

an unsatisfactory approach from the point-of-view of truly understanding the acoustic

properties of the reverberant sound field.

There are however, still some great di�culties in estimating even established acoustic

parameters. For example T60 must be measured in the di↵use field beyond the critical

distance. When estimating non-intrusively, it may be impossible to determine whether the

observation is beyond the critical distance or not. For DRR, the energy in the direct path

must be determined, which is not possible with any accuracy in practice, and there is no

single established method for estimating this. It has also not been established with any

certainty whether DRR estimation is actually theoretically possible from a single channel

speech signal for DRRs less than 0 dB. Also there is an interdependence between T60 and

DRR. With a high DRR even a very large T60 is unlikely to adversely a↵ect intelligibility,

whilst with a low DRR, even low values of T60 can dramatically colour the observation.

Very recently, focus has been shifting towards the Clarity Index (C50), which is

defined as the ratio of the energy in the early reflections over the energy in the late

reflections [111]. This parameter compares the energy in the AIR up until 50ms from the

arrival of the direct signal with the energy in the remainder of the signal, and therefore

circumvents some of the problems associated with established acoustic parameters. Since

early reflections prior to 50ms tend to only spectrally colour a signal, whilst late reflections

cause temporal smearing, a high C50 will correspond to a signal with higher quality and

intelligibility [122]. This parameter has also been shown to be highly correlated with

Automatic Speech Recognition (ASR) performance [186]. Whilst a second phase of the ACE

Challenge was held to allow new participants to submit algorithms specifically developed

for the challenge, C50 unfortunately fell outside of the scope of the work. Were the ACE

Challenge to be held again today, C50 would undoubtedly be included as one of the

estimation tasks. This raises the question of what new acoustic parameters may emerge in

the future and what improvements in speech enhancement might be made as a result of

those parameters.

Much research work still relies on the LTI assumption, and in this thesis this was an

underlying assumption in Chapters 3, 4, and 6. In practice, more complex degradations
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may be encountered which challenge this assumption. A person talking in a room will

move around the room even if they are trying to keep still, and heat sources and draughts

in the room will cause air currents which will change the acoustics continuously. The

talker may even leave the room altogether during a conversation and enter another acoustic

environment, and this may occur several times during a conversation. Also, communications

devices are not perfectly linear, and recovery from overload conditions in such devices will

take a finite time period. Estimating acoustic parameters under such challenging - and

realistic - circumstances is the subject for further work.
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[171] Brüel and Kjær, “4190-L-001 0.5 inch free-field microphone with type 2669-L

preamplifier, 3 Hz to 20 kHz, 200 V polarization,” Skodsborgvej 307, DK-2850 Nærum,

Denmark, 2012. [Online]. Available: http://www.bksv.com/Products/transducers/

acoustic/microphones/microphone-preamplifier-combinations/4190-L-1

[172] EBU, Loudness recommendation, European Broadcasting Union (EBU) Recommen-

dation R128-2014, 2014.

[173] DPA Microphones, “d:screet 4060 Omnidirectional Microphone, high-sensitivity,”

Gydevang 42-44 DK-3450 Allerød, Denmark, 2008. [Online]. Available: http://www.

dpamicrophones.com/en/products.aspx?c=Item&category=128&item=24035

[174] M. H. Acoustics, “EM32 Eigenmike microphone array release notes (v17.0),”

25 Summit Ave, Summit, NJ 07901, USA, Oct. 2013. [Online]. Available:

http://www.mhacoustics.com/sites/default/files/ReleaseNotes.pdf

[175] Audacity, “Audacity - free multi-track audio editor and recorder,” May 2000.

[Online]. Available: http://audacityteam.org/

[176] P. P. Parada, D. Sharma, T. van Waterschoot, and P. A. Naylor, “Evaluating the

non-intrusive room acoustics algorithm with the ACE challenge,” in Proc. ACE

http://www.audience.com/images/AUD_eS800_ProdBrief_110414.pdf
http://www.bksv.com/Products/transducers/acoustic/microphones/microphone-preamplifier-combinations/4190-L-1
http://www.bksv.com/Products/transducers/acoustic/microphones/microphone-preamplifier-combinations/4190-L-1
http://www.dpamicrophones.com/en/products.aspx?c=Item&category=128&item=24035
http://www.dpamicrophones.com/en/products.aspx?c=Item&category=128&item=24035
http://www.mhacoustics.com/sites/default/files/ReleaseNotes.pdf
http://audacityteam.org/


Bibliography 200

Challenge Workshop, a satellite event of IEEE-WASPAA, New Paltz, NY, USA,

2015. [Online]. Available: http://arxiv.org/abs/1510.04616

[177] T. de M. Prego, A. A. de Lima, R. Zambrano-López, and S. L. Netto, “Blind
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