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Signal Processing Laboratory, Griffith School of Engineering, Griffith University, Nathan, QLD 4111, Australia

Received 15 December 2010; received in revised form 7 September 2011; accepted 14 September 2011
Available online 24 September 2011
Abstract

In this paper we investigate the enhancement of speech by applying MMSE short-time spectral magnitude estimation in the modu-
lation domain. For this purpose, the traditional analysis-modification-synthesis framework is extended to include modulation domain
processing. We compensate the noisy modulation spectrum for additive noise distortion by applying the MMSE short-time spectral mag-
nitude estimation algorithm in the modulation domain. A number of subjective experiments were conducted. Initially, we determine the
parameter values that maximise the subjective quality of stimuli enhanced using the MMSE modulation magnitude estimator. Next, we
compare the quality of stimuli processed by the MMSE modulation magnitude estimator to those processed using the MMSE acoustic
magnitude estimator and the modulation spectral subtraction method, and show that good improvement in speech quality is achieved
through use of the proposed approach. Then we evaluate the effect of including speech presence uncertainty and log-domain processing
on the quality of enhanced speech, and find that this method works better with speech uncertainty. Finally we compare the quality of
speech enhanced using the MMSE modulation magnitude estimator (when used with speech presence uncertainty) with that enhanced
using different acoustic domain MMSE magnitude estimator formulations, and those enhanced using different modulation domain based
enhancement algorithms. Results of these tests show that the MMSE modulation magnitude estimator improves the quality of processed
stimuli, without introducing musical noise or spectral smearing distortion. The proposed method is shown to have better noise suppres-
sion than MMSE acoustic magnitude estimation, and improved speech quality compared to other modulation domain based enhance-
ment methods considered.
� 2011 Elsevier B.V. All rights reserved.
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1. Introduction

Speech enhancement methods aim to improve the qual-
ity of noisy speech by reducing noise, while at the same
time minimising any speech distortion introduced by the
enhancement process. Many enhancement methods are
based on the short-time Fourier analysis-modification-syn-
thesis framework. Some examples of these are the spectral
subtraction method (Boll, 1979), the Wiener filter method
(Wiener, 1949), and the MMSE short-time spectral ampli-
tude estimation method (Ephraim and Malah, 1984).
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Spectral subtraction is perhaps one of the earliest and
most extensively studied methods for speech enhancement.
This simple method enhances speech by subtracting a spec-
tral estimate of noise from the noisy speech spectrum in
either the magnitude or energy domain. Though this
method is effective at reducing noise, it suffers from the
problem of musical noise distortion, which is very annoy-
ing to listeners. To overcome this problem, Ephraim and
Malah (1984) proposed the MMSE short-time spectral
amplitude estimator, referred to throughout this work as
the acoustic magnitude estimator (AME). In the literature
(e.g., Cappe, 1994; Scalart and Filho, 1996), it has been
suggested that the good performance of the AME can be
largely attributed to the use of the decision-directed
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approach for estimation of the a priori signal-to-noise ratio
(a priori SNR). The AME method, even today, remains one
of the most effective and popular methods for speech
enhancement.

Recently, the modulation domain has become popular
for speech processing. This has been in part due to the
strong psychoacoustic and physiological evidence, which
supports the significance of the modulation domain for
the analysis of speech signals.1 Zadeh (1950) was perhaps
the first to propose a two-dimensional bi-frequency system,
where the second dimension for frequency analysis was the
transform of the time variation of the magnitudes at each
standard (acoustic) frequency. Atlas et al. (2004) more
recently defines the acoustic frequency as the axis of the
first short-time Fourier transform (STFT) of the input sig-
nal and the modulation frequency as the independent var-
iable of the second STFT transform.

Early efforts to utilise the modulation domain for speech
enhancement assumed speech and noise to be stationary,
and applied fixed filtering on the trajectories of the acoustic
magnitude spectrum. For example, Hermansky et al.
(1995) proposed band-pass filtering the time trajectories
of the cubic-root compressed short-time power spectrum
to enhance speech. Falk et al. (2007) and Lyons and Pali-
wal (2008) applied similar band-pass filtering to the time
trajectories of the short-time magnitude (power) spectrum
for speech enhancement.

However, speech and possibly noise are known to be
nonstationary. To capture this nonstationarity, one option
is to assume speech to be quasi-stationary, and process the
trajectories of the acoustic magnitude spectrum on a short-
time basis. At this point it is useful to differentiate the
acoustic spectrum from the modulation spectrum as fol-
lows. The acoustic spectrum is the STFT of the speech sig-
nal, while the modulation spectrum at a given acoustic
frequency is the STFT of the time series of the acoustic
spectral magnitudes at that frequency. The short-time
modulation spectrum is thus a function of time, acoustic
frequency and modulation frequency.

This type of short-time processing in the modulation
domain has been used in the past for automatic speech rec-
ognition (ASR). Kingsbury et al. (1998), for example,
applied a modulation spectrogram representation that
emphasised low-frequency amplitude modulations to
ASR for improved robustness in noisy and reverberant
conditions. Tyagi et al. (2003) applied mel-cepstrum mod-
ulation features to ASR to give improved performance in
the presence of non-stationary noise. Short-time modula-
tion domain processing has also been applied to objective
quality. For example, Kim and Oct (2004, 2005) as well
as Falk and Chan (2008) used the short-time modulation
magnitude spectrum to derive objective measures that
characterise the quality of processed speech.
1 A review of the significance of the modulation domain for human
speech perception can be found in (Atlas and Shamma, 2003).
For speech enhancement, short-time modulation
domain processing was recently applied in the modulation
spectral subtraction method (ModSSub) of Paliwal et al.
(2010). Here, the spectral subtraction method was extended
to the modulation domain, enhancing speech by subtract-
ing the noise modulation energy spectrum from the noisy
modulation energy spectrum in an analysis-modification-
synthesis (AMS) framework. In ModSSub method, the
frame duration used for computing the short-time modula-
tion spectrum was found to be an important parameter,
providing a trade-off between quality and level of musical
noise. Increasing the frame duration reduced musical noise,
but introduced a slurring distortion. A somewhat long
frame duration of 256 ms was recommended as a good
compromise. The disadvantages of using longer modula-
tion domain analysis window are as follows. Firstly, we
are assuming stationarity which we know is not the case.
Secondly, quite a long portion is needed for the initial esti-
mation of noise, and thirdly, as shown by Paliwal et al.
(2011), speech quality and intelligibility is higher when
the modulation magnitude spectrum is processed using
short frame durations and lower when processed using
longer frame durations. For these reasons, we aim to find
a method better suited to the use of shorter modulation
analysis window durations.

Since the AME method has been found to be more effec-
tive than spectral subtraction in the acoustic domain, in
this paper, we explore the effectiveness of this method in
the short-time modulation domain. For this purpose, the
traditional analysis-modification-synthesis framework is
extended to include modulation domain processing, then
the noisy modulation spectrum is compensated for additive
noise distortion by applying the MMSE short-time spectral
magnitude estimation algorithm. The advantage of apply-
ing a MMSE-based method is that it does not introduce
musical noise and hence can be used with shorter frame
durations in the modulation domain. The proposed
approach, referred to as the modulation magnitude estima-
tor (MME), is demonstrated to give better noise removal
than the AME approach, without the musical noise of
the spectral subtraction type approach, or the spectral
smearing of the ModSSub method. In the body of this
paper, we provide enhancement results for the case of
speech corrupted by additive white Gaussian noise
(AWGN). We have also investigated enhancement perfor-
mance for various coloured noises and the results, included
in the Appendices, are shown to be qualitatively similar.

The rest of the paper is organised as follows. Section 2
details an AMS-based framework for enhancement in the
short-time modulation domain. In Section 3 we describe
the proposed MME approach, then in Section 4 we give
details of the experiments used to tune the parameters of
the MME method. In Section 5, the performance of the
MME method is evaluated by comparison to a number
of different speech enhancement approaches. In Section 6,
we consider the effect of speech presence uncertainty and
log-domain processing on the performance of the MME
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method. In Sections 7 and 8, we compare the quality of the
proposed MME method to a wider range of enhancement
methods, including different acoustic domain MMSE for-
mulations and a number of modulation domain based
speech enhancement methods. Final conclusions are drawn
in Section 9.
3 The relative importance of the modulation phase spectrum with respect
2. AMS-based framework for speech enhancement in the
short-time spectral modulation domain

As mentioned previously, many frequency domain
speech enhancement methods are based on the (acoustic)
short-time Fourier AMS framework (e.g., Lim and Oppen-
heim, 1979; Berouti et al., 1979; Ephraim and Malah, 1984;
Ephraim and Malah, 1985; Martin, 1994; Sim et al., 1998;
Virag, 1999; Cohen, 2005; Loizou, 2005). A traditional
acoustic AMS procedure for speech enhancement consists
of three stages: (1) the analysis stage, where the noisy
speech is processed using the STFT analysis; (2) the modi-
fication stage, where the noisy spectrum is compensated for
noise distortion to produce the modified spectrum; and (3)
the synthesis stage, where an inverse STFT operation is fol-
lowed by overlap-add synthesis to reconstruct the
enhanced signal. The above framework has recently been
extended to facilitate enhancement in the short-time spec-
tral modulation domain (Paliwal et al., 2010). For this pur-
pose, a secondary AMS procedure was utilized for
framewise processing of the time series of each frequency
component of the acoustic magnitude spectra. In this sec-
tion, the details of the AMS-based framework for speech
enhancement in the short-time spectral modulation domain
are briefly reviewed.

Let us assume an additive noise model in which clean
speech is corrupted by uncorrelated additive noise to pro-
duce noisy speech as given by

xðnÞ ¼ sðnÞ þ dðnÞ; ð1Þ

where x(n), s(n), and d(n) are the noisy speech, clean
speech, and noise signals, respectively, and n denotes a dis-
crete-time index. The noisy speech signal is then processed
using the running STFT analysis (Vary and Martin, 2006)
given by

X lðkÞ ¼
XN�1

n¼0

xðnþ lZÞvðnÞe�j2pnk=N ; ð2Þ

where l refers to the acoustic frame index, k refers to the
index of the acoustic frequency, N is the acoustic frame
duration2 (AFD) in samples, Z is the acoustic frame shift
(AFS) in samples, and v(n) is the acoustic analysis window
function. In speech processing, an AFD of 20–40 ms along
with an AFS of 10–20 ms and the Hamming analysis win-
dow are typically employed (e.g., Picone, 1993; Huang
2 Note that frame duration and window duration mean the same thing
and we use these two terms interchangeably in this paper.
et al., 2001; Loizou, 2007; Paliwal and Wójcicki, 2008;
Rabiner and Schafer, 2010).

In polar form, the STFT of the speech signal can be
expressed as

X lðkÞ ¼ jX lðkÞjej\X lðkÞ; ð3Þ

where jXl(k)j denotes the acoustic magnitude spectrum and
\Xl(k) denotes the acoustic phase spectrum. The time tra-
jectories for each frequency component of the acoustic
magnitude spectra are then processed framewise using a
second AMS procedure as outlined below. The running
STFT is used to compute the modulation spectrum from
the acoustic magnitude spectrum as follows

X ‘ðk;mÞ ¼
XN�1

l¼0

jX lþ‘ZðkÞjuðlÞe�j2plm=N ; ð4Þ

where ‘ is the modulation frame index, k is the index of the
acoustic frequency, m refers to the index of the modulation
frequency, N is the modulation frame duration (MFD) in
terms of acoustic frames, Z is the modulation frame shift
(MFS) in terms of acoustic frames, and u(l) is the modula-
tion analysis window function. The modulation spectrum
can be written in polar form as

X ‘ðk;mÞ ¼ jX ‘ðk;mÞjej\X ‘ðk;mÞ; ð5Þ

where jX ‘ðk;mÞj is the modulation magnitude spectrum,
and \X ‘ðk;mÞ is the modulation phase spectrum. In the
present work, the modulation magnitude spectrum of clean
speech is estimated from the noisy modulation magnitude
spectrum, while the noisy modulation phase spectrum is
left unchanged.3 The modified modulation spectrum is then
given by

Y‘ðk;mÞ ¼ bS ‘ðk;mÞ��� ���ej\X ‘ðk;mÞ; ð6Þ

where bS ‘ðk;mÞ��� ��� is an estimate of the clean modulation
magnitude spectrum. Eq. (6) can also be written in terms
of spectral gain function, G‘ðk;mÞ, applied to the modula-
tion spectrum of noisy speech as follows

Y‘ðk;mÞ ¼ G‘ðk;mÞX ‘ðk;mÞ; ð7Þ

where

G‘ðk;mÞ ¼
bS ‘ðk;mÞ��� ���
jX ‘ðk;mÞj

: ð8Þ

The inverse STFT operation, followed by least-squares
overlap-add synthesis (Quatieri, 2002), are then used to
compute the modified acoustic magnitude spectrum as
given by
to the modulation magnitude spectrum depends on the MFD. For
example, the results of a recent study by Paliwal et al. (2011) suggest that
for short MFDs (664 ms) the modulation phase spectrum does not
significantly contribute towards speech intelligibility or quality.



Fig. 1. Block diagram of the AMS–based framework for speech
enhancement in the short-time spectral modulation domain.
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jY lðkÞj ¼
X
‘

wðl� ‘ZÞ
XN�1

m¼0

Y‘ðk;mÞej2pðl�‘ZÞm=N

( )
; ð9Þ

where w(l) is a synthesis window function. The modified
acoustic magnitude spectrum is combined with the noisy
acoustic phase spectrum,4 to produce the modified acoustic
spectrum as follows

Y lðkÞ ¼ jY lðkÞjej\X lðkÞ: ð10Þ
The enhanced speech signal is constructed by applying the
inverse STFT operation, followed by least-squares overlap-
4 Typically, AMS-based speech enhancement methods modify only the
acoustic magnitude spectrum while keeping the acoustic phase spectrum
unchanged. One reason for this is that for Hamming-windowed frames of
20–40 ms duration, the phase spectrum is considered unimportant for
speech enhancement (e.g., Wang and Lim, 1982; Shannon and Paliwal,
2006).
add synthesis, to the modified acoustic spectrum as given
by

yðnÞ ¼
X

l

wðn� lZÞ
XN�1

k¼0

Y lðkÞej2pðn�lZÞk=N

( )
: ð11Þ

A block diagram of the AMS-based framework for speech
enhancement in the short-time spectral modulation domain
is shown in Fig. 1.

3. Minimum mean-square error short-time spectral

modulation magnitude estimator

The minimum mean-square error short-time spectral
amplitude estimator of Ephraim and Malah (1984) has
been employed in the past for speech enhancement in the
acoustic frequency domain with much success. In the pres-
ent work we investigate its use in the short-time spectral
modulation domain. For this purpose the AMS-based
framework detailed in Section 2 is used. In the following
discussions we will refer to the original method by Ephraim
and Malah (1984) as the MMSE acoustic magnitude esti-
mator (AME), while the proposed modulation domain
approach will be referred to as the MMSE modulation
magnitude estimator (MME). The details of the MME
are presented in the remainder of this section.

In the MME method, the modulation magnitude spec-
trum of clean speech is estimated from noisy observations.
The proposed estimator minimises the mean-square error
between the modulation magnitude spectra of clean and
estimated speech

� ¼ E jS‘ðk;mÞj � bS ‘ðk;mÞ��� ���� �2
� �

; ð12Þ

where E[�] denotes the expectation operator. Closed form
solution to this problem in the acoustic spectral domain
has been reported by Ephraim and Malah (1984) under
the assumptions that speech and noise are additive in the
time domain, and that their individual short-time spectral
components are statistically independent, identically dis-
tributed, zero-mean Gaussian random variables. In the
present work we make similar assumptions, namely that
(1) speech and noise are additive in the short-time acoustic
spectral magnitude domain, i.e.,

jX lðkÞj ¼ jSlðkÞj þ jDlðkÞj ð13Þ

and (2) the individual short-time modulation spectral com-
ponents of S‘ðk;mÞ and D‘ðk;mÞ are independent, identi-
cally distributed Gaussian random variables.

The reasoning for the first assumption is that at high
SNRs the phase spectrum remains largely unchanged by
additive noise distortion (Loizou, 2007). For the second
assumption, we can apply an argument similar to that of
Ephraim and Malah (1984), where the central limit theo-
rem is used to justify the statistical independence of spec-
tral components of the Fourier transform. For the STFT,
this assumption is valid only in the asymptotic sense, that
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noise estimation, around 220 ms of leading silence is required.

6 More specifically, the decision-directed decision rule without hang-
over (Sohn et al., 1999) is used.
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is, when the frame duration is large. However, Ephraim
and Malah have used an acoustic frame duration of
32 ms in their formulation to get good results. In our use
of the MMSE approach in the modulation domain, we
should also make the modulation frame duration to be as
large as possible, however it must not be so large as to be
adversely affected by the nonstationarity of the magnitude
spectral sequence as mentioned in the introduction. Keep-
ing Ephraim and Malah’s 32 ms acoustic frame duration in
mind, we want to find a compromise between these two
competing requirements. For this, we investigate in this
paper the performance of our method as a function of
modulation frame duration.

With the above assumptions in mind, the modulation
magnitude spectrum of clean speech can be estimated from
the noisy modulation spectrum under the MMSE criterion
(following Ephraim and Malah, 1984) as

bS ‘ðk;mÞ��� ��� ¼ E½jS‘ðk;mÞjjX ‘ðk;mÞ� ð14Þ

¼ G‘ðk;mÞjX ‘ðk;mÞj ð15Þ

where G‘ðk;mÞ is the MMSE-MME spectral gain function
given by

G‘ðk;mÞ ¼
ffiffiffi
p
p

2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
m‘ðk;mÞ

p
c‘ðk;mÞ

K½m‘ðk;mÞ�; ð16Þ

in which m‘(k,m) is defined as

m‘ðk;mÞ ,
n‘ðk;mÞ

1þ n‘ðk;mÞ
c‘ðk;mÞ ð17Þ

and K[�] is the following function

K½h� ¼ exp � h
2

� 	
ð1þ hÞI0

h
2

� 	
þ hI1

h
2

� 	� �
; ð18Þ

where I0(�) and I1(�) denote the modified Bessel functions of
zero and first order, respectively. In the above equations
n‘(k,m) and c‘(k,m) are interpreted (after McAulay and
Malpass, 1980) as the a priori SNR, and the a posteriori

SNR. These quantities are defined as

n‘ðk;mÞ ,
E½jS‘ðk;mÞj2�
E½jD‘ðk;mÞj2�

ð19Þ

and

c‘ðk;mÞ ,
jX ‘ðk;mÞj2

E½jD‘ðk;mÞj2�
; ð20Þ

respectively.
Since in practice only noisy speech is observable, the

n‘(k,m) and c‘(k,m) parameters have to be estimated. For
this task we apply the decision-directed approach (Ephraim
and Malah, 1984) in the short-time spectral modulation
domain. In the decision-directed method the a priori

SNR is estimated by recursive averaging as follows
n̂‘ðk;mÞ ¼ a
bS ‘�1ðk;mÞ
��� ���2
k̂‘�1ðk;mÞ

þ ð1� aÞmax ĉ‘ðk;mÞ � 1; 0½ �;

ð21Þ

where a controls the trade-off between noise reduction and
transient distortion (Cappe, 1994; Ephraim and Malah,
1984), k̂‘ðk;mÞ is an estimate of k‘ðk;mÞ , E½jD‘ðk;mÞj2�,
and the a posteriori SNR estimate is obtained by

ĉ‘ðk;mÞ ¼
jX ‘ðk;mÞj2

k̂‘ðk;mÞ
: ð22Þ

Note that limiting the minimum value of the a priori SNR
has a considerable effect on the nature of the residual noise
(Ephraim and Malah, 1984; Cappe, 1994). For this reason,
a lower bound nmin is typically used to prevent a priori SNR
estimates falling below its prescribed value, i.e.,

n̂‘ðk;mÞ ¼ max n̂‘ðk;mÞ; nmin

h i
: ð23Þ

Many approaches have been employed in the literature
for noise power spectrum estimation in the acoustic spec-
tral domain (e.g., Scalart and Filho, 1996; Martin, 2001;
Cohen and Berdugo, 2002; Loizou, 2007). In the present
work, spectral modulation domain estimates are needed.
For this task a simple procedure is employed, where an ini-
tial estimate of modulation power spectrum of noise is
computed from six leading silence frames.5 This estimate
is then updated during speech absence using a recursive
averaging rule (e.g., Scalart and Filho, 1996; Virag,
1999), applied in the modulation spectral domain as
follows

k̂‘ðk;mÞ ¼ uk̂‘�1ðk;mÞ þ ð1� uÞjX ‘ðk;mÞj2; ð24Þ

where u is a forgetting factor chosen depending on the sta-
tionarity of the noise. The speech presence or absence is
determined using a statistical model-based voice activity
detection (VAD) algorithm by Sohn et al. (1999), applied
in the modulation spectral domain.6

4. Subjective tuning of MME parameters

One of the reasons for the good performance of the
AME method of Ephraim and Malah (1984) is that its
parameters have been well tuned. In the current work, this
MMSE estimator is applied in the spectral modulation
domain. Consequently, the parameters of the proposed
MME method need to be retuned.

The adjustable parameters of the MME approach
include the acoustic frame duration (AFD), acoustic frame
shift (AFS), modulation frame duration (MFD), modula-
tion frame shift (MFS), as well as the smoothing parameter
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a and the lower bound nmin used in a priori SNR estima-
tion. Tuning of some of these parameters can be done qual-
itatively from our knowledge of speech processing, and can
be fixed without further investigation. For example, speech
can be assumed to be approximately stationary over short
durations, and therefore acoustic frameworks typically use
a short AFD of around 20–40 ms (e.g., Picone, 1993;
Huang et al., 2001; Loizou, 2007; Paliwal and Wójcicki,
2008), which at the same time is long enough to provide
reliable spectral estimates. Based on these qualitative rea-
sons, an AFD of 32 ms was selected in this work. We have
also chosen to use a 1 ms AFS to facilitate experimentation
with a wide range of frame sizes and shifts in the modula-
tion domain, and to increase the adaptability of the pro-
posed method to changes in signal characteristics. For
other parameters, subjective listening tests were conducted
to determine values that maximise the subjective quality of
stimuli enhanced using the MME method.

In the remainder of this section, we first describe details
common to subsequent experiments. These include the
speech corpus, settings used for stimuli generation and
the listening test procedure. We then present experiments,
results, and discussions. This section is concluded with a
summary of the tuned parameters.
4.1. Speech corpus

The Noizeus speech corpus (Loizou, 2007; Hu and Loi-
zou, 2007)7 was used for the experiments presented in this
section. The corpus contains 30 phonetically-balanced sen-
tences belonging to six speakers (three males and three
females), and each having an average length of around
2.6 s. The recorded speech was originally sampled at
25 kHz. The recordings were then downsampled to 8 kHz
and filtered to simulate the receiving frequency characteris-
tics of telephone handsets. The corpus includes stimuli with
non-stationary noises at different SNRs. For our experi-
ments only the clean stimuli were used. Corresponding
noisy stimuli were generated by degrading the clean stimuli
with additive white Gaussian noise (AWGN) at 5 dB SNR.
Since use of the entire corpus was not feasible for human
listening tests, in our experiments four sentences were
employed. Of these, two (sp20 and sp22 belonging to a
male and female speaker) were used for parameter tuning,
while the other two (sp10 and sp26 also belonging to a male
and female speaker) were used in subjective testing.
4.2. Stimuli

The settings used for the construction of MME stimuli
are as follows. The Hamming window was used as both
the acoustic and modulation analysis window functions.
The FFT-analysis length was set to 2N and 2N for acoustic
7 The Noizeus speech corpus is publicly available on-line at the
following url: http://www.utdallas.edu/�loizou/speech/noizeus.
and modulation domain processing, respectively. Least-
squares overlap-add synthesis (Quatieri, 2002) was used
for both acoustic and modulation syntheses. The threshold
for the statistical voice activity detector (Sohn et al., 1999)
was set to 0.15, and the forgetting factor u for noise esti-
mate updates was set to 0.98. The AFD was set to 32 ms
and the AFS was set to 1 ms. Other parameters used in
the construction of MME stimuli for experiments pre-
sented in this section, are as defined in the description of
each experiment.

4.3. Listening test procedure

Subjective testing was done in the form of AB listening
tests that determined parameter preference. For each sub-
jective experiment, listening tests were conducted in a quiet
room. Participants were familiarised with the task during a
short practice session. The actual test consisted of stimuli
pairs played back in randomised order over closed circum-
aural headphones at a comfortable listening level. For each
stimuli pair, the listeners were presented with three labelled
options on a computer and asked to make a subjective pref-
erence. The first and second options were used to indicate a
preference for the corresponding stimuli, while the third
option was used to indicate a similar preference for both
stimuli. The listeners were instructed to use the third option
only when they did not prefer one stimulus over the other.
Pair-wise scoring was used, with a score of +1 awarded to
the preferred treatment, and 0 to the other. For the similar
preference response, each treatment was awarded a score of
+0.5. Participants could re-listen to stimuli if required.

4.4. Parameter tuning: modulation frame duration

Typical modulation domain methods use modulation
frame durations (MFDs) of around 250 ms (Greenberg
and Kingsbury, 1997; Thompson and Atlas, 2003; Kim,
2005; Falk and Chan, 2008; Wu et al., 2009; Falk and
Chan, 2010; Falk et al., 2010; Paliwal et al., 2010). How-
ever, recent experiments (Paliwal et al., 2011) suggest that
shorter MFDs may be better suited (in the context of intel-
ligibility and quality) when processing the modulation
magnitude spectrum. Paliwal et al. (2011) also showed that
objective quality decreased for increasing MFDs. In this
experiment we evaluate the effect of MFD on the quality
of stimuli enhanced using the MME method.

Enhanced stimuli were created by applying the MME
method (see Section 3) to noisy speech (see Section 4.1).
Using a MFS of 2 ms, a = 0.998, and nmin = �25 dB,
MFD values of 32, 48, 64, 128 and 256 ms were investi-
gated. The quality of the resulting stimuli was assessed
through subjective listening tests using the procedure given
in Section 4.3. Five subjects participated in this experiment.
Each was presented with 40 comparisons. The session
lasted approximately 10 min.

Mean subjective preference scores as a function of MFD
are given in Fig. 2. The results show that use of long MFDs

http://www.utdallas.edu/~loizou/speech/noizeus
http://www.utdallas.edu/~loizou/speech/noizeus
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Fig. 2. Mean subjective preference scores (%) for stimuli generated using MME with 2 ms MFS, a = 0.998, nmin = �25 dB, and MFD values of 32, 48, 64,
128, and 256 ms.
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(such as 256 ms) reduce the quality of enhanced stimuli.
The reason for this is that long frame durations cause spec-
tral smearing, which can be heard as a reverberant type of
distortion. On the other hand, use of short MFDs (such as
32–64 ms) produce stimuli with higher quality. Use of a
32 ms modulation frame duration is acceptable in the mod-
ulation domain for reasons similar to those used to justify a
32 ms acoustic frame duration by Ephraim and Malah in
their MMSE formulation and discussed in Section 3. It is
also noted that the results of this experiment are consistent
with those reported by Paliwal et al. (2011), where shorter
frame durations were found to work better for processing
of the modulation magnitude spectrum. Based on the
results of this experiment, a MFD of 32 ms was selected
for use in the experiments in presented in later sections.
4.5. Parameter tuning: modulation frame shift

The modulation frame shift (MFS) affects the ability of
the MME method to adapt to changes in the properties of
the signal, with shorter shifts offering some reduction in the
introduced distortion during more transient parts.
1 2
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Fig. 3. Mean subjective preference scores (%) for stimuli generated using MM
and 8 ms.
However, smaller shifts also add to the computational cost
of the method.

In this experiment, we evaluate the effect of MFS on the
subjective quality of speech corrupted with 5 dB AWGN
enhanced with the MME method. For this experiment,
MFD is set to 32 ms, a = 0.998, nmin = �25 dB, and MFS
durations of 1, 2, 4, and 8 ms were investigated. The quality
of the resulting stimuli were then compared via subjective
human listening experiments, conducted under the same
conditions as described in Section 4.3. Five listeners partic-
ipated in the test. The listeners were presented with 24 com-
parisons in a session which lasted around 5 min.

Fig. 3 shows the mean subjective preference scores for
each of the MFS settings investigated. Results show a clear
preference by listeners for stimuli generated using shorter
MFSs than for longer shifts, with a 2 ms shift being the
most preferred. When longer MFSs such as 8 ms were used,
stimuli sounded hollow and slurred due to the slowed
response to changing speech characteristics. Using shorter
MFSs, on the other hand, resulted in crisper speech, how-
ever for a 1 ms MFS, speech started to sound muffled with
some low periodic tones present. Therefore a MFS of 2 ms
was found to result in the best quality stimuli.
4 8
ame shift (ms)

E with 32 ms MFD, a = 0.998, nmin = �25 dB, and MFS values of 1, 2, 4,
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4.6. Parameter tuning: smoothing parameter

For AME, the a priori SNR is commonly estimated
using the decision-directed approach, where smoothing
parameter a determines how much of the a priori SNR esti-
mate is based on the current frame versus that which is
based on the previous frame. The value selected for a has
a significant effect on both the adaptability of the estimator
to changes in signal characteristics, as well as the type of
residual distortion present in the resulting stimuli. Cappe
(1994) notes that an a value greater than 0.9 is required
to suppress the fluctuations which introduce musical noise
to stimuli. However if a is too high, low-energy compo-
nents can be clipped making speech sound bottled (Bre-
ithaupt and Martin, 2011). Additionally, a higher a value
makes the estimator slower to adapt to signal changes in
more transient parts, resulting in a slurring type of distor-
tion being introduced to processed stimuli. The value
chosen for a in AME is thus a trade-off between reducing
noise (by smoothing the a priori SNR estimate) and reduc-
ing the transient distortion introduced to the signal
(Ephraim and Malah, 1984; Cappe, 1994).

As detailed in Section 3, the proposed MME method
also uses the decision-directed approach to estimate the a

priori SNR. Therefore in this experiment we evaluate the
effect of a on the subjective quality of stimuli enhanced
using MMSE magnitude estimation in the modulation
domain. Enhanced stimuli were generated by applying
the MME method to noisy speech (corrupted with 5 dB
AWGN), using the settings given in Section 4.2 with
MFD set to 32 ms, MFS set to 2 ms, and nmin = �25 dB.
a values of 0.994, 0.996, 0.998, and 0.999 were investigated.
Listening tests were then used to subjectively evaluate the
quality of the resulting stimuli. Each test consisted of 24
comparisons, and took around 5 min to complete. Five lis-
teners participated in the tests.

The mean subjective preference scores for each choice of
a are shown in Fig. 4. Stimuli generated using a = 0.998
were clearly preferred over other a values. This value for
a is much higher than 0.98, which is typically used by
0.994 0.996
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Fig. 4. Mean subjective preference scores (%) for stimuli generated using MM
0.998, and 0.999.
AME implementations. For a < 0.998, stimuli were clear
but a musical-type distortion was also present. This musi-
cal noise increased in intensity as a was reduced. For
a > 0.998, enhanced speech sounded bottled. This type of
distortion was found to be more annoying to some listeners
than to others (as indicated by the larger variance bars on
the preference scores for a = 0.999). Thus, a similar trade-
off was observed in the modulation domain as is seen in the
acoustic domain. For MME, the subjectively preferred a
value of 0.998 was found to be a good compromise between
the above types of distortions.

4.7. Parameter tuning: lower bound of a priori estimate

As mentioned in Section 3, it has been shown for AME
that limiting the minimum value of the a priori SNR also
affects the type of distortion which is present in the result-
ing stimuli (Cappe, 1994). In (Ephraim and Malah, 1984) a
limit of nmin = �15 dB was recommended, while in the ref-
erence AME implementation by Loizou (2007)
nmin = �25 dB was used. For MME, informal listening
experiments determined that nmin = �25 dB gives the best
results. Using nmin < �25 dB, musical noise distortion
(increasing in intensity with decreasing nmin) could be
heard. Using nmin > �25 dB, the residual noise is whiter
and increasing in intensity for increasing nmin. Therefore,
a lower bound of nmin = �25 dB was chosen as the best
compromise between the above distortions, resulting in
stimuli with low-level non-musical residual noise.

4.8. Conclusion

In this section, listening tests were performed to deter-
mine values of various MME method parameters that max-
imise subjective speech quality of enhanced speech. While
experiments showed MME to be quite sensitive to the val-
ues of MFD, MFS and a, the preferred values for each
were found to be around the same value for the different
stimuli and the types of noise disturbances investigated.
The tuned values for these parameters are a 32 ms MFD,
0.998 0.999
α

E with a 32 ms MFD, 2 ms MFS, nmin = �25 dB, and a = 0.994, 0.996,
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Fig. 5. Mean subjective preference scores (%) for (a) clean; (b) noisy (degraded at 5 dB AWGN); and stimuli generated using the following treatment
types: (c) AME (Ephraim and Malah, 1984); (d) ModSSub (Paliwal et al., 2010); and (e) MME (proposed).

8 Examples of audio stimuli are available for the interested reader at the
following url: http://maxwell.me.gu.edu.au/spl/research/modmmse/
index.html.
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2 ms MFS, 0.998 for smoothing parameter a, and �25 dB
for nmin. The MME stimuli produced with the above set-
tings were found to have good noise suppression without
the introduction of musical noise or temporal slurring
distortion.

5. Speech enhancement experiment

The performance of the MME method was evaluated by
comparing its speech enhancement performance with that
of the following two methods: (1) AME method of
Ephraim and Malah (1984) and (2) ModSSub of Paliwal
et al. (2010). The quality of stimuli enhanced by each of
the above approaches was evaluated using formal listening
tests.

The remainder of this section is organised as follows. We
begin by giving details of the settings used for stimuli con-
struction. The testing procedure for the subjective experi-
ment is then outlined. Finally, the results are presented
and discussed.

5.1. Stimuli

MME stimuli were constructed using the procedure
detailed in Section 3. The parameters used were those
described in Section 4.2, and those determined using sub-
jective tests detailed in Section 4.8 (i.e., AFD = 32 ms,
AFS = 1 ms, MFD = 32 ms, MFS = 2 ms, a = 0.998, and
nmin = �25 dB).

Stimuli enhanced using the AME method (Ephraim and
Malah, 1984) were generated using a publicly available ref-
erence implementation (Loizou, 2007). Here, optimal esti-
mates (in the minimum mean-square error sense) of the
short-time acoustic spectral magnitudes were computed.
The AMS procedure used a 20 ms AFD and a 10 ms
AFS. The decision-directed approach was used for the a

priori SNR estimation, with the smoothing factor set to
0.98, and the a priori SNR lower bound was set to
�25 dB. Noise spectrum estimates were computed from
non-speech frames using recursive averaging with speech
presence or absence determined using a statistical model-
based VAD (Sohn et al., 1999).

ModSSub stimuli were created used an AFD of 32 ms,
with an 8 ms AFS, and MFD of 256 ms, and a 32 ms
MFS. The spectral floor parameter b was set to 0.002,
and c was set to 2 for subtraction in the modulation mag-
nitude-squared domain. Speech presence or absence was
determined using a VAD algorithm based on segmental
SNR. The speech presence threshold was set to 3 dB. The
forgetting factor was set to 0.98.

In addition to the MME, AME, and ModSSub stimuli,
clean and noisy speech stimuli were also included in our
experiments. Example spectrograms for each of the stimuli
types are shown in Fig. 6.8
5.2. Listening test

Experiments that compare the subjective quality of stim-
uli described in Section 5.1 were conducted using the pro-
cedure described in Section 4.3. Two Noizeus sentences
belonging to one male and one female speaker and
degraded with 5 dB AWGN were used. The complete test
included 40 comparisons and lasted approximately
10 min. Twelve listeners participated in the test.
5.3. Results and discussion

The mean subjective preference scores for each enhance-
ment method are shown in Fig. 5. MME scores are
significantly higher than those of ModSSub and AME
methods, indicating that listeners consider MME stimuli
to have a higher quality than those of both AME and
ModSSub types. This is an important finding as it demon-
strates the efficiency of short-time modulation processing
for speech enhancement, and demonstrates that the

http://maxwell.me.gu.edu.au/spl/research/modmmse/index.html
http://maxwell.me.gu.edu.au/spl/research/modmmse/index.html


Fig. 6. Spectrograms of sp10 utterance, “The sky that morning was clear and bright blue”, by a male speaker from the Noizeus speech corpus: (a) clean
speech; (b) speech degraded by AWGN at 5 dB SNR; and noisy speech enhanced using: (c) AME (Ephraim and Malah, 1984); (d) ModSSub (Paliwal
et al., 2010); and (e) MME (proposed).
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performance of existing acoustic domain approaches can
be potentially improved when these are applied in the
short-time modulation domain.
Spectrograms of the utterance, “The sky that morning
was clear and bright blue”, by a male speaker from the
Noizeus speech corpus are shown in Fig. 6. Spectrograms
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Fig. 7. Mean subjective preference scores (%) with standard error bars for (a) clean; (b) noisy (degraded at 5 dB AWGN); and stimuli generated using the
following treatment types: (c) MME; (d) MME+SPU; and (e) LogMME.
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for clean and noisy (degraded with 5 dB AWGN) stimuli
are shown in Fig. 6(a) and (b) respectively. Fig. 6(c) shows
the spectrogram of stimuli enhanced using AME, where
much residual noise can be seen. The ModSSub stimuli,
as shown by the spectrogram of Fig. 6(d), are much clea-
ner, but there is some spectral smearing and visible spectral
artefacts. These distortions can be heard as a type of slur-
ring and some low level musical-type noise. The spectro-
gram for the MME stimuli is shown in Fig. 6(e). As can
be seen, MME stimuli have better noise suppression than
AME without introducing the spectral artefacts visible in
the ModSSub spectrogram. Informal listening confirms
that speech quality of MME stimuli are improved without
the introduction of the annoying residual distortions heard
in the other stimuli types investigated.

6. Effect of using SPU and LogMMSE on MME

formulation

In Ephraim and Malah’s classical paper on acoustic
magnitude estimation (AME), authors also proposed an
AME formulation under the uncertainty of speech pres-
ence (Ephraim and Malah, 1984). Here, the quality of
enhanced speech was shown to be further improved (com-
pared to that generated by AME alone), without introduc-
ing any additional distortions. In a later paper, they went
on to show that applying AME to the log-magnitude spec-
trum (Ephraim and Malah, 1985), which is more suited to
speech processing (Gray et al., 1980), also results in
improved enhanced speech quality. Motivated by these
observations, we investigated the effect of applying speech
presence uncertainty (SPU) and log-magnitude spectral
processing to the MME formulation.9 Findings of this
investigation are presented in this section.
9 In addition to SPU and log-spectrum formulations, acoustic domain
LogAME with SPU has been investigated in the literature but found to
not work particularly well. This was also the case in the modulation
domain and so is not included here.
6.1. MME with speech presence uncertainty

Using SPU, the optimal estimate of the modulation
magnitude spectrum is given by the relationbS ‘ðk;mÞ��� ��� ¼ /ðk;mÞG‘ðk;mÞjX ‘ðk;mÞj; ð25Þ

where G‘ðk;mÞ is the MME spectral gain function given by
Eq. (16), and /(k,m) is given by

/ðk;mÞ ¼ Kðk;mÞ
1þ Kðk;mÞ ð26Þ

with

Kðk;mÞ ¼ ð1� qmÞ
qm

� expðm‘ðk;mÞÞ
1þ n̂‘ðk;mÞ

ð27Þ

and m‘(k,m) given by Eq. (17). Here qm is the probability of
signal presence in the mth spectral component, and is a tun-

able parameter. Applying bS ‘ðk;mÞ��� ��� of Eq. (25) in the

framework described in Section 2 produced stimuli denoted
type MME+SPU.

The key parameters of MME+SPU were tuned subjec-
tively using tuning stimuli10 corrupted with 5 dB of
AWGN, and a similar procedure as that described for
tuning MME in Section 4. Preferred parameters for
MME+SPU were an AFD of 32 ms, a 1 ms AFS, a
32 ms MFD, and a 2 ms MFS. For parameter qm, a value
of 0.3 was found to work best. nmin, as before, gave best
results using �25 dB. The smoothing parameter used for
decision-directed a priori SNR estimation as able to be
reduced to 0.995, without introducing musical noise.
Throughout this work, stimuli referred to as type
MME+SPU are assumed to be constructed using these
parameter values in the above described procedure.
10 Stimuli used for tuning parameters were from the Noizeus speech
corpus (see Section 4.1). For this purpose, speech files sp20 and sp22,
belonging to a male and female speaker, and corrupted with 5 dB of
AWGN were used.



Fig. 8. Spectrograms of sp10 utterance, “The sky that morning was clear and bright blue”, by a male speaker from the Noizeus speech corpus: (a) clean
speech; (b) speech degraded by AWGN at 5 dB SNR; and noisy speech enhanced using: (c) MME; (d) MME+SPU; and (e) LogMME.
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6.2. MME of the log-modulation magnitude spectrum

Minimising the mean-squared error of the log-modula-
tion magnitude spectrum, the optimal estimate of the mod-
ulation magnitude spectrum is given by the relation
bS ‘ðk;mÞ��� ��� ¼ G‘ðk;mÞjX ‘ðk;mÞj; ð28Þ
where G‘ðk;mÞ is the spectral gain function given by

G‘ðk;mÞ ¼ m‘ðk;mÞ exp
1

2
Ei m‘ðk;mÞ½ �

� 	
; ð29Þ
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Ei[�] is the exponential integral, and m‘(k,m) (a function of a

priori and a posteriori SNRs) is given by Eq. (17). Stimuli
of type LogMME are then constructed by applyingbS ‘ðk;mÞ��� ��� given by Eq. (28) in the framework described

in Section 2.
Using tuning stimuli10 and the procedure described in

Section 4, parameters for LogMME were subjectively
tuned. Preferred LogMME parameters were an AFD of
32 ms, an AFS of 1 ms, a 32 ms MFD, and a 2 ms MFS
(as used for both MME and MME+SPU). nmin again gave
best results using �25 dB. The smoothing parameter gave
preferred stimuli for 0.996. These parameters and the
above procedure were used to generate test stimuli referred
to as type LogMME.

6.3. Subjective evaluation and discussion

An experiment was conducted to subjectively compare
the quality of stimuli enhanced using the MME,
MME+SPU and LogMME methods. The subjective eval-
uation was in the form of AB listening tests to determine
method preference. Test sentences (sp10 and sp26 from
the Noizeus corpus) belonging to a male and female
speaker were used. Stimuli types included in the test were
clean, noisy (corrupted with 5 dB of AWGN), MME,
MME+SPU and LogMME. Conditions for the test were
as described in Section 4.3. Six listeners participated in
the test, which involved selecting their preference in each
of 40 stimuli pair comparisons.

Results in terms of mean subjective preference including
standard error bars, are shown in Fig. 7. Here we see that
MME+SPU was preferred by listeners over MME and
LogMME stimuli types. It is noted that the difference
between the MME, LogMME and MME+SPU stimuli
types is relatively small compared to that observed in the
acoustic domain, and mainly heard as an improvement in
background noise attenuation. This can be seen in the spec-
trograms of Fig. 8, where Fig. 8(d) shows the spectrogram
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Fig. 9. Mean subjective preference scores (%) with standard error bars for (a) c
following treatment types: (c) MME+SPU; (d) AME (Ephraim and Malah
(Ephraim and Malah, 1985).
of MME+SPU has a background that is lighter but of sim-
ilar appearance to that of MME and LogMME shown in
Fig. 8(c) and (e). It was also observed through informal
experimentation that the improvement in speech quality
due to the use of SPU was more noticeable in some stimuli
than in others. Informal experimentation using coloured
noise stimuli also showed a small improvement in speech
quality compared to MME, with MME+SPU and Log-
MME being quite similar in quality.

The remainder of this work will now compare the per-
formance of the MME+SPU approach with other speech
enhancement methods.
7. Comparison of MME+SPU with different AME

formulations

In this section, we aim to evaluate the effect of modula-
tion domain processing on enhanced speech quality, by
comparing MME+SPU to the different acoustic domain
formulations, including AME (Ephraim and Malah,
1984), AME under the uncertainty of speech presence
(AME+SPU) (Ephraim and Malah, 1984) and estimation
of the log-acoustic magnitude spectrum (LogAME)
(Ephraim and Malah, 1985). Here, quality is compared
by way of a subjective listening experiment.
7.1. Stimuli

The subjective experiment investigated the enhancement
of noisy speech corrupted with 5 dB of AWGN. Test stim-
uli (sp10 and sp26), by a male and female speaker, were
from the Noizeus corpus. Type MME+SPU stimuli were
constructed by processing noisy stimuli as described in Sec-
tion 6.1. AME, AME+SPU and LogAME stimuli were
generated by processing noisy stimuli using publicly avail-
able reference implementations (Loizou, 2007) of each
method. Details of the AME implementation are provided
in Section 5.1. The parameters of the LogAME implemen-
AME AME+SPU LogAME
ent type

lean; (b) noisy (degraded at 5 dB AWGN); and stimuli generated using the
, 1984); (e) AME+SPU (Ephraim and Malah, 1984); and (f) LogAME



Fig. 10. Spectrograms of sp10 utterance, “The sky that morning was clear and bright blue”, by a male speaker from the Noizeus speech corpus: (a) clean
speech; (b) speech degraded by AWGN at 5 dB SNR; and noisy speech enhanced using: (c) MME+SPU; (d) AME (Ephraim and Malah, 1984); (e)
AME+SPU (Ephraim and Malah, 1984); and (f) LogAME (Ephraim and Malah, 1985).
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tation are as described for AME. For AME+SPU, the
implementation is also as described for AME with the
exception of the additional parameter qk which was set to
0.3. Clean and noisy stimuli were also included in the test.
7.2. Subjective evaluation and discussion

Subjective evaluation was in the form of AB human
listening tests, in which listeners selected the stimuli they
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preferred from 60 randomly played stimuli pairs. Condi-
tions for the test are as described in Section 4.3. Six listen-
ers participated in the test. Fig. 9 shows the resulting mean
preference scores. MME+SPU is shown to be preferred by
listeners over each of the acoustic domain methods
included in the test. Of the acoustic domain methods,
AME+SPU was the most preferred, though LogAME also
scored well compared to AME. Example spectrograms for
each treatment type are shown in Fig. 10. Fig. 10(c), corre-
sponding to stimuli processed with MME+SPU, shows
much better removal of noise than all other methods.
The nature of the noise is otherwise quite similar and
colourless.

Experimental results presented in this section use speech
stimuli corrupted with AWGN. In Appendix A, results are
also provided for similar experiments using stimuli cor-
rupted with coloured noises (babble and street noise types).
These results also show a preference for MME+SPU stim-
uli, suggesting that type MME+SPU stimuli are of higher
quality than the acoustic domain formulations. Contrary
to the results shown in Fig. 9 for AWGN, for coloured
noises LogAME performed considerably better, having
scores higher than both AME and AME+SPU. Therefore,
it may be suggested that LogMME may work better than
MME+SPU for coloured noise types. However, informal
experimentation for coloured noise found the difference
between each of the MME formulations much smaller than
seen in the acoustic domain, with MME+SPU type stimuli
generally preferred.

Appendix B provides results of objective experiments
comparing MME+SPU, AME, AME+SPU and LogAME
stimuli for noisy speech with additive white and coloured
noise, for a range of SNRs. Segmental SNR and STI scores
were shown to have the highest correlation to subjective
preferences, scoring MME+SPU higher than the acoustic
domain methods. Results for coloured noises again showed
LogAME having a higher score than AME+SPU, while
results for white noise showed AME+SPU having a higher
score than LogAME. These scores are consistent with sub-
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Fig. 11. Mean subjective preference scores (%) including standard error bars
using the following treatment types: (c) MME+SPU; (d) ModSSub (Paliwal e
jective results shown in Figs. 9, 13, and 14. However, PESQ
scores were less consistent with LogAME and AME+SPU
scores being better at low SNRs, and results for coloured
noises showed MME+SPU better at higher SNRs (greater
than around 10 dB).

In comparing the performance of the modulation and
acoustic domain implementations of MMSE magnitude
estimator, we have shown that the modulation domain
implementation produces stimuli with improved noise sup-
pression, with MME+SPU stimuli chosen by listeners as
having better quality than acoustic domain MMSE formu-
lations. However, a disadvantage of the method is its addi-
tional computational complexity. Since the STFT length
used was 512, MMSE magnitude spectral estimation needs
to be performed on each of the 257 acoustic bins, instead of
just once. Consequently, this approach is not suited to
applications where processing time is crucial. However,
often it is the quality of enhanced speech which is of greater
importance, in which case the MME+SPU approach is
shown to offer improved performance.

8. Comparison of modulation domain enhancement methods

As previously mentioned, speech enhancement methods
can generally be classified as either spectral subtraction
type, statistical (MMSE) type, Wiener filtering type, Kal-
man filtering type or a subspace based method. In this
work, we have proposed a MMSE-type formulation which
operates in the modulation domain. In earlier work, we
have also applied other speech enhancement methods in
the modulation domain, including modulation domain
based spectral subtraction (Paliwal et al., 2010) (ModSSub)
and modulation domain Kalman filtering (So and Paliwal,
2011) (ModKalman). In this section, we compare the
results of the proposed MME+SPU method with those
of other previously reported modulation domain-based
approaches. We have also included a modulation domain
based implementation of Wiener filtering (ModWiener)
for comparison.
ModSSub ModWiener ModKalman
ent type

for (a) clean; (b) noisy (degraded at 5 dB AWGN); and stimuli generated
t al., 2010); (e) ModWiener; and (f) ModKalman (So and Paliwal, 2011).
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8.1. Stimuli

For the purpose of experiments presented in this section,
stimuli from the Noizeus corpus and corrupted with 5 dB of
Fig. 12. Spectrograms of sp10 utterance, “The sky that morning was clear and
speech; (b) speech degraded by AWGN at 5 dB SNR; and noisy speech enha
ModWiener; (f) ModKalman (So and Paliwal, 2011).
AWGN, were enhanced by each method being investigated.
For MME+SPU stimuli, noisy speech were enhanced using
the procedure described in Section 6.1. ModSSub stimuli
were constructed as described in Section 5.1.
bright blue”, by a male speaker from the Noizeus speech corpus: (a) clean
nced using: (c) MME+SPU; (d) ModSSub (Paliwal et al., 2010); and (e)
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Stimuli denoted ModKalman are generated using a
modulation domain Kalman filter with LPCs estimated
from AME enhanced speech, as described in (So and Pali-
wal, 2011). Here LPCs of order 2 were used for modelling
modulating signals, and LPCs of order 4 were used for
modelling the noise. The AMS framework used a 32 ms
AFD, 4 ms AFS, 20 ms MFD, and no overlap (i.e., MFS
of 20 ms) in the modulation domain.

ModWiener stimuli were generated by implementing an
a priori based approach to Wiener filtering (Scalart and Fil-
ho, 1996) in the modulation domain with key parameters
tuned subjectively to a 32 ms AFD, 1 ms AFS, 128 ms
MFD, 16 ms MFS, and smoothing parameter for a priori

SNR estimation of 0.998.
In addition to each of the enhanced stimuli, clean and

noisy stimuli were also included in the test.

8.2. Subjective evaluation and discussion

AB listening tests were used to subjectively compare the
quality of stimuli generated using different modulation
based methods. These tests randomly played 60 stimuli
pairs, with listeners asked to choose the one they preferred.
Tests were conducted under the same conditions as
described in Section 4.3. Six listeners participated in the
experiment. The resulting mean preference scores are
shown in Fig. 11. MME+SPU was clearly preferred by lis-
teners over other stimuli types. ModKalman was the next
most preferred. Some listeners had similar preference for
ModSSub and ModKalman, while others preferred Mod-
Kalman over ModSSub. The good performance of the
MME+SPU and ModKalman methods is partly attributed
to their use small modulation frame durations, which is
consistent with the findings reported in (Paliwal et al.,
2011). ModWiener was the least preferred of the investi-
gated enhancement methods.

The preferences shown in Fig. 11 are well explained by
looking at the spectrograms of each stimuli type. Spectro-
grams of the utterance, “The sky that morning was clear
and bright blue”, by a male speaker are shown in
Fig. 12. For type MME+SPU stimuli (shown in
Fig. 12(c)), we can see there is good background noise
removal, less residual noise, no musical-type noise, and
no visible spectral smearing. ModKalman stimuli
(Fig. 12(f)) also have good background noise removal
and no visible spectral smearing, but has clear dark spots
throughout the background heard as a musical type noise.
ModSSub stimuli (Fig. 12(d)), on the other hand, has less
musical type noise than ModKalman but also contains
spectral smearing due to the use of longer frame durations,
causing distortion in the processed speech. ModWiener,
which was the least effective method, had considerable dis-
tortion in the stimuli, seen as darkness in the background
of its spectrogram (Fig. 12(e)). The poor performance of
the ModWiener was in part due to difficulty tuning, where
parameters working better for one stimuli was considerably
different for another.
Appendix C provides results of similar subjective exper-
iments for stimuli corrupted with coloured noise types
such as babble and street noise. Results shown there are
consistent with those for AWGN, with MME+SPU
stimuli indicated to be of higher quality than those
enhanced by any of the other modulation domain
methods investigated. The MME+SPU method was found
to demonstrate good noise removal, without the intro-
duction of spectral smearing or musical noise. Results
also showed that ModKalman works well for more
stationary noise types such as street noise, where (as was
shown for AWGN) it scored higher than ModSSub.
However, in the presence of more nonstationary noise
such as babble, ModKalman and ModSSub were similarly
preferred.

Appendix D has also been included to show an objec-
tive evaluation of these enhancement methods. Results
presented compared the segmental SNR (Quackenbush
et al., 1988), PESQ (Rix et al., 2001), and STI intelligibil-
ity scores (Drullman et al., 1994) of enhanced stimuli, for
different noise types and input SNR. As found in Appen-
dix B, the segmental SNR and STI measures demon-
strated the highest correlation with subjective results,
with MME+SPU generally scoring higher than other
methods. While for white noise stimuli, objective scores
for MME+SPU, ModSSub and ModKalman were quite
close, there was a bigger difference in scores when consid-
ering coloured noise stimuli. Here, MME+SPU scored
somewhat higher than other methods. For babble noise,
ModSSub and ModKalman were very close with
ModSSub scoring a little higher, while for street noise,
ModKalman did much better. This is consistent with the
findings of the coloured noise subjective experiments. In
all cases ModWiener scored poorly.

9. Conclusion

In this paper we have proposed the MMSE modulation
magnitude estimation method for speech enhancement. We
have evaluated the effect of speech presence uncertainty
and log-domain processing, and shown that the proposed
approach works better with speech presence uncertainty.
We have compared the performance of the proposed
approach (with speech presence uncertainty) against that
of different acoustic magnitude estimator formulations
(Ephraim and Malah, 1984; Ephraim and Malah, 1985)
and modulation domain speech enhancement methods
such as modulation domain based spectral subtraction
(Paliwal et al., 2010) and modulation domain Kalman filter
(So and Paliwal, 2011). The results of our experiments
show that the proposed method (when using speech pres-
ence uncertainly) achieves significantly higher subjective
preference than the other methods investigated. This is
because it uses a shorter modulation frame duration than
modulation domain based spectral subtraction and thus
does not suffer from slurring distortion, while not introduc-
ing any musical noise distortion as done in modulation
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Fig. 13. Mean subjective preference scores (%) including standard error bars for: (a) clean; (b) noisy (degraded with babble noise at 5 dB); and stimuli
generated using the following treatment types: (c) MME+SPU; (d) AME; (e) AME+SPU; and (f) LogAME.
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Fig. 14. Mean subjective preference scores (%) including standard error bars for: (a) clean; (b) noisy (degraded with street noise at 5 dB); and stimuli
generated using the following treatment types: (c) MME+SPU; (d) AME; (e) AME+SPU; and (f) LogAME.
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domain Kalman filtering. In addition, it achieves consider-
ably better noise reduction than that associated with the
acoustic domain magnitude estimators. Results for col-
oured and less stationary noises also showed the proposed
approach to be similarly effective in reducing noise. How-
ever we do acknowledge that the average length of stimuli
investigated was less than 3 s, which is too short to fully
test the performance under non-stationary conditions
(ITU-T P.835, 2007). Evaluation with much longer stimuli
subjected to a range of non-stationary noise distortions can
be investigated in future.
Appendix A. Comparison of MME to AME formulations in

the presence of coloured noise

In this experiment we extend the comparison of
MME+SPU to acoustic domain formulations done in Sec-
tion 7 with AWGN, to the processing of stimuli corrupted
with additive coloured noise. Here, babble and street type
noises at 5 dB are investigated. The subjective experiments
were in the form of AB listening tests, and were conducted
under the conditions previously described in Section 4.3.
Listeners were asked to select the stimuli they preferred
from 60 different randomly played stimuli pairs. Tests for
each noise type were conducted in separate sessions, with
five listeners participating in each test.

Results of tests using stimuli corrupted with babble and
street noise, in terms of mean subjective preference, are
shown in Figs. 13 and 14. Despite using very different types
of noises, figures show similar preference scores. In both
cases MME+SPU was preferred over all AME formula-
tions. LogAME was the next most preferred, while both
AME and AME+SPU had similarly low preference
scores.
Appendix B. Objective evaluation comparing MME+SPU to

acoustic domain formulations

In Section 7 and Appendix A we have used subjective
experiments to compare the quality of the proposed
MME+SPU method with each of the acoustic domain
MMSE formulations. In this appendix, we provide results
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Fig. 15. Mean segmental SNR (dB) for: (a) noisy (degraded with AWGN
at 5 dB); and stimuli generated by processing noisy stimuli with following
treatment types: (b) MME+SPU; (c) AME; (d) AME+SPU; and (e)
LogAME.

0 5 10 15 20
1.5

2

2.5

3

3.5

4

White noise input SNR (dB)

M
ea

n 
PE

SQ
 s

co
re

Noisy
AME
AME+SPU
LogAME
MME+SPU

Fig. 16. Mean PESQ score for: (a) noisy (degraded with AWGN at 5 dB);
and stimuli generated by processing noisy stimuli with following treatment
types: (b) MME+SPU; (c) AME; (d) AME+SPU; and (e) LogAME.
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Fig. 17. Mean STI score for: (a) noisy (degraded with AWGN at 5 dB);
and stimuli generated by processing noisy stimuli with following treatment
types: (b) MME+SPU; (c) AME; (d) AME+SPU; and (e) LogAME.
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of objective experiments comparing the quality of stimuli
processed using each enhancement method being investi-
gated. Noisy stimuli with additive white, babble and street
noise, added at SNRs of 0, 5, 10, 15 and 20 dB were con-
sidered. All 30 stimuli of the Noizeus corpus were used in
the experiments.

Noisy and enhanced stimuli were compared to clean
stimuli via popular objective quality measures such as
segmental SNR (Quackenbush et al., 1988) and PESQ
(Rix et al., 2001). The STI intelligibility measure (Drullman
et al., 1994) was also included for an indication of the effect
of processing on intelligibility, an important aspect of
quality.

The mean scores across the 30 sentences of the Noizeus
corpus for each treatment type, SNR and objective mea-
sure were calculated. These are shown in Figs. 15–17 for
AWGN, Figs. 18–20 for babble noise, and Figs. 21–23
for street noise.

Results using both the segmental SNR and STI mea-
sures, suggest that MME+SPU stimuli is of better quality
than other AME-based methods. AME+SPU was indi-
cated to be the next best for stimuli corrupted with white
noise, but LogAME was shown to be better than other
AME-based methods for stimuli corrupted with coloured
noise. PESQ scores, on the other hand, were less consistent
with LogAME and AME+SPU scores being higher at low
SNRs. At higher SNRs (greater than around 10 dB),
results for coloured noises showed MME+SPU to score
higher.

Appendix C. Comparison of modulation domain based

enhancement methods in the presence of coloured noise

Experiments presented in Section 8 subjectively com-
pared stimuli generated using modulation-domain based
enhancement methods including MME+SPU, ModSSub,
ModWiener and ModKalman. There we investigated
processing of stimuli corrupted with AWGN. In this sec-
tion, we extend those experiments to consider stimuli cor-
rupted with additive coloured noises (at an SNR of 5 dB)
such as babble and street noise. The quality of stimuli
constructed by each method was again compared subjec-
tively using AB listening tests, conducted under the same
conditions as previously described. Listeners selected
stimuli they preferred from 60 randomly played stimuli
pairs. Experiments for each noise type were conducted
in separate sessions. Five listeners participated in each
test.

Results in terms of mean preference scores for babble
and street noise are shown in Figs. 24 and 25, respectively.
As can be seen for both noise types, MME+SPU stimuli
were preferred over other modulation domain formula-
tions, and ModWiener stimuli were the least preferred.
For babble noise, the subjective preferences for ModKal-
man and ModSSub were quite close, while there was a
greater preference for ModKalman when street noise was
processed.
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Fig. 21. Mean segmental SNR (dB) for: (a) noisy (degraded with street
noise at 5 dB); and stimuli generated by processing noisy stimuli with
following treatment types: (b) MME+SPU; (c) AME; (d) AME+SPU;
and (e) LogAME.
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Fig. 22. Mean PESQ score for: (a) noisy (degraded with street noise at 5
dB); and stimuli generated by processing noisy stimuli with following
treatment types: (b) MME+SPU; (c) AME; (d) AME+SPU; and (e)
LogAME.
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Fig. 23. Mean STI score for: (a) noisy (degraded with street noise at 5 dB);
and stimuli generated by processing noisy stimuli with following treatment
types: (b) MME+SPU; (c) AME; (d) AME+SPU; and (e) LogAME.
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Fig. 18. Mean segmental SNR (dB) for: (a) noisy (degraded with babble
noise at 5 dB); and stimuli generated by processing noisy stimuli with
following treatment types: (b) MME+SPU; (c) AME; (d) AME+SPU;
and (e) LogAME.
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Fig. 19. Mean PESQ score for: (a) noisy (degraded with babble noise at 5
dB); and stimuli generated by processing noisy stimuli with following
treatment types: (b) MME+SPU; (c) AME; (d) AME+SPU; and (e)
LogAME.
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Fig. 20. Mean STI score for: (a) noisy (degraded with babble noise at 5
dB); and stimuli generated by processing noisy stimuli with following
treatment types: (b) MME+SPU; (c) AME; (d) AME+SPU; and (e)
LogAME.
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Fig. 24. Mean subjective preference scores (%) for (a) clean; (b) noisy (degraded with babble noise at 5 dB); and stimuli generated using the following
treatment types: (c) MME+SPU; (d) ModSSub; (e) ModWiener; and (f) ModKalman.
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Fig. 25. Mean subjective preference scores (%) for (a) clean; (b) noisy (degraded with street noise at 5 dB); and stimuli generated using the following
treatment types: (c) MME+SPU; (d) ModSSub; (e) ModWiener; and (f) ModKalman.
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Appendix D. Objective evaluation comparing MME+SPU

to modulation domain formulations

An objective experiment was conducted to compare the
quality of stimuli generated using MME+SPU to those
generated using ModSSub, ModWiener, and ModKalman,
for noisy stimuli corrupted with additive white, babble and
street noise. All 30 stimuli of the Noizeus corpus were
included in the test. Noisy stimuli were constructed by add-
ing white, babble and street noises at SNRs of 0, 5, 10, 15,
and 20 dB.

Again, the objective measures used to evaluate the
quality of stimuli enhanced by each method were segmen-
tal SNR (Quackenbush et al., 1988), and PESQ (Rix et al.,
2001), and the STI intelligibility measure (Drullman et al.,
1994). Scores were calculated by comparing each noisy or
enhanced stimuli with the corresponding clean stimuli.
Mean scores were calculated for each enhancement
method, noise type, and input SNR, as shown in Figs. 26–
34, with each figure showing mean scores for the indicated
noise type and quality measure. Results for segmental
SNR and STI showed that MME+SPU generally scored
higher than all other methods. For white and babble
noise, ModKalman and ModSSub scored similarly, with
ModSSub scoring only a little higher than ModKalman.
For street noise, ModKalman had scores higher than
ModSSub. In each case, ModWiener scored much lower
than other methods. Again, more significant differences
in scores were seen for tests on coloured noises. PESQ
again showed less consistent results, with ModSSub scor-
ing better at low SNRs and MME+SPU scoring better for
higher SNRs.
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Fig. 28. Mean STI scores for: (a) noisy (degraded with AWGN at 5 dB);
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Fig. 29. Mean segmental SNR (dB) for: (a) noisy (degraded with babble
noise at 5 dB); and stimuli generated by processing noisy stimuli with the
following treatment types: (b) MME+SPU; (c) ModSSub; (d) ModWie-
ner; and (e) ModKalman.
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Fig. 30. Mean PESQ scores for: (a) noisy (degraded with babble noise at
5 dB); and stimuli generated by processing noisy stimuli with the following
treatment types: (b) MME+SPU; (c) ModSSub; (d) ModWiener; and (e)
ModKalman.
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Fig. 26. Mean segmental SNR (dB) for: (a) noisy (degraded with AWGN
at 5 dB); and stimuli generated by processing noisy stimuli with the
following treatment types: (b) MME+SPU; (c) ModSSub; (d) ModWie-
ner; and (e) ModKalman.
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Fig. 27. Mean PESQ scores for: (a) noisy (degraded with AWGN at 5
dB); and stimuli generated by processing noisy stimuli with the following
treatment types: (b) MME+SPU; (c) ModSSub; (d) ModWiener; and (e)
ModKalman.
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Fig. 31. Mean STI scores for: (a) noisy (degraded with babble noise at
5 dB); and stimuli generated by processing noisy stimuli with the following
treatment types: (b) MME+SPU; (c) ModSSub; (d) ModWiener; and (e)
ModKalman.
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Fig. 34. Mean STI scores for: (a) noisy (degraded with street noise at
5 dB); and stimuli generated by processing noisy stimuli with the following
treatment types: (b) MME+SPU; (c) ModSSub; (d) ModWiener; and (e)
ModKalman.
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Fig. 32. Mean segmental SNR (dB) for: (a) noisy (degraded with street
noise at 5 dB); and stimuli generated by processing noisy stimuli with the
following treatment types: (b) MME+SPU; (c) ModSSub; (d) ModWie-
ner; and (e) ModKalman.
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Fig. 33. Mean PESQ scores for: (a) noisy (degraded with street noise at
5 dB); and stimuli generated by processing noisy stimuli with the following
treatment types: (b) MME+SPU; (c) ModSSub; (d) ModWiener; and (e)
ModKalman.
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