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Abstract

Typical speech enhancement methods, based on the short-time Fourier analysis-modification-synthesis (AMS) framework, modify
only the magnitude spectrum and keep the phase spectrum unchanged. In this paper our aim is to show that by modifying the phase
spectrum in the enhancement process the quality of the resulting speech can be improved. For this we use analysis windows of 32 ms
duration and investigate a number of approaches to phase spectrum computation. These include the use of matched or mismatched anal-
ysis windows for magnitude and phase spectra estimation during AMS processing, as well as the phase spectrum compensation (PSC)
method. We consider four cases and conduct a series of objective and subjective experiments that examine the importance of the phase
spectrum for speech quality in a systematic manner. In the first (oracle) case, our goal is to determine maximum speech quality improve-
ments achievable when accurate phase spectrum estimates are available, but when no enhancement is performed on the magnitude spec-
trum. For this purpose speech stimuli are constructed, where (during AMS processing) the phase spectrum is computed from clean
speech, while the magnitude spectrum is computed from noisy speech. While such a situation does not arise in practice, it does provide
us with a useful insight into how much a precise knowledge of the phase spectrum can contribute towards speech quality. In this first
case, matched and mismatched analysis window approaches are investigated. Particular attention is given to the choice of analysis win-
dow type used during phase spectrum computation, where the effect of spectral dynamic range on speech quality is examined. In the
second (non-oracle) case, we consider a more realistic scenario where only the noisy spectra (observable in practice) is available. We
study the potential of the mismatched window approach for speech quality improvements in this non-oracle case. We would also like
to determine how much room for improvement exists between this case and the best (oracle) case. In the third case, we use the PSC algo-
rithm to enhance the phase spectrum. We compare this approach with the oracle and non-oracle matched and mismatched window tech-
niques investigated in the preceding cases. While in the first three cases we consider the usefulness of various approaches to phase
spectrum computation within the AMS framework when noisy magnitude spectrum is used, in the fourth case we examine the usefulness
of these techniques when enhanced magnitude spectrum is employed. Our aim (in the context of traditional magnitude spectrum-based
enhancement methods) is to determine how much benefit in terms of speech quality can be attained by also processing the phase spec-
trum. For this purpose, the minimum mean-square error (MMSE) short-time spectral amplitude (STSA) estimates are employed instead
of noisy magnitude spectra. The results of the oracle experiments show that accurate phase spectrum estimates can considerably contrib-
ute towards speech quality, as well as that the use of mismatched analysis windows (in the computation of the magnitude and phase
spectra) provides significant improvements in both objective and subjective speech quality – especially, when the choice of analysis win-
dow used for phase spectrum computation is carefully considered. The mismatched window approach was also found to improve speech
quality in the non-oracle case. While the improvements were found to be statistically significant, they were only modest compared to
those observed in the oracle case. This suggests that research into better phase spectrum estimation algorithms, while a challenging task,
could be worthwhile. The results of the PSC experiments indicate that the PSC method achieves better speech quality improvements than
the other non-oracle methods considered. The results of the MMSE experiments suggest that accurate phase spectrum estimates have a
potential to significantly improve performance of existing magnitude spectrum-based methods. Out of the non-oracle approaches
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considered, the combination of the MMSE STSA method with the PSC algorithm produced significantly better speech quality
improvements than those achieved by these methods individually.
� 2010 Elsevier B.V. All rights reserved.

Keywords: Speech enhancement; Analysis window; Short-time Fourier analysis; Analysis-modification-synthesis (AMS); Magnitude spectrum; Minimum
mean-square error (MMSE) short-time spectral amplitude (STSA) estimator; Phase spectrum; Phase spectrum compensation (PSC); MMSE PSC
1. Introduction

1.1. Background

In the field of speech enhancement we are interested in
enhancing the quality of speech corrupted by additive noise
distortion. Depending on the number of audio channels
available, speech enhancement methods can be grouped
into single-channel and multi-channel approaches. Various
single-channel speech enhancement approaches have been
proposed in the literature. These can be grouped into spec-
tral subtraction (Boll, 1979; Berouti et al., 1979), minimum
mean-square error (MMSE) estimation (Ephraim and
Malah, 1984, 1985), Wiener filtering (linear MMSE) (Wie-
ner, 1949), Kalman filtering (Paliwal and Basu, 1987) and
subspace (Ephraim and Trees, 1995) methods. Several of
these methods employ the short-time Fourier analysis-
modification-synthesis (AMS) framework. We focus here
on the AMS-based approach to speech enhancement.

1.2. AMS framework based speech enhancement

The AMS framework consists of three stages: 1. the
analysis stage, where the input speech is processed using
the short-time Fourier transform (STFT) analysis; 2. the
modification stage, where the noisy spectrum undergoes
some kind of modification; and 3. the synthesis stage,
where the inverse STFT is followed by the overlap-add syn-
thesis to construct the output signal.

Let us consider an additive noise model

xðnÞ ¼ sðnÞ þ dðnÞ; ð1Þ
where x(n), s(n) and d(n) denote discrete-time signals of
noisy speech, clean speech and noise, respectively. Since
speech can be assumed to be quasi-stationary, it is analysed
frame-wise using the short-time Fourier analysis.

The STFT of the corrupted speech signal x(n) is given by

X ðn; kÞ ¼
X1

m¼�1
xðmÞwðn� mÞe�j2pkm=L; ð2Þ

where k refers to the index of the discrete frequency, L is
the length of frequency analysis, and w(n) is an analysis
window function.2 In speech processing, the Hamming
window with 20–40 ms duration is typically employed.
2 Note that in principle, Eq. (2) could be computed for every sample,
however, in practice it is typically computed for each frame (and frames
are progressed at some frame shift). We do not show this decimation
explicitly in order to keep the mathematical notation concise.
Using STFT analysis we can represent Eq. (1) as

X ðn; kÞ ¼ Sðn; kÞ þ Dðn; kÞ; ð3Þ

where X(n,k), S(n,k) and D(n,k) are the STFTs of noisy
speech, clean speech and noise, respectively. Each of these
can be expressed in terms of the STFT magnitude spectrum
and the STFT phase spectrum. For instance, the STFT of
the noisy speech signal can be written in polar form as

X ðn; kÞ ¼ jX ðn; kÞjej\X ðn;kÞ; ð4Þ

where jX(n,k)j denotes the magnitude spectrum and
\X(n, k) denotes the phase spectrum.3

Traditional AMS-based speech enhancement methods
(e.g., Lim and Oppenheim, 1979; Berouti et al., 1979;
Ephraim and Malah, 1984; Ephraim et al., 1985; Martin,
1994; Sim et al., 1998; Virag, 1999), modify only the noisy
magnitude spectrum, while keeping the noisy phase spec-
trum unchanged. Such algorithms attempt to estimate the
magnitude spectrum of clean speech. Let us denote the
enhanced magnitude spectrum as jbSðn; kÞj, then the modi-
fied spectrum is constructed by combining jbSðn; kÞj with
the complex exponential of the noisy phase spectrum, as
follows:

Y ðn; kÞ ¼ jbSðn; kÞjej\X ðn;kÞ: ð5Þ

The enhanced speech signal, y(n), is constructed by taking
the inverse STFT of Y(n,k) followed by least-squares over-
lap-add synthesis (Griffin and Lim, 1984; Quatieri, 2002).
A block diagram of a traditional AMS-based speech
enhancement framework is shown in Fig. 1.

1.3. Earlier studies on the usefulness of the short-time phase

spectrum in speech processing

As mentioned previously, the existing AMS-based
speech enhancement algorithms modify (or enhance) the
magnitude spectrum, but do not change the phase spec-
trum. The reason for this is twofold. Firstly, it has been
shown that the noisy phase is an optimal estimator of the
clean phase (Ephraim and Malah, 1984). Secondly, there
has been a long standing belief among speech researchers
that for small window durations (20–40 ms),4 typically
employed in speech processing, the short-time phase
3 In our discussions when referring to the magnitude spectrum, phase
spectrum and (complex) spectrum, the STFT (or short-time) modifier is
implied unless otherwise stated.

4 In this paper small window durations of 20–40 ms are implied if not
explicitly stated.



Fig. 1. Block diagram of a traditional AMS-based speech enhancement
procedure.
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spectrum contains little useful information (Oppenheim
et al., 1979; Oppenheim and Lim, 1981; Vary, 1985; Liu
et al., 1997) and is unimportant for speech enhancement
(Lim and Oppenheim, 1979; Wang and Lim, 1982). Recent
subjective studies (Paliwal, 2003; Paliwal and Alsteris,
2003; Alsteris and Paliwal, 2004; Paliwal and Alsteris,
2005; Alsteris and Paliwal, 2006; Shi et al., 2006; Wójcicki
and Paliwal, 2007) suggest, however, that the phase spectrum
does contain significant amount of useful information for
speech intelligibility.

When Hamming window (having spectral dynamic
range5 of 43 dB) is used for short-time Fourier analysis,
the magnitude spectrum contributes significantly more
towards speech intelligibility than the phase spectrum
(Liu et al., 1997; Paliwal, 2003). However, the phase spec-
trum becomes comparable to magnitude spectrum in terms
of speech intelligibility when rectangular window (having
spectral dynamic range of 13 dB) is used for spectral anal-
ysis. While it is generally accepted that the Hamming win-
dow is well suited for estimation of the short-time
magnitude spectrum (Picone, 1993; Hayes, 1996), it may
not necessarily be the best choice for the estimation of
the short-time phase spectrum (e.g., Reddy and Swamy,
1985; Paliwal and Alsteris, 2005; Wójcicki and Paliwal,
2007; Wójcicki and Paliwal, 2008; Loveimi and Ahadi,
2010). For example, in (Wójcicki and Paliwal, 2007) the
Chebyshev window function, characterised by adjustable
equi-ripple side-lobes (Harris, 1978), was employed as the
analysis window in the phase spectrum computation and
5 The spectral dynamic range (or, side-lobe attenuation) of a window
function is defined as the difference (in dB) in height between the main-
lobe and the highest side-lobe.
the effect of its spectral dynamic range on the subjective
intelligibility of stimuli constructed from only the short-
time phase spectrum was studied. It was observed that
lower dynamic range settings for the Chebyshev window
resulted in higher subjective intelligibility. More recently,
the short-time phase spectrum has also been shown to con-
tain a significant amount of speaker dependent information
(Wójcicki and Paliwal, 2008).

Current state-of-the-art speech processing systems use
20–40 ms Hamming window for speech analysis and almost
exclusively rely on the processing of the magnitude spec-
trum to carry out a given speech application. For example,
the automatic speech and speaker recognition systems
derive cepstral features from the magnitude spectrum alone
(e.g., Davis and Mermelstein, 1980; Hermansky, 1990).
However, there is an increasing interest in utilising the
phase spectrum for automatic speech recognition (Schlüter
and Ney, 2001; Alsteris and Paliwal, 2005), speaker recog-
nition (Nakagawa et al., 2007; Wang et al., 2009), speech
coding (McAulay and Quatieri, 1995; Skoglund et al.,
1997; Pobloth and Kleijn, 1999; Kim, 2003) and speech
enhancement (Shi et al., 2006; Wójcicki et al., 2008; Lu
and Loizou, 2008).
1.4. Aims of the paper and its organisation

In their classic paper, Wang and Lim (1982) have shown
that the short-time phase spectrum is unimportant for speech
enhancement. They used the title, “the unimportance of phase

in speech enhancement”, to emphasise this point. Their paper
is perhaps the most cited work used to justify the use of noisy
phase spectrum in the speech enhancement literature. How-
ever, we believe that the short-time phase spectrum can sig-
nificantly contribute towards speech quality.

The aim of this study is to demonstrate the importance
of the short-time phase spectrum for speech enhancement
in a systematic manner.6 For this we use analysis windows
of 32 ms duration and investigate a number of approaches
for phase spectrum computation. These include the use of
matched or mismatched analysis windows for magnitude
and phase spectra estimation during AMS processing, as
well as the phase spectrum compensation (PSC) method
(Stark et al., 2008). We consider four cases and conduct
a series of objective and subjective experiments. In the first
(oracle) case, the clean phase spectrum is assumed to be
known during AMS processing, while the magnitude spec-
trum is computed directly from noisy speech. Matched and
mismatched analysis window approaches are studied. Our
goal – in this oracle case – is to determine the maximum
speech quality improvements attainable when an estimate
of the undistorted phase spectrum is available. While such
a situation does not arise in practice, it does provide us
6 Note that the aim here is different from our earlier studies (Paliwal,
2003; Paliwal and Alsteris, 2003, 2005; Alsteris and Paliwal, 2004, 2006;
Wójcicki and Paliwal, 2007), which investigated the importance of the
short-time phase spectrum for speech intelligibility and not speech quality.



7 Note that some preliminary results of a similar objective experiment
have been previously reported by our group in a conference (Shannon and
Paliwal, 2006).
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with a useful insight into the upper bound of performance
attainable through the short-time phase spectrum and thus
its importance. The results of the oracle experiments show
that accurate phase spectrum estimates considerably
improve objective and subjective speech quality. Especially
significant improvements were observed for the mis-
matched window approach, when low dynamic range anal-
ysis windows were employed during phase spectrum
computation.

In the second (non-oracle) case, we consider a more real-
istic scenario, where only the noisy spectra (observable in
practice) is available during the AMS processing. We study
the potential of the mismatched window approach for
speech quality improvements in this non-oracle case. We
would also like to determine how much room for improve-
ment exists between this case and the best (oracle) case. The
results of non-oracle and oracle experiments are consistent,
in that the use of low dynamic range analysis windows dur-
ing phase spectrum estimation improves speech quality.
However, only modest gains were observed in the non-ora-
cle case compared to those achieved in the oracle case,
showing that there exists room for further improvement
and suggesting that research into more accurate phase
spectrum estimation algorithms could be worthwhile.

In the third case, we investigate a recent speech enhance-
ment method called phase spectrum compensation (PSC)
(Wójcicki et al., 2008; Stark et al., 2008). In the PSC
approach the short-time phase spectrum undergoes modifi-
cation, while the short-time magnitude spectrum is kept
unchanged during the enhancement process. The third case
experiments compare the performance of the PSC algo-
rithm against the techniques investigated in the oracle
and non-oracle experiments. The results of these experi-
ments show that the PSC method outperforms the other
non-oracle methods considered.

In the fourth case, we again examine the performance of
the oracle and non-oracle matched and mismatched win-
dow techniques as well as that of the PSC method, this time
– however – enhanced magnitude spectrum is employed
instead of the noisy one. Our goal is to determine if the per-
formance of the traditional magnitude spectrum-based
enhancement methods can be improved by also processing
the phase spectrum. To achieve this, the minimum mean-
square error (MMSE) short-time spectral amplitude
(STSA) estimator by Ephraim and Malah (1984) is
employed for magnitude spectrum estimation. The results
of the MMSE experiments indicate that given accurate
phase spectrum estimates, the performance of the existing
magnitude spectrum-based enhancement methods can be
significantly improved. For the non-oracle approaches,
the fusion of the MMSE STSA method (Ephraim and
Malah, 1984) with the PSC algorithm (Stark et al., 2008)
worked particularly well, producing significantly higher
speech quality improvements than those achieved by these
methods individually.

The remainder of this paper is organised as follows. Sec-
tion 2 presents the oracle experiments (case 1). Section 3
details the non-oracle tests (case 2). The PSC experiments
(case 3) are given in Section 4, while the MMSE experi-
ments (case 4) are presented in Section 5. A final summary
along with concluding remarks is given in Section 6.

2. Case 1: oracle phase spectrum experiments with matched

or mismatched analysis windows

2.1. Introduction

In this section, our aim is to determine the maximum
benefit in terms of speech quality that can be attained
due to the phase spectrum alone. That is, given very precise
estimates of the phase spectrum, we would like to deter-
mine how much the quality of the noisy speech can be
improved during AMS processing when noisy magnitude
spectrum is employed. Evaluating this scenario should tell
us how much the phase spectrum can contribute towards
speech quality. To achieve this, we conduct oracle-style
experiments in which stimuli are constructed using a mod-
ified AMS procedure, where the phase spectrum is com-
puted from clean speech, while the magnitude spectrum is
computed from noisy speech. In these experiments we
investigate the use of matched and mismatched analysis
windows in the computation of the magnitude and phase
spectra. We begin with an objective experiment the goal
of which is to determine the dynamic range of the Cheby-
shev analysis window, used in the phase spectrum compu-
tation, that produces highest objective speech quality
improvements.7 We then conduct formal subjective listen-
ing tests, where we use the Chebyshev window with the
dynamic range that produced highest objective speech
quality improvements. We conclude this section with spec-
trogram analysis of example stimuli employed in the sub-
jective experiment.

2.2. Modified AMS procedure

A modified AMS procedure, similar to the one proposed
by Wang and Lim (1982), was used to generate speech
stimuli for the oracle-style experiments. A block diagram
of the modified AMS framework is shown in Fig. 2. The
modified AMS procedure consists of two analysis
branches. The first branch is used for analysis of noisy
speech x(n), while the second branch is used for analysis
of clean speech s(n). The dual-branch framework facilitates
the use of matched or mismatched analysis windows, i.e.,
wa(n) = wb(n) or wa(n) – wb(n), respectively, where wa(n)
is the analysis window employed in the first branch and
wb(n) is the analysis window employed in the second
branch. The first analysis branch is used for estimation of
the magnitude spectrum from noisy speech, while the sec-
ond branch is used for estimation of the corresponding



Fig. 2. Block diagram of a modified AMS procedure used for stimuli
construction for the oracle (case 1) experiments. Both noisy speech and
clean speech are used during processing. The magnitude spectrum is
estimated from noisy speech, while the phase spectrum is estimated from
clean speech. This framework facilitates the use of matched (wa(n) = wb(n))
or mismatched (wa(n) – wb(n)) analysis windows in the estimation of the
magnitude and phase spectra.
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phase spectrum from clean speech. We will refer to these
representations as noisy magnitude spectrum and clean
phase spectrum and we will denote them as jXa(n,k)j and
\Sb(n,k), respectively. In the spectral modification stage
of the modified AMS procedure shown in Fig. 2, jXa(n,k)j
and \Sb(n,k) are combined to produce the modified spec-
trum as follows:

Y ðn; kÞ ¼ jX aðn; kÞjej\Sbðn;kÞ: ð6Þ
The speech stimulus, y(n), is then constructed by taking the
inverse STFT, followed by synthesis windowing and over-
lap-add reconstruction.

2.3. Speech corpus

In our experiments we employ the Noizeus speech cor-
pus (Hu and Loizou, 2007).8 Noizeus is composed of 30
phonetically-balanced sentences belonging to six speakers
(three males and three females). The recorded speech was
originally sampled at 25 kHz. The recordings were then
downsampled to 8 kHz and filtered to simulate receiving
frequency characteristics of telephone handsets. The corpus
comes with non-stationary noises at different SNRs. For
our experiments, we keep the clean part of the corpus
and generate a corresponding set of stimuli corrupted by
additive white Gaussian noise (AWGN) at two SNR levels,
0 and 10 dB.
8 The Noizeus speech corpus is publicly available on-line at the
following url: http://www.utdallas.edu/�loizou/speech/noizeus.
2.4. Objective experiment

In the following subsection we present the details of our
objective experiment, the goal of which was to determine
the dynamic range of the Chebyshev analysis window that
produces highest speech quality improvements.

2.4.1. Stimuli

Speech stimuli were constructed using the modified
AMS procedure outlined in Section 2.2. The window
length of Tw = 32 ms was used throughout. The stimuli
can be grouped into five treatment types: clean, noisy,
Wang-O, Matched-O and Mismatched-O, based on the
AMS settings used to construct them. The treatment types
are summarised in Table 1.

There were 30 clean speech stimuli (the undistorted part
of the Noizeus corpus) and corresponding 60 noisy speech
stimuli (the clean stimuli corrupted by AWGN at 0 and
10 dB SNR).

There were 60 Wang-O stimuli, which were constructed
by processing the noisy stimuli through the modified AMS
procedure (detailed in Section 2.2) with AMS settings sim-
ilar to those used by Wang and Lim (1982). The frame shift
was set to Tw/2. The Hanning window was employed as the
analysis window in both branches of the modified AMS
procedure, i.e., the same analysis window was used for
the estimation of the magnitude and phase spectra. The
FFT analysis length was set to N, where N(=TwFs) is the
number of samples in each frame.

There were 60 Matched-O stimuli, for which stricter
AMS settings were used (than those used for Wang-O stim-
uli construction). The frame shift was set to Tw/8 to mini-
mise aliasing. The Hamming analysis window was used in
both branches of the modified AMS procedure, i.e., the
analysis windows were matched. The FFT analysis length
was set to L = 2N, i.e., N zeros were appended to each
frame prior to FFT analysis.

Finally, there were 600 Mismatched-O stimuli, for which
the same strict AMS settings were employed as for the
Matched-O stimuli, however, this time the analysis win-
dows were mismatched. The Hamming window was used
in the first analysis branch, while the Chebyshev window
was used in the second branch. The dynamic range of the
Chebyshev window was varied as an experimental param-
eter, from 5 to 50 dB in 5 dB increments, to determine its
effect on objective speech quality of the Mismatched-O
stimuli. Overall, 810 stimuli were constructed for the objec-
tive experiment.

2.4.2. Objective speech quality measure

Perceptual estimation of speech quality (PESQ) (ITU-T,
2001) was employed as an objective speech quality mea-
sure. PESQ prediction maps mean opinion score estimates
to a range between �0.5 and 4.5, where 1.0 corresponds to
bad and 4.5 corresponds to distortion-less. In our experi-
ments, mean PESQ scores were computed over relevant
treatment sub-groups.

http://www.utdallas.edu/~loizou/speech/noizeus
http://www.utdallas.edu/~loizou/speech/noizeus


Table 1
Treatment types for the oracle matched and mismatched analysis window experiments (case 1). Oracle-type
treatments, i.e., treatments for which the clean phase spectrum is made available during AMS processing of
noisy speech, have ‘-O’ label appended as suffix.

Treatment type Description of processing

Clean Clean speech

Noisy Noisy speech (clean speech degraded by AWGN)

Wang-O Noisy speech processed through the modified AMS procedure shown in Fig. 2,
noisy magnitude spectrum and oracle phase spectrum are employed,
relaxed AMS settings similar to those reported by Wang and Lim (1982) are used,
matched analysis windows (wa(n) = wb(n)) are employed:
Hanning window is used for both wa(n) and wb(n)

Matched-O Noisy speech processed through the modified AMS procedure shown in Fig. 2,
noisy magnitude spectrum and oracle phase spectrum are employed,
strict AMS settings are used, matched analysis windows (wa(n) = wb(n)) are
employed:
Hamming window is used for both wa(n) and wb(n)

Mismatched-O Noisy speech processed through the modified AMS procedure shown in Fig. 2,
noisy magnitude spectrum and oracle phase spectrum are employed,
strict AMS settings are used, mismatched analysis windows (wa(n) – wb(n)) are
employed:
Hamming window is used for wa(n) and Chebyshev window used for wb(n)
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Fig. 3. Results for the objective oracle (case 1) experiment in terms of mean
PESQ scores as a function of the dynamic range (dB) of the Chebyshev
analysis window wb(n) for AWGN at: (a) 0 dB SNR and (b) 10 dB SNR.
Note that the clean speech stimuli achieved mean PESQ of 4.50.
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2.4.3. Results and discussion

Results of the objective experiment, in terms of mean
PESQ scores as a function of the dynamic range of wb(n)
analysis window, for 0 and 10 dB SNR AWGN are shown
in Fig. 3(a) and (b), respectively. For AWGN at 0 dB SNR,
the objective speech quality of Wang-O stimuli is slightly
higher than the quality of noisy stimuli, while for 10 dB
SNR this improvement is negligible. Thus employing clean
phase spectrum provides little to no improvement in speech
quality for AMS settings similar to those used in (Wang
and Lim, 1982). This is consistent with the conclusions
drawn by Wang and Lim (1982).

On the other hand, the use of stricter AMS settings, for
the construction of the Matched-O stimuli, produces
greater improvements in objective quality. This is true for
both 0 and 10 dB SNR input speech. These results suggest
that in order to attain full benefit (in terms of speech qual-
ity) from the clean phase spectrum, the frame shift and
FFT size settings employed in the AMS procedure should
be chosen carefully.

The results of Fig. 3 also show that Mismatched-O stim-
uli achieved higher objective speech quality scores than
noisy, Wang-O and Matched-O stimuli. This was the case
for all dynamic range settings investigated for the wb(n)
analysis window, with the highest improvements achieved
for 20–25 dB dynamic range. Thus, the use of mismatched
analysis windows, such that wa(n) is the Hamming window
and wb(n) is the Chebyshev window with dynamic range
between 20 and 25 dB, provides highest objective speech
quality improvements in this oracle case.

2.5. Subjective experiment

In the objective experiment of Section 2.4, we have
determined that the dynamic range of the wb(n) Chebyshev
window that produces highest objective speech quality
improvements for Mismatched-O stimuli is between 20
and 25 dB. We employ this result in a formal subjective
evaluation of the importance of the short-time phase spec-
trum for speech quality. The subjective evaluation is in a
form of AB listening tests that determine subjective method
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Fig. 4. Results for the subjective oracle (case 1) experiment in terms of
mean preference scores for AWGN at: (a) 0 dB SNR and (b) 10 dB SNR.
Chebyshev window with 20 dB dynamic range was used as wb(n) during
Mismatched-O stimuli construction.
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preference. The details of this subjective assessment, along
with the results and discussion, are presented in the follow-
ing subsections.

2.5.1. Stimuli

Stimuli for the subjective experiment were constructed
using a procedure similar to the one used in the objective
experiment with the following differences. In order to make
the listening tests feasible, only two Noizeus sentences were
included in these tests (sp10 and sp27), one belonging to a
male speaker and the other to a female speaker. The
dynamic range of the wb(n) Chebyshev window used during
phase spectrum estimation for Mismatched-O stimuli was
set to 20 dB (based on the results of the objective experi-
ment). AWGN at 0 and 10 dB SNR was considered. The
stimuli types investigated in this subjective experiment are
summarised in Table 1.

2.5.2. Subjects

Twelve English speaking listeners participated in the lis-
tening tests. None of the participants reported any hearing
deficits.

2.5.3. Procedure

Listening tests were conducted in a quiet room. The par-
ticipants were familiarised with the task during a short
practice session. The actual tests consisted of two sessions,
one for each of the two SNR conditions. In each session,
the participants listened to 40 stimuli pairs played back
in randomised order over closed circumaural headphones
at a comfortable listening level. For each stimuli pair, the
listeners were presented with three labeled options on a dig-
ital computer and asked to make a subjective preference.
The first and second options were used to indicate a prefer-
ence 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
if they could not prefer one stimulus over the other. Pair-
wise scoring was employed, with the score of +1 awarded
to the preferred method and +0 to the other. For a similar
preference response (i.e., the third option) each method was
awarded the score of +0.5. The participants were allowed
to re-listen to stimuli if required. The responses were col-
lected via keyboard. No feedback was given.

2.5.4. Results and discussion

Results of the subjective experiment for AWGN at 0
and 10 dB SNR, are shown in Fig. 4(a) and (b), respec-
tively. As can be expected, clean speech stimuli achieved
highest subjective preference, while noisy speech stimuli
were the least preferred. The Mismatched-O stimuli
attained significantly higher subjective preference than the
noisy, Wang-O and Matched-O stimuli.9 This was the case
at both 0 and 10 dB SNR for AWGN. The Matched-O
9 For the statistical analysis of our results we employ paired one-tailed
sign test (Wackerly et al., 2007) with level of significance a set to 0.05.
stimuli achieved significantly higher subjective preference
than the noisy and Wang-O stimuli for both noise intensi-
ties. Wang-O stimuli achieved significantly higher prefer-
ence over the noisy stimuli at 0 dB SNR, however, at
10 dB SNR the difference was not significant. Importantly,
the results of the listening tests are in agreement with the
results of the objective experiment detailed in Section 2.4.
2.6. Spectrogram analysis

Fig. 5 shows spectrograms of a Noizeus sentence pro-
cessed using different treatments employed in the subjective
experiment detailed in Section 2.5. Spectrograms of the
clean speech and noisy speech (AWGN at 10 dB SNR)
are shown in Fig. 5(a) and (b), respectively. By comparing
the spectrogram of the noisy speech with the spectrogram
of the clean speech, it can be seen that the low-energy pitch
harmonic structure has been lost due to the additive noise
distortion. Some of the low-energy higher formant regions
have also been lost.

Spectrogram of Wang-O stimulus shown in Fig. 5(c) is
very similar to the spectrogram of noisy speech
(Fig. 5(b)), with some additional pitch frequency compo-
nents present due to undistorted information contained in
the clean (oracle) phase spectrum.

Spectrogram of Matched-O stimulus is shown in
Fig. 5(d). This spectrogram is quite similar to the spectro-
gram of Wang-O stimulus. However, the pitch frequency



Fig. 5. Spectrograms of the sp10 Noizeus utterance, “The sky that
morning was clear and bright blue”, by a male speaker. Spectrograms for
the following stimuli types are shown: (a) clean speech (PESQ: 4.50); (b)
noisy speech (AWGN at 10 dB SNR, PESQ: 2.07); (c) Wang-O (PESQ:
2.10); (d) Matched-O (PESQ: 2.26); and (e) Mismatched-O (wb(n) set to
Chebyshev 20 dB, PESQ: 3.05).

10 Under some mild conditions (Hayes et al., 1980).
11 Note that a similar mechanism has been observed by Ghitza (2001) in

the envelope and carrier decomposition framework.
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harmonics are more pronounced for Matched-O stimulus
than for Wang-O stimulus – they more closely resemble
the harmonic structure present in clean speech spectro-
gram. Thus stricter AMS settings produce finer pitch har-
monic detail when oracle phase spectrum is employed.

Finally, the spectrogram of Mismatched-O stimulus is
shown in Fig. 5(e). The Mismatched-O stimulus has
reduced noise compared with the other stimuli (except for
the clean stimulus). Note that the noise suppression is more
significant during speech presence regions. As an example
of this, compare spectrogram of noisy speech (Fig. 5(b))
with the spectrogram of the Mismatched-O stimulus
(Fig. 5(e)). At time 0.7 s (i.e., during speech presence) a sig-
nificant reduction of noise can be observed in the spectro-
gram of Mismatched-O stimulus. On the other hand, the
noise reduction at time 1.17 s (i.e., during speech absence)
is less significant.

From Fig. 5(e) it can also be seen that the Mismatched-
O stimulus does not contain the additional harmonic struc-
ture present in Wang-O and Matched-O stimuli. Instead,
the harmonic structure in Mismatched-O stimulus is some-
what similar to that present before enhancement, i.e., in the
noisy stimulus. In the next subsection we show that for the
Mismatched-O stimuli there exists a trade-off between
noise suppression and preservation of fine spectral detail,
and that this trade-off can be controlled through the
dynamic range of wb(n) window function.

2.6.1. Effect of dynamic range of wb(n) analysis window

function on Mismatched-O stimuli

The effect of the dynamic range of wb(n) analysis win-
dow, used during construction of Mismatched-O stimuli,
is demonstrated using spectrograms shown in Fig. 6. The
use of mismatched analysis windows results in noise reduc-
tion, the strength of which depends on dynamic range of
wb(n) Chebyshev window. Dynamic range of wb(n) close
to the dynamic range of wa(n) means that very little noise
is suppressed and most of the fine, low-energy, content is
preserved. This is shown in Fig. 6(c), where the Hamming
window was used as wa(n) and the Chebyshev window with
the dynamic range of 35 dB was used as wb(n). On the other
hand, dynamic range of wb(n) that is considerably lower
than the dynamic range of wa(n), results in noise reduction
along with some suppression of fine speech content. This is
shown in Fig. 6(d), where the Chebyshev window with the
dynamic range of 20 dB was used as wb(n). At the extreme
where the dynamic range of wb(n) is much smaller than the
dynamic range of wa(n), the high energy speech compo-
nents will also begin to be suppressed. This is shown in
Fig. 6(e), where the Chebyshev window with the dynamic
range of 5 dB was used as wb(n). Thus the mismatch in
the dynamic range of the wa(n) and wb(n) analysis windows
controls the trade-off between noise suppression and pres-
ervation of fine low-energy spectral content.

How the phase spectrum computed using lower dynamic
range window helps in improving the magnitude spectrum
of the synthesised stimuli can be briefly explained as fol-
lows. We know that the phase and magnitude spectra are
related to each other. This relationship has been used in
the past to construct10 the phase spectrum from the magni-
tude spectrum and vice versa (e.g., Hayes et al., 1980;
Nawab et al., 1983; Yegnanarayana et al., 1987; Alsteris
and Paliwal, 2007). As a result, when magnitude spectrum
information is completely removed in the modification
stage of the AMS procedure (i.e., by setting magnitude
spectrum values to unity) and speech is synthesised using
only the phase spectrum information, we see the magnitude
spectrum information (such as formants and pitch fre-
quency harmonics) appearing back in the spectrogram of
the synthesised stimulus (Paliwal and Alsteris, 2005,
Appendix A).11



Fig. 6. Spectrograms of the sp10 Noizeus utterance, “The sky that
morning was clear and bright blue”, by a male speaker. Spectrograms for
the following stimuli types are shown: (a) clean speech (PESQ: 4.50); (b)
noisy speech (AWGN at 10 dB SNR, PESQ: 2.07); (c) Mismatched-O
(wb(n) set to Chebyshev 35 dB, PESQ: 2.76); (d) Mismatched-O (wb(n) set
to Chebyshev 20 dB, PESQ: 3.05); and (e) Mismatched-O (wb(n) set to
Chebyshev 5 dB, PESQ: 2.35).

K. Paliwal et al. / Speech Communication 53 (2011) 465–494 473
We have also shown in our previous work that the rela-
tive importance of the phase spectrum can be increased
with respect to the magnitude spectrum by using lower
dynamic range analysis windows (Paliwal and Alsteris,
2005; Wójcicki and Paliwal, 2007). In the mismatched win-
dow experiments reported in this section, we have used the
Hamming window for magnitude spectrum computation
and lower dynamic range Chebyshev window for phase
spectrum computation. The use of lower dynamic range
window makes the phase spectrum more important than
that of the matched window case (i.e., when using the
Hamming window). This is reflected in the improved mag-
nitude spectrum of the synthesised speech.
2.7. Conclusions

This section presented oracle-style experiments that
investigated the importance of the short-time phase spec-
trum for speech quality. In these experiments, speech cor-
rupted by AWGN was processed through modified AMS
procedure, in which the undistorted phase spectrum was
made available for processing and where noisy (unen-
hanced) magnitude spectrum was employed. The use of
matched or mismatched analysis windows in the computa-
tion of magnitude and phase spectra was studied. The effect
of the dynamic range of the analysis window used during
phase spectrum computation was examined in a systematic
manner. The experimental results show, that with the
proper choice of the analysis window type and AMS set-
tings, the short-time phase spectrum can significantly con-
tribute towards speech quality and thus has a potential to
be useful for speech enhancement. We have shown that
through the use of mismatched analysis windows, signifi-
cant improvements in both objective and subjective speech
quality can be achieved. More specifically (in the AMS pro-
cessing of noisy speech) the use of the Hamming window
for magnitude spectrum computation and the use of the
Chebyshev window with the dynamic range set to 20–
25 dB for phase spectrum computation, produces highest
speech quality improvements.

3. Case 2: non-oracle phase spectrum experiments with

mismatched analysis windows

3.1. Introduction

In the oracle experiments presented in Section 2, we
have determined that significant speech quality improve-
ments are attainable if undistorted phase spectrum is avail-
able during AMS-based processing. The mismatched
analysis window approach was found to work particularly
well. In this section, we look at speech quality improve-
ments that can be achieved when only the noisy spectra is
available – a situation that typically arises in practice. In
particular, we would like determine how well the mis-
matched window approach works in this non-oracle case.
Note that in the experiments of the present section the
noisy magnitude spectrum is again employed during
AMS processing (i.e., no enhancement is performed on
the magnitude spectrum).

To achieve the above, we conduct a second set of objec-
tive and subjective experiments, in which the modified
AMS procedure shown in Fig. 7 is used for stimuli con-
struction. This AMS framework is similar to the one
employed in the oracle experiments detailed in Section
2.2, in that it has dual branches for estimation of the mag-
nitude and phase spectra components, facilitating the use
of matched or mismatched analysis windows. The main dif-
ference, however, is that now only the noisy speech is avail-
able for processing.

The primary goal of our objective experiment is to deter-
mine the dynamic range of the Chebyshev analysis window
(used in the phase spectrum estimation) that produces
highest objective speech quality scores in this non-oracle
case. Based on these results, we conduct formal subjective



Fig. 7. Block diagram of a modified AMS procedure used for stimuli
construction for the non-oracle (case 2) experiments. Here, only the
degraded speech is made available for processing. This framework
facilitates the use of matched (wa(n) = wb(n)) and mismatched
(wa(n) – wb(n)) analysis windows in the estimation of the magnitude and
phase spectra.
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listening tests, where for construction of mismatched win-
dow stimuli we use the Chebyshev window with the opti-
mal dynamic range determined in the objective
experiment. We conclude this section with spectrogram
analysis of the non-oracle stimuli.

The comparison of results of the oracle experiments,
with the results of the non-oracle experiments, should tell
us if there is room for further improvements in speech qual-
ity and whether further research into the short-time phase
spectrum is worthwhile.
3.2. Objective experiment

Speech stimuli were constructed using the modified
AMS procedure shown in Fig. 7. As is summarised in
Table 2, the stimuli can be grouped into four types: clean,
noisy, Wang-N and Mismatched-N, based on the AMS set-
tings used to construct them. Only noisy speech was used
during AMS processing in the construction of the latter
three types.12 The window duration of Tw = 32 ms was
employed throughout.

Results of the objective experiment, in terms of mean
PESQ scores as a function of the dynamic range of wb(n)
Chebyshev window, for 0 and 10 dB input SNRs, are
12 Note that AMS processing with matched analysis windows and strict
AMS settings, (essentially) reproduces the input signal at the output.
Thus, in this non-oracle case, noisy and Matched-N stimuli can be
considered as same. For this reason we include them only once and refer to
them as noisy stimuli.
shown in Fig. 8(a) and (b), respectively. These results show
that the objective speech quality of Wang-N stimuli is
somewhat lower than the quality of noisy stimuli. This sug-
gests that the relaxed AMS settings, employed in (Wang
and Lim, 1982), cause a reduction in objective speech qual-
ity with respect to the noisy speech.

From the results shown in Fig. 8 it can been that lower
dynamic range settings for the wb(n) analysis window pro-
duce Mismatched-N stimuli with higher objective speech
quality than both Wang-N and noisy stimuli. The use of
mismatched analysis windows, such that wa(n) is the Ham-
ming window and wb(n) is the Chebyshev window with
10 dB dynamic range, provides highest objective speech
quality improvements in this non-oracle case. As expected,
these improvements are not as high as in the oracle case
(detailed in Section 2), however, they are significant at a
95% confidence level.

For the construction of Mismatched-N stimuli, the
empirically determined optimal dynamic range for the
wb(n) Chebyshev window found in this non-oracle case
(10 dB), is somewhat different from the optimal dynamic
range found in the oracle case (20–25 dB). This difference
can be explained as follows. Lower dynamic range settings
for the wb(n) window are better suited for noisier condi-
tions, since they induce stronger noise suppression during
synthesis. The use of clean phase spectrum in the oracle
case, means that there is less noise in the modified spectra
and hence 20–25 dB windows work well, while in the non-
oracle case, the use of noisy phase spectrum means that the
resulting modified spectra contains more distortion and,
hence, analysis windows with lower dynamic range (such
as the 10 dB Chebyshev window function) work better.
Note that if we consider AMS processing of clean speech,
then the best we can do is to employ matched analysis win-
dows (wa(n) = wb(n)).

3.3. Subjective experiment

In the objective experiment presented in the previous
section, we have determined that the 10 dB setting for the
dynamic range of the wb(n) Chebyshev window (used in
the construction of Mismatched-N stimuli) produces high-
est objective speech quality scores. This result is employed
in a subjective non-oracle experiment, the details of which
are presented in this section.

The stimuli for the subjective experiment were con-
structed using the modified AMS procedure shown in
Fig. 7. The dynamic range of the wb(n) Chebyshev window
used during phase spectrum computation of the Mis-
matched-N stimuli was set to 10 dB. The stimuli types con-
sidered here are summarised in Table 2.

The subjective experiment was in the form of AB listen-
ing tests that determine subjective method preference. The
listening tests consisted of two sessions. In the first session,
AWGN at 0 dB was investigated, while in the second ses-
sion, AWGN at 10 dB was considered. The listeners were
asked to judge 24 stimuli pairs in each session.



Table 2
Treatment types for the non-oracle mismatched analysis window experiments (case 2). Non-oracle treatments, i.e.,
treatments for which only the noisy spectra are available during AMS processing of noisy speech, have ‘-N’ label
appended as suffix.

Treatment type Description of processing

Clean Clean speech

Noisy Noisy speech (clean speech degraded by AWGN)

Wang-N Noisy speech processed through the modified AMS procedure shown in Fig. 7,
noisy magnitude spectrum and noisy phase spectrum are employed,
relaxed AMS settings similar to those reported by Wang and Lim (1982) are used,
matched analysis windows (wa(n) = wb(n)) are employed:
Hanning window is used for both wa(n) and wb(n)

Mismatched-N Noisy speech processed through the modified AMS procedure shown in Fig. 7,
noisy magnitude spectrum and noisy phase spectrum are employed,
strict AMS settings are used, mismatched analysis windows (wa(n) – wb(n)) are employed:
Hamming window is used for wa(n) and Chebyshev window is used for wb(n)
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Fig. 8. Results for the objective non-oracle (case 2) experiment in terms of
mean PESQ scores as a function of the dynamic range (dB) of the
Chebyshev analysis window wb(n) for AWGN at: (a) 0 dB SNR and (b)
10 dB SNR. Note that the clean speech stimuli achieved mean PESQ of
4.50.
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Fig. 9. Results for the subjective non-oracle (case 2) experiment in terms
of mean preference scores for AWGN at: (a) 0 dB SNR and (b) 10 dB
SNR. Chebyshev window with 10 dB dynamic range was used as wb(n)
during Mismatched-N stimuli construction.
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The results of the subjective experiment, for 0 and 10 dB
SNR AWGN, are shown in Fig. 9(a) and (b), respectively.
The clean speech stimuli have the highest subjective prefer-
ence, while the Wang-N stimuli have the lowest preference.
This reaffirms the observation made based on the earlier
results of the objective experiment of Section 3.2, that the
relaxed AMS settings used in the construction of Wang-
N stimuli cause a reduction in speech quality with respect
to the quality of noisy speech.

Mismatched-N stimuli achieved significantly higher sub-
jective preference scores than noisy and Wang-N stimuli.
This can be attributed to the noise reduction achieved
through the use of mismatched analysis windows during
Mismatched-N stimuli construction. Note that the above
results are consistent with the results of the objective exper-
iment presented in Section 3.2.
3.4. Spectrogram analysis

Fig. 10(a–c and e) shows spectrograms of the sp10 Noiz-
eus sentence for stimuli types included in the subjective
experiment of Section 3.3. The spectrograms of clean and
noisy speech (AWGN at 10 dB SNR) are shown in



Fig. 10. Spectrograms of the sp10 Noizeus utterance, “The sky that
morning was clear and bright blue”, by a male speaker. Spectrograms for
the following stimuli types are shown: (a) clean speech (PESQ: 4.50); (b)
noisy speech (AWGN at 10 dB SNR, PESQ: 2.07); (c) Wang-N (PESQ:
2.00); and (d) Mismatched-N (wb(n) set to Chebyshev 25 dB, PESQ: 2.15);
(e) Mismatched-N (wb(n) set to Chebyshev 10 dB, PESQ: 2.27); and (f)
Mismatched-N (wb(n) set to Chebyshev 2 dB, PESQ: 1.92).

13 Depending on the type of synthesis employed in the AMS procedure,
perfect or least-squares reconstruction will be produced.
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Fig. 10(a) and (b), respectively. Spectrogram of Wang-N
stimulus is shown in Fig. 10(c). Compared with the spectro-
gram of the noisy speech, the spectrogram of Wang-N
stimulus shows slightly reduced harmonic structure. This
reduction could in part explain why Wang-N stimuli
achieved lower objective and subjective scores than the
noisy stimuli.

The spectrograms of Mismatched-N stimuli for wb(n) set
to Chebyshev 25, 10 and 2 dB are shown in Fig. 10(d–f),
respectively. The use of mismatched analysis windows in
this non-oracle case results in noise reduction, the strength
of which depends on the dynamic range of the wb(n)
Chebyshev window. This is consistent with the observa-
tions made earlier in the oracle case (see the discussion in
Section 2.6.1).

Out of the three dynamic range setting for wb(n) consid-
ered here, 25 dB is the closest to the dynamic range of the
Hamming window used for wa(n). For this reason the spec-
trogram of the Mismatched-N stimulus, constructed using
the 25 dB setting and shown in Fig. 10(d), shows only a
very slight noise reduction and is otherwise very similar
to the spectrogram of noisy speech given in the spectro-
gram of Fig. 10(b). This is to be expected and can be
explained as follows. Speech processed through the AMS
procedure with matched analysis windows, strict AMS set-
tings and without spectral modification will appear
unchanged at its output.13 If the analysis windows are
not matched but are similar, then the input speech signal
will undergo little change in the AMS procedure. This is
observed when comparing spectrograms of noisy speech
(Fig. 10(b)) with the spectrograms of Mismatched-O stim-
uli constructed with wb(n) set to Chebyshev 25 dB
(Fig. 10(d)). Dynamic range settings for wb(n) even closer
to the dynamic range settings for wa(n) would result in an
even smaller change in the reconstructed stimuli. On the
other hand, as can be seen in spectrograms of Fig. 10(e
and f), lower dynamic range settings for wb(n) result in
much stronger noise suppression along with some loss of
signal components. By comparing the three spectrograms
of Mismatched-N stimuli (Fig. 10(d–f)) with the spectro-
gram of noisy speech of Fig. 10(b), it can be seen that a
compromise between preservation of speech content and
noise reduction is achieved for wb(n) set to Chebyshev
10 dB (Fig. 10(e)). This dynamic range setting for wb(n)
produced highest mean PESQ scores in the objective exper-
iment (see Section 3.2).
3.5. Conclusions

In this section, we have presented non-oracle experi-
ments, the goal of which was to determine the usefulness
of the mismatched window approach when only the noisy
speech is available for processing (i.e., for stimuli construc-
tion noisy magnitude and phase spectra was employed).
The results of our experiments show that the use of mis-
matched analysis windows in the modified AMS frame-
work, results in noise reduction at a cost of some loss of
signal components. More specifically, employing the
Chebyshev window with the dynamic range set to 10 dB
as the analysis window in the computation of the phase
spectrum, while using the Hamming window in the compu-
tation of the magnitude spectrum, results in noise reduc-
tion and significant improvement of speech quality.
Comparison of the results of the non-oracle experiments,
with the results of the oracle experiments, suggests that
there exists room for further improvements and that if
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more accurate phase spectrum estimates can be obtained,
then the speech quality can be improved much further.
4. Case 3: phase spectrum compensation experiments

4.1. Introduction

Traditional AMS-based speech enhancement techniques
process only the noisy magnitude spectrum and keep noisy
phase spectrum unchanged (e.g., Lim and Oppenheim,
1979; Berouti et al., 1979; Ephraim and Malah, 1984;
Ephraim et al., 1985; Martin, 1994; Sim et al., 1998; Virag,
1999). Recently, a novel speech enhancement algorithm
called phase spectrum compensation (PSC) has been pro-
posed (Wójcicki et al., 2008; Stark et al., 2008). In the
PSC method the phase spectrum is altered during AMS
processing, while the magnitude spectrum is kept
unchanged. In this section, our aim is to compare the per-
formance of the PSC method with the performance of the
matched and mismatched window techniques presented in
the preceding sections.
Fig. 11. Block diagram of the phase spectrum compensation procedure
(Stark et al., 2008) for speech enhancement.

14 Note that the compensated phase spectrum may not possess the
properties of a true phase spectrum, i.e., one that is computed from a real-
valued signal.
4.2. Phase spectrum compensation procedure

The PSC method is based on the AMS framework
detailed in Section 1.2. The noisy speech signal, used in
the analysis stage of the AMS framework, is a real-valued
signal and, therefore, its STFT is conjugate symmetric, i.e.,
X(n,k) = X*(n,L � k), where L is the number of samples in
the frequency domain. The PSC method controls the
degree to which the conjugates reinforce or cancel by alter-
ing their angular relationship. This is achieved through the
use of time and frequency dependent phase spectrum com-
pensation function, K(n,k). The PSC function is computed
as follows:

Kðn; kÞ ¼ kWðkÞjbDðn; kÞj; ð7Þ

where k is a real-valued empirically determined constant,
W(k) is a time-invariant antisymmetry function given by

WðkÞ ¼
1; if 0 < k=L < 0:5

�1; if 0:5 < k=L < 1

0; otherwise

8><
>: ð8Þ

and jbDðn; kÞj is an estimate of the short-time magnitude
spectrum of the noise. The above formulation, facilitates
for handling of time and/or frequency varying noise
conditions.

Since the spectral noise estimate jbDðn; kÞj is symmetric,
multiplication by the scaled antisymmetry function
(kWðkÞ) produces an antisymmetric Kðn; kÞ function. It is
this antisymmetry that forms the primary basis for noise
cancellation during synthesis. The Kðn; kÞ function is used
to offset the complex spectrum of the noisy speech as
follows:

X Kðn; kÞ ¼ X ðn; kÞ þ Kðn; kÞ: ð9Þ
The compensated phase spectrum is then computed using

\X Kðn; kÞ ¼ ARG½X Kðn; kÞ�; ð10Þ

where ARG is the complex angle function.14 The compen-
sated phase spectrum is recombined with the noisy magni-
tude spectrum to produce a modified (complex) spectrum

Y ðn; kÞ ¼ jX ðn; kÞjej\X Kðn;kÞ: ð11Þ
In the synthesis stage, the inverse STFT is used to con-

vert the frequency-domain frames, Y(n,k), to the time-
domain representation. Due to the additive offset intro-
duced in Eq. (9), the resulting time-domain frames may
be complex. In the PSC method the imaginary component
is discarded. The enhanced time-domain signal, y(n), is
produced using overlap-add synthesis. A block diagram
of the PSC method is shown in Fig. 11.

The PSC-based noise cancellation can be explained by
viewing the frequency-domain representation of the speech
signal as groupings of conjugate vectors. These conjugates
arise naturally from the symmetry of the magnitude spec-
trum and anti-symmetry of the phase spectrum and are a
result of applying the STFT to a real-valued signal. During
the inverse STFT operation the conjugates sum together to
produce a real-valued signal. By modifying the angular
relationship of the conjugates, we can influence the degree
to which they reinforce or cancel and, thus, the degree to
which they contribute towards the reconstructed time-
domain signal.



478 K. Paliwal et al. / Speech Communication 53 (2011) 465–494
Since the PSC function is antisymmetric, applying it to
the short-time Fourier spectrum offsets the conjugate vec-
tors (and thus alters their angles) by pushing them in the
opposite directions – one toward 0 radians and the other
toward p radians. The further they are pushed apart, the
more out of phase they become. The strength of the com-
pensation is dependent on both the magnitude of the signal
vectors and magnitude of noise vectors (since the PSC
function depends on these). Low-magnitude signal compo-
nents badly corrupted by high-magnitude noise compo-
nents will undergo greatest cancellation. This allows for
targeted suppression of noise vectors.

Let us consider two cases of angular modification for a
pair of conjugate vectors depicted in Fig. 12. To make our
discussion simpler, we drop both time and frequency
indexes and only consider a single pair of conjugate vec-
tors. In the first case, Fig. 12(a), the magnitudes of the con-
jugates, i.e., j~X j and j~X �j, are larger than jKj (the magnitude
of the PSC function). This results in limited change of the
original signal. In the second case, Fig. 12(b), the vector
magnitudes are smaller than jKj. Significant angular
change occurs, as the two conjugate vectors, ~X and ~X �,
are pushed toward the real-axis facing 0 and p radians,
respectively. Summation produces a significant cancella-
tion, leaving little or no real-valued component. As can
be seen in Fig. 12, the strength of cancellation for a given
jKj is dependent on the STFT magnitude of the noisy
speech, j~X j ¼ j~X �j, with larger magnitude components
(a)

(b)

Fig. 12. Vector diagrams: modification of STFT conjugate symmetry of a s

Column one: conjugate vectors, X
!

and ~X �, as well as their addition vector, X þ
��

and �jKj. Thus, the angles of vectors ~X and ~X � are altered, while their magnitu

(11)). Column three: the resulting vectors are added to produce the Y K þ Y 0K
����!

v
discarded. For clarity both time and frequency indexes have been omitted in
being less attenuated and smaller magnitude components
being more attenuated. Noise frequency components are
typically assumed to have much smaller magnitudes than
speech signal components. This assumption is basis for
many noise cancellation and noise estimation algorithms
(Loizou, 2007). Using this assumption, the additive PSC
function can be tuned to induce significant angular modifi-
cation that results in cancellation among noise vectors, but
with a limited effect on the speech signal carrying vectors.

4.3. Experiments

This section describes objective and subjective speech
enhancement experiments that compare the PSC method
with the short-time phase spectrum-based techniques inves-
tigated in the previous sections. The treatment types tested
here are summarised in Table 3, and consist of the PSC
treatment as well as the treatments considered in Section
2 oracle experiments and Section 3 non-oracle experiments.

The PSC stimuli were constructed using the modified
AMS procedure shown in Fig. 11. The window duration
of Tw = 32 ms was used throughout. The FFT length was
set to L = 2N, i.e., each N samples long time domain frame
was padded with N zeros prior to frequency analysis. The
tunable parameter k was set to 3.74 as suggested in (Stark
et al., 2008).

In the objective experiment, mean PESQ scores were
computed over the Noizeus corpus for each treatment type
ingle conjugate pair. Top row (a): j~X j > jKj. Bottom row (b): j~X j < jKj.
X �
��!

. Column two: the real parts of the conjugate vectors are offset by jKj
des are kept unchanged to produce vectors Y K

!
and Y 0K

!
, respectively (see Eq.

ector. Column four: the imaginary part of the Y K þ Y 0K
����!

addition vector is
this figure.



Table 3
Treatment types for the PSC experiments (case 3). Oracle-type treatment labels have ‘-O’ appended as suffix, while non-oracle treatment labels are suffixed
with ‘-N’. Note that the ‘-N’ modifier is implied for the PSC method, since PSC uses only the noisy spectra during processing, however, the ‘-N’ suffix is not
explicitly included in the PSC treatment label.

Treatment type Description of processing

Clean Clean speech

Noisy Noisy speech (clean speech degraded by AWGN)

Matched-O Noisy speech processed through the modified AMS procedure shown in Fig. 2,
noisy magnitude spectrum and oracle phase spectrum are employed,
strict AMS settings are used, matched analysis windows (wa(n) = wb(n)) are employed:
Hamming window is used for both wa(n) and wb(n)

Mismatched-N Noisy speech processed through the modified AMS procedure shown in Fig. 7,
noisy magnitude spectrum and noisy phase spectrum are employed,
strict AMS settings are used, mismatched analysis windows (wa(n) – wb(n)) are employed:
Hamming window is used for wa(n) and Chebyshev window is used for wb(n)

Mismatched-O Noisy speech processed through the modified AMS procedure shown in Fig. 2,
noisy magnitude spectrum and oracle phase spectrum are employed,
strict AMS settings are used, mismatched analysis windows (wa(n) – wb(n)) are employed:
Hamming window is used for wa(n) and Chebyshev window used for wb(n)

PSC Noisy speech enhanced using the PSC procedure (Stark et al., 2008) shown in Fig. 11
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at four input SNR levels: 0, 5, 10 and 15 dB (AWGN). For
the subjective experiment AB listening tests were employed
at two input SNR levels: 0 and 10 dB (AWGN). The
remaining experimental details are similar to the ones
employed in the oracle and non-oracle experiments of Sec-
tions 2 and 3, respectively.
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Fig. 13. Results for the objective case 3 experiment in terms of mean
PESQ scores as a function of input SNR (dB) for AWGN. Chebyshev
window with the dynamic range set to 10 dB and 20 dB was used as wb(n)
for the construction of Mismatched-N and Mismatched-O stimuli,
respectively. Note that the clean speech stimuli achieved mean PESQ of
4.50.
4.4. Results and discussion

The results of the objective experiment are shown in
Fig. 13. Out of the stimuli shown, Mismatched-O and noisy
speech stimuli achieved highest and lowest mean PESQ
scores (across the input SNR range), respectively. The
PSC method was the second best, while Matched-O and
Mismatched-N were comparable and were third best. The
results of the subjective experiment, for 0 and 10 dB
SNR, are shown in Fig. 14(a) and (b), respectively. The
results of the subjective experiment are consistent with
the corresponding results of the objective experiment.
The following observations can be made based on the
above experimental results:

� out of the non-oracle methods considered, the PSC
method achieved best improvements – this can be seen
by comparing results for Mismatched-N and PSC
stimuli;
� the results for the best-performing oracle method, (i.e.,

the Mismatched-O method) are better than for any of
the non-oracle methods considered in this study – this
indicates that further speech quality improvements in
the non-oracle scenario may be possible if more accurate
phase spectrum estimates can be obtained.

Fig. 15 shows spectrograms of the sp10 Noizeus sen-
tence for different stimuli types considered in the subjective
experiment. Spectrograms of clean and noisy speech
(AWGN at 10 dB SNR) are shown in Fig. 15(a) and (b),
respectively. Spectrogram of Matched-O stimulus is shown
in Fig. 15(c). Spectrograms of Mismatched-N and Mis-
matched-O stimuli are shown in Fig. 15(d) and (e), respec-
tively. Spectrogram of PSC stimulus is shown in Fig. 15(f).
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Fig. 14. Results for the subjective case 3 experiment in terms of mean
preference scores for AWGN at: (a) 0 dB SNR and (b) 10 dB SNR.
Chebyshev window with the dynamic range set to 10 dB and 20 dB was
used as wb(n) for the construction of Mismatched-N and Mismatched-O
stimuli, respectively.

Fig. 15. Spectrograms of the sp10 Noizeus utterance, “The sky that
morning was clear and bright blue”, by a male speaker. Spectrograms for
the following stimuli types are shown: (a) clean speech (PESQ: 4.50); (b)
noisy speech (AWGN at 10 dB SNR, PESQ: 2.07); (c) Matched-O (PESQ:
2.26); (d) Mismatched-N (wb(n) set to Chebyshev 10 dB, PESQ: 2.27); (e)
Mismatched-O (wb(n) set to Chebyshev 20 dB, PESQ: 3.05); and (f) PSC
(PESQ: 2.51).
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By comparing the spectrogram of noisy speech
(Fig. 15(b)) with the spectrogram of the PSC enhanced
speech (Fig. 15(h)), it can be seen that the PSC method
achieves noise reduction. This noise reduction is compara-
ble to that achieved by the (non-oracle) Mismatched-N
method (Fig. 15(d)). The Mismatched-N method, however,
suffers from somewhat stronger speech signal suppression.
This can be seen by comparing the spectrogram of the Mis-
matched-N stimulus (shown in Fig. 15(d)) with the spectro-
gram of the PSC stimulus (shown in Fig. 15(f)), where
some of the low-energy speech signal spectral components
in Fig. 15(d) are suppressed more so than in Fig. 15(f). The
noise reduction achieved by the PSC method (Fig. 15(f)) is
not as good as the reduction achieved by the (oracle) Mis-
matched-O method (Fig. 15(e)).
4.5. Conclusions

In this section we have compared a number of oracle
and non-oracle AMS-based speech processing approaches
that attempt to derive some benefit in terms of speech qual-
ity from the short-time phase spectrum. These include
matched and mismatched analysis window techniques as
well as the PSC method – which compensates the phase
spectrum for additive noise distortion. In our experiments
noisy (unenhanced) magnitude spectrum was employed.
Out of the non-oracle methods considered in our evalua-
tion, the PSC procedure achieved highest objective and
subjective speech quality improvements. The best oracle
method (Mismatched-O) achieved scores higher than any
other method considered. This indicates that it may be pos-
sible to attain further speech quality improvements due to
phase spectrum for the non-oracle approaches if more
accurate phase spectrum estimates can be obtained.
5. Case 4: MMSE experiments

5.1. Introduction

In the experiments of cases 1, 2 and 3, presented in the pre-
ceding sections, we have investigated a number of approaches



Table 4
Treatment types for the MMSE experiments (case 4). Oracle-type treatment labels have ‘-O’ appended as suffix, while
non-oracle treatment labels are suffixed with ‘-N’. Note that, while not explicitly included, the ‘-N’ modifier is implied for
the MMSE, PSC and MMSE-PSC methods. Treatments that employ MMSE STSA estimator (Ephraim and Malah,
1984) are prefixed with the ‘MMSE-’ label.

Treatment type Description of processing

Clean Clean speech

Noisy Noisy speech (clean speech degraded by AWGN)

MMSE Noisy speech enhanced using the MMSE STSA method (Ephraim and Malah, 1984),
reference implementation by Loizou (2007) is employed (see Fig. 17)

MMSE-Matched-O Noisy speech processed through the modified AMS procedure shown in Fig. 16,
MMSE STSA spectrum (Ephraim and Malah, 1984) and oracle phase spectrum
are used, strict AMS settings are used, matched analysis windows (wa(n) = wb(n)):
Hamming window is used for both wa(n) and wb(n)

MMSE-Mismatched-N Noisy speech processed through the modified AMS procedure shown in Fig. 17,
MMSE STSA spectrum (Ephraim and Malah, 1984) and noisy phase spectrum
are used, strict AMS settings are used, mismatched analysis windows (wa(n) – wb(n)):
Hamming window is used for wa(n) and Chebyshev window is used for wb(n)

MMSE-Mismatched-O Noisy speech processed through the modified AMS procedure shown in Fig. 16,
MMSE STSA spectrum (Ephraim and Malah, 1984) and oracle phase spectrum
are used, strict AMS settings are used, mismatched analysis windows (wa(n) – wb(n)):
Hamming window is used for wa(n) and Chebyshev window used for

PSC Noisy speech enhanced using the PSC procedure (Stark et al., 2008) shown in Fig. 11

MMSE-PSC Noisy speech processed through the modified AMS procedure shown in Fig. 18,
MMSE STSA spectrum (Ephraim and Malah, 1984) and phase spectrum compensated
for additive noise distortion using the PSC method (Stark et al., 2008) are used,
strict AMS settings are used, Hamming window is employed for w(n)
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for computation of the short-time phase spectrum within the
short-time Fourier AMS framework. These approaches
included matched and mismatched analysis window tech-
niques as well as the PSC method (Stark et al., 2008). Both
oracle and non-oracle scenarios were considered, in which
the phase spectrum was computed from either clean or noisy
speech, respectively. Our goal was to determine the potential
of the above approaches for improvement of speech quality
when noisy magnitude spectrum is utilised (i.e., no enhance-
ment was performed on the magnitude spectrum).

In the present section, we investigate the potential of the
above phase spectrum computation techniques for
improvement of speech quality when enhanced magnitude
spectrum is employed. This should tell us how useful the
above approaches are in the context of current state-of-
the-art speech enhancement methods, which traditionally
process the magnitude spectrum, but keep the noisy phase
spectrum unchanged (Loizou, 2007). Thus our objective is
to determine whether it is possible to further improve the
enhancement performance of the magnitude spectrum-
based enhancement by also processing the phase spectrum.
For this purpose, in the experiments reported in this sec-
tion, the minimum mean square error (MMSE) short-time
spectral amplitude (STSA) estimator by Ephraim and
Malah (1984) is used to estimate the magnitude spectrum
of clean speech from noisy observations. The MMSE15 esti-
15 In this work, the MMSE modifier implies MMSE STSA estimate (or
estimator) by Ephraim and Malah (1984), unless otherwise stated.
mate of clean magnitude spectrum is then combined with
complex exponential of the phase spectrum computed
using techniques investigated in Sections 2–4. Recon-
structed stimuli are then employed in a series of objective
and subjective speech enhancement experiments.

The remainder of this study is organised as follows. Sec-
tion 5.2 provides details of the methods used for stimuli con-
struction for speech enhancement experiments of subsequent
sections. Section 5.3 presents a series of objective experi-
ments used firstly to determine suitable settings for the meth-
ods under investigation, and then to objectively compare the
performance of these methods for enhancement of speech
corrupted by AWGN under various SNR conditions. Sec-
tion 5.4 provides details of the subjective experiment along
with a discussion of its results. Spectrogram analyses of the
stimuli considered in this study are presented in Section
5.6. Concluding remarks are given in Section 5.7.
5.2. Methods

This section provides details of procedures used to apply
treatment types outlined in Table 4 for stimuli construction
for objective and subjective experiments presented in Sec-
tions 5.3 and 5.4, respectively. The treatment types prefixed
with the ‘MMSE-’ label employ the MMSE STSA estimator
(Ephraim and Malah, 1984) for estimation of the clean
speech magnitude spectrum from noisy speech. We will refer
to the resulting MMSE STSA spectral estimate as the
MMSE magnitude spectrum or MMSE STSA spectrum.
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Throughout this work, for the computation of the MMSE
magnitude spectrum, we use a reference implementation
by Loizou (2007). We set the frame duration to Tw = 32 ms
and the frame shift to Ts = Tw/4. We keep all other reference
settings given in (Loizou, 2007) unchanged, including the
a = 0.98 parameter used in the decision-directed approach
for a priori SNR estimation. The Hamming window func-
tion is used for the magnitude spectrum estimation through-
out, while for the phase spectrum, either the Hamming or
Chebyshev window function is employed, depending on
the treatment type. The FFT size is set to L = 2N, where
N is frame duration in samples. Block diagrams of the pro-
cedures used for the construction of stimuli types summa-
rised in Table 4 are shown in Figs. 16–18, with the block
diagram of the PSC method (Stark et al., 2008) given in
Fig. 11. In the following subsections, we detail method spe-
cific settings for each of the above procedures.
Fig. 17. Block diagram of a modified AMS procedure used for non-oracle
5.2.1. MMSE STSA spectrum and oracle phase spectrum

with matched or mismatched analysis windows

For construction of MMSE-Matched-O and MMSE-
Mismatched-O stimuli, we employ the modified AMS
procedure shown in Fig. 16. Here, the MMSE magnitude
spectrum is computed from noise corrupted speech signal,
Fig. 16. Block diagram of a modified AMS procedure used for oracle
stimuli construction (namely, for MMSE-Matched-O and MMSE-Mis-
matched-O stimuli) for the MMSE experiments (case 4). Both noisy speech
and clean speech are used during processing. The phase spectrum is
estimated from clean speech, while the MMSE STSA estimator (Ephraim
and Malah, 1984) is used for the magnitude spectrum estimation from
noisy speech. This framework facilitates the use of matched
(wa(n) = wb(n)) or mismatched (wa(n) – wb(n)) analysis windows in the
estimation of the magnitude and phase spectra.

stimuli construction (specifically, for MMSE and MMSE-Mismatched-N
stimuli) for the MMSE experiments (case 4). Here, only the degraded
speech is made available for processing. The MMSE STSA estimator
(Ephraim and Malah, 1984) is used for the magnitude spectrum
estimation. This framework facilitates the use of matched (wa(n) = wb(n))
or mismatched (wa(n) – wb(n)) analysis windows in the estimation of the
magnitude and phase spectra.
while the phase spectrum is computed from the corre-
sponding clean speech signal.

Matched analysis windows, i.e., wa(n) = wb(n), are used
for construction of MMSE-Matched-O stimuli. The Ham-
ming window is employed for this purpose. Note that the
MMSE-Matched-O treatment is essentially the MMSE
STSA method proposed by Ephraim and Malah (1984),
however, here the oracle (clean) phase spectrum is used
instead of the noisy phase spectrum. Our aim is to deter-
mine how much benefit can be attained in terms of speech
quality in the context of traditional magnitude spectrum-
based speech enhancement methods, when accurate esti-
mates of the phase spectrum are available. Mismatched
analysis windows, i.e., wa(n) – wb(n), are employed during
construction of MMSE-Mismatched-O stimuli. The Ham-
ming window is used as wa(n) analysis window for compu-
tation of the magnitude spectrum from noisy speech, while
the Chebyshev window is employed as wb(n) analysis win-
dow for computation of the phase spectrum from clean
speech. Our goal is to determine if the mismatched window
approach can provide us with further speech quality
improvements when enhanced magnitude spectrum is used
along with the oracle phase spectrum. This should tell us,
how useful the mismatched window approach can be (in



Fig. 18. Block diagram of the proposed MMSE-PSC method for speech
enhancement.
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the context of traditional magnitude spectrum-based
enhancement methods) if accurate phase spectrum esti-
mates can be obtained.

5.2.2. MMSE STSA spectrum and non-oracle phase
spectrum with matched or mismatched analysis windows

For construction of MMSE and MMSE-Mismatched-N
stimuli, we employ the modified AMS procedure shown in
Fig. 17. Here, both the MMSE magnitude spectrum
and the phase spectrum are computed from noisy
speech.

MMSE stimuli are constructed using the MMSE STSA
method (Ephraim and Malah, 1984). For this purpose, a
reference implementation by Loizou (2007) is employed.
As stated previously, the reference settings used in (Loizou,
2007) are kept unchanged, with the exception of frame
duration and frame shift (see Section 5.2). Matched analy-
sis windows are used, where the Hamming window is
employed for both wa(n) and wb(n).

Mismatched analysis windows are used during construc-
tion of MMSE-Mismatched-N stimuli. The Hamming win-
dow is used as wa(n) analysis window for computation of
the magnitude spectrum, while the Chebyshev window is
employed as wb(n) analysis window for computation of
the phase spectrum. Our aim is to determine if the mis-
matched window approach can provide us with speech
quality improvements when enhanced magnitude spectrum
is used along with noisy phase spectrum.
5.2.3. Noisy magnitude spectrum and compensated phase

spectrum – the PSC method

For the construction of the PSC stimuli, the PSC proce-
dure (Stark et al., 2008) detailed in Section 4.2 and shown
in Fig. 11 is used.

5.2.4. MMSE STSA spectrum and compensated phase
spectrum – the MMSE-PSC method (proposed)

The modified AMS procedure shown in Fig. 18 is used
for construction of MMSE-PSC stimuli. Here, only the
noisy speech is available for processing. The Hamming
window function is employed for both wa(n) and wb(n)
analysis windows. MMSE STSA estimate (Ephraim and
Malah, 1984) of the clean magnitude spectrum is combined
with the complex exponential of the phase spectrum com-
pensated for additive noise distortion using the PSC
method (Stark et al., 2008).

5.3. Objective experiments

In the objective experiments, the enhancement perfor-
mance of the methods listed in Table 4 was investigated
using the PESQ measure (ITU-T, 2001). The procedures
detailed in Section 5.2 were employed for stimuli construc-
tion. The experiments were performed over the Noizeus
corpus for AWGN at various noise intensities, and com-
prised of three parts – the details of which are presented
in the following subsections.

5.3.1. Part 1 – Effect of dynamic range of wb(n) analysis

window function on objective quality of MMSE-
Mismatched-N and MMSE-Mismatched-O stimuli

In the first part, our goal was to examine the effect of
dynamic range of the Chebyshev analysis window function
on the objective quality of the MMSE-Mismatched-N and
MMSE-Mismatched-O stimuli. The MMSE and MMSE-
Matched-O methods were also included in this comparison.
AWGN case was considered at two SNR levels, 0 and
10 dB. The results of this evaluation are shown in
Fig. 19. It can be seen that the use of the oracle phase spec-
trum improves the objective quality of the MMSE
enhanced speech for both matched and mismatched analy-
sis window approaches (i.e., MMSE-Matched-O and
MMSE-Mismatched-O treatments, respectively). The
improvements were more significant, however, for the mis-
matched window method, where 20–40 dB dynamic range
of the Chebyshev wb(n) analysis window function worked
well, with highest improvements achieved for the 30 dB set-
ting. The above results show that there exists a good poten-
tial for significant improvement of enhancement
performance for traditional magnitude spectrum-based
methods, if accurate phase spectrum estimates can be
obtained and especially when suitable mismatched analysis
windows are employed. Note that while accurate phase
spectrum estimation from noise corrupted speech signal is
by no means an easy task (Wang and Lim, 1982; Ephraim
and Malah, 1984), our hope is that the results presented in
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Fig. 19. Results for the objective MMSE experiment (case 4) in terms of
mean PESQ scores as a function of the dynamic range (dB) of the
Chebyshev analysis window wb(n) for AWGN at: (a) 0 dB SNR and (b)
10 dB SNR. Note that the clean speech stimuli achieved mean PESQ of
4.50.

16 Recall that the k parameter in the PSC method (Stark et al., 2008)
controls the overall strength of synthesis-based cancellation. Thus, larger
values of k will lead to stronger noise suppression. However, for very large
k values the speech signal components will also be attenuated. Refer to
Section 4.2 for further details of the PSC method.
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this study will encourage further research into phase spec-
trum processing for speech enhancement.

The results of Fig. 19 indicate that the mismatched win-
dow approach used in conjunction with the MMSE magni-
tude spectrum (i.e., for MMSE-Mismatched-N stimuli
construction) does not afford an improvement in objective
speech quality. Instead, the enhancement performance of
the MMSE-Mismatched-N method matches the baseline
performance of the MMSE STSA method (Ephraim and
Malah, 1984) when the dynamic ranges of wa(n) and
wb(n) analysis windows are quite similar. This is to be
expected, since in the MMSE STSA method (Ephraim
and Malah, 1984) same analysis window is used during
computation of the magnitude and phase spectra. The
PESQ measure also indicates that the speech quality of
the MMSE-Mismatched-N stimuli reduces at very low
dynamic range settings for the wb(n) analysis window.
Interestingly, for Mismatched-N stimuli (where noisy mag-
nitude spectrum was employed – i.e., no enhancement was
performed on the magnitude spectrum – and where mis-
matched analysis windows were used) some objective
speech quality improvements were observed (see the objec-
tive results of the non-oracle case 2 experiment presented in
Section 3.2). This can be explained as follows. When the
noisy magnitude spectrum is employed, the mismatched
window approach can be used to improve speech quality,
since there exists much room for improvement. On the
other hand, when the MMSE STSA estimate is employed
instead of the noisy magnitude spectrum, there is much less
room for further improvements. Consequently, the mis-
matched window approach is less effective when enhanced
magnitude coefficients are employed along with the noisy
phase spectrum. Recall that the mismatched window
approach significantly improved noisy speech quality for
the oracle MMSE-Mismatched-O stimuli. This seems to
suggest that in order for magnitude spectrum-based
enhancement methods to benefit from mismatched window
approach better estimates of the phase spectrum are
needed. Note, however, that during informal listening tests
we have found that the 25 dB setting for the wb(n) Cheby-
shev analysis window produced minor noise reduction for
MMSE-Mismatched-N stimuli as compared with MMSE
stimuli (see also the spectrogram analyses presented in Sec-
tion 5.6). Consequently, this setting is included in the sub-
sequent objective and subjective experiments of Sections
5.3.3 and 5.4, respectively.
5.3.2. Part 2 – Effect of k parameter on objective quality of

PSC and MMSE-PSC stimuli

In the second part, our aim was to investigate the effect
of k parameter16 on objective quality of PSC and MMSE-
PSC stimuli. For comparison, the MMSE and MMSE-
Matched-O methods were also included. AWGN case
was investigated at 0 and 10 dB SNR. The result of this
evaluation are shown in Fig. 20. In terms of mean PESQ
scores, the MMSE method rated slightly higher at 0 dB
SNR than the PSC method with k set to 3.74. At 10 dB
SNR, the MMSE and PSC methods were comparable for
3.5 6 k 6 7. The performance of the MMSE method was
surpassed by the MMSE-PSC method, with highest objec-
tive improvements achieved for k � 2.6. At this k setting,
however, the residual noise was still noticeable for the
AWGN case. Using informal listening tests, k = 3.74 was
selected for use in experiments of later sections. Note that
the effect of different values of the k parameter on the PSC
and MMSE-PSC stimuli is discussed in much detail as part
of spectrogram analysis presented in Section 5.6.2.

The MMSE-Matched-O method achieved highest
improvements in this second part of the objective evalua-
tion – again highlighting the premise that if accurate phase
spectrum estimates can be obtained, then the performance
of the existing magnitude spectrum-based enhancement
methods can be significantly improved.
5.3.3. Part 3 – Comparative evaluation for AWGN

In the third part, we objectively evaluate all treatment
types listed in Table 4 (and detailed in Section 5.2) over a
range of SNRs for AWGN. Dynamic range settings for
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Fig. 21. Results for the objective MMSE experiment (case 4) in terms of
mean PESQ scores as a function of input SNR. Chebyshev window
function, with the dynamic ranges set to 25 and 30 dB was used as wb(n)
for the construction of Mismatched-N and Mismatched-O stimuli,
respectively. For PSC and MMSE-PSC methods, k was set to 3.74. Note
that the clean speech stimuli achieved mean PESQ of 4.50.
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the wb(n) analysis window (for mismatched window
approaches) as well as the k parameter setting (for PSC-
based methods) arrived at in the previous parts of this
objective evaluation were employed. More specifically,
wb(n) was set to Chebyshev 25 dB for the MMSE-Mis-
matched-N treatment, and to 30 dB for the MMSE-Mis-
matched-O treatment. The k parameter was set to 3.74
for both, the PSC and MMSE-PSC methods.17 The results
of this evaluation are shown in Fig. 21. All methods
significantly improved noisy speech quality. The MMSE-
Mismatched-O method achieved consistently higher
improvements than all other methods considered in this
evaluation. The next-best approach was the MMSE-
Matched-O method, closely followed by the MMSE-PSC
method, which was the best performing non-oracle
approach. The MMSE, MMSE-Mismatched-N and PSC
methods achieved comparable objective scores.

The objective results for the MMSE-Mismatched-O
method, demonstrate that processing of the short-time
phase spectrum in addition to processing of the short-time
magnitude spectrum can significantly improve speech qual-
17 Note that while k = 3.74 was found to work well for MMSE-PSC
method in the case of AWGN, for coloured noises a lower k setting (e.g.,
k = 2.6) was found to work better in general. However, in an effort to keep
settings as consistent as possible throughout this work, k = 3.74 was used
for both AWGN presented here, as well as for coloured noises presented in
Appendix A.
ity – well beyond the improvements attainable by process-
ing the magnitude spectrum alone (provided that accurate
phase spectrum estimates can be obtained). While the mis-
matched analysis window approach does not significantly
improve objective speech quality for the non-oracle stimuli
(i.e., for MMSE-Mismatched-N stimuli), the encouraging
oracle results (i.e., for MMSE-Matched-O and MMSE-
Mismatched-O stimuli) should provide the motivation
needed for further research into better methods for phase
spectrum estimation. Moreover, the MMSE-PSC method
achieved objective scores higher than the MMSE,
MMSE-Mismatched-N and PSC methods, suggesting that
the PSC processing has a good potential for combination
with existing magnitude spectrum-based speech enhance-
ment methods.
5.4. Subjective experiment

The aim of the subjective experiment was to compare
the treatment types listed in Table 4 (and detailed in Sec-
tion 5.2) using human speech perception tests for AWGN
at two SNR levels, 0 and 10 dB. Same settings were used
for stimuli construction as in part 3 of the objective exper-
iment presented in Section 5.3.3. The test format detailed in
Section 2.5 was employed.

The results of the subjective experiment for AWGN at 0
and 10 dB SNR, are shown in Fig. 22(a) and (b),
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Fig. 22. Results for the subjective MMSE experiment (case 4) in terms of
mean preference scores for AWGN at: (a) 0 dB SNR and (b) 10 dB SNR.
Chebyshev window function, with the dynamic ranges set to 25 and 30 dB
was used as wb(n) for the construction of Mismatched-N and Mismatched-
O stimuli, respectively. For PSC and MMSE-PSC methods, k was set to
3.74.

18 For a detailed comparison of spectral characteristics of stimuli
constructed using the methods investigated in this study the reader is
refered to the spectrograms and discussions of Section 5.6.
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respectively. Clean speech stimuli achieved significantly
higher preference than all other stimuli types. All treatments
achieved significantly higher preference than noisy speech.
Listener preference for the MMSE, MMSE-Mismatched-
N and PSC treatments did not differ significantly. Out of
the MMSE-based methods, the preference for the MMSE-
Mismatched-O and MMSE-PSC approaches did not differ
significantly, but was significantly higher than for the
MMSE, MMSE-Matched-O, MMSE-Mismatched-N and
PSC methods. Worth noting is that the subjective results
across the two noise intensities are consistent.

The subjective results for clean, noisy, MMSE, MMSE-
Mismatched-N and PSC stimuli are in agreement with the
objective results presented in Section 5.3.3. On the other
hand, while the objective results indicate that the MMSE-
PSC method is: only slightly better than the baseline
MMSE approach, not quite as good as the MMSE-
Matched-O method and far worse than the MMSE-Mis-
matched-O approach, the subjective measure indicates that
the MMSE-PSC method is significantly better than both
the MMSE baseline and the MMSE-Matched-O method,
while being comparable to the MMSE-Mismatched-O
approach. This is a very significant result as it suggests that
processing phase spectrum alongside magnitude spectrum
can provide a significant benefit for speech enhancement.

The difference between objective and subjective results
can be explained as follows. The MMSE-Matched-O
method benefits from extra information contributed by
the oracle phase spectrum. As a result, MMSE-Matched-
O stimuli contain additional spectral details, such as fine
pitch frequency harmonic structure and formant details.18

These additional spectral details are not present in the
(non-oracle) MMSE-PSC stimuli. However, the MMSE-
PSC method results in a significantly better noise reduction,
than the MMSE-Matched-O method. Note that both
MMSE-PSC and MMSE-Matched-O approaches employ
the MMSE magnitude spectrum, hence, both methods
inherit noise reduction due to the MMSE processing. The
PSC component of the MMSE-PSC method, however,
reduces the noise even further, while the inclusion of the ora-
cle phase spectrum in the MMSE-Matched-O method, does
not reduce the noise beyond the reduction already achieved
due to the MMSE processing (i.e., the noise reduction of the
MMSE-Matched-O and MMSE methods is comparable,
while the noise reduction for the MMSE-PSC method is sig-
nificantly better than for the MMSE method). The PESQ
metric seems to favour the extra spectral details over noise
suppression, while the listeners preferred the reduced noise
of MMSE-PSC stimuli over the contribution of increased
spectral detail of MMSE-Matched-O stimuli.

The results of the subjective experiment support the
observations made based on the objective results of Section
5.3.3. While the mismatched analysis window approach
works very well when oracle phase spectrum is employed,
the quality of the non-oracle stimuli is not significantly
improved over the MMSE baseline. This is indicated by
the subjective performance of the MMSE-Mismatched-O
and MMSE-Mismatched-N methods, respectively. This
again suggests that better phase spectrum estimates have
a potential to produce better results in the non-oracle
scenarios.

The PSC approach has proven an effective counterpart
to the MMSE processing, by significantly reducing the
intensity of the residual noise. This is demonstrated by
the subjective results for the MMSE-PSC method.

5.5. A note regarding optimality of noisy phase spectrum

In their work, Ephraim and Malah (1984) derived an
optimal MMSE estimator of the complex exponential of
the phase under the constraint that its modulus is unity.
They showed that this estimator is equal to the complex
exponential of the noisy phase. They also derived an
unconstrained estimator. Though both the estimators are
optimal, the former one was preferred because of its speech
enhancement performance.

While many speech enhancement methods derive the
enhanced signal spectrum by optimising some mathemati-
cally tractable error criterion (e.g., Ephraim and Malah,
1984; Ephraim et al., 1985; Sim et al., 1998; Loizou,
2007), they need not necessarily be optimal from the point



Fig. 23. Spectrograms of the sp10 Noizeus utterance, “The sky that
morning was clear and bright blue”, by a male speaker. Spectrograms for
the following stimuli types are shown: (a) clean speech (PESQ: 4.50); (b)
noisy speech (AWGN at 10 dB SNR, PESQ: 2.09); (c) MMSE (PESQ:
2.61); (d) MMSE-Matched-O (PESQ: 2.74); (e) MMSE-Mismatched-N
(wb(n) set to Chebyshev 25 dB, PESQ: 2.58); (f) MMSE-Mismatched-O
(wb(n) set to Chebyshev 30 dB, PESQ: 3.12); (g) PSC (PESQ: 2.56); and (h)
MMSE-PSC (PESQ: 2.65).
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of view of human speech perception. The human ear, on the
other hand, can be considered as the ultimate judge of
speech quality. For this reason, in the present work we have
employed listening tests involving human subjects to evalu-
ate the performance of the investigated methods. Using
these tests, we have shown that it is possible to significantly
improve enhancement performance of the MMSE STSA
method by also processing the phase spectrum.

5.6. Spectrogram analyses

Spectrograms of a Noizeus sentence, processed using
different treatment types investigated in the subjective
experiment of Section 5.4, are shown in Fig. 23. Spectro-
grams of clean and noisy speech (AWGN at 10 dB SNR)
are shown in Fig. 23(a) and (b), respectively. Spectrogram
of a MMSE stimulus (i.e., noisy speech enhanced using the
MMSE STSA method by Ephraim and Malah (1984)) is
shown in Fig. 23(c). With respect to noisy speech
(Fig. 23(b)) the MMSE stimulus (Fig. 23(c)) has signifi-
cantly reduced noise. Some residual noise does remain,
however, its nature is non-musical. Spectrogram of a
MMSE-Matched-O stimulus (i.e., noisy speech enhanced
using the MMSE STSA method (Ephraim and Malah,
1984), where the clean (oracle) phase spectrum was
employed) is shown in Fig. 23(d). By comparing the
MMSE stimulus (Fig. 23(c)) with the MMSE-Matched-O
stimulus (Fig. 23(d)), it can be seen that the oracle phase
spectrum contributes additional spectral details, such as
fine harmonic structure and lower energy higher formant
details – some of which were destroyed by noise and thus
are absent in the spectrogram of noisy speech (Fig. 23(b)).

Spectrogram of a MMSE-Mismatched-N stimulus in
Fig. 23(e) shows a minor reduction in noise during speech
presence, as compared to the spectrogram of MMSE stim-
ulus shown in Fig. 23(c). On the other hand, the spectro-
gram of MMSE-Mismatched-O stimulus shown in
Fig. 23(f), has significantly reduced noise along with signif-
icantly augmented spectral features as compared to both,
the spectrogram of noisy speech (Fig. 23(b)) and the spec-
trogram of MMSE stimulus (Fig. 23(c)). The spectrogram
of a PSC stimulus in Fig. 23(g) shows a significant noise
reduction, as compared to the spectrogram of noisy speech
in Fig. 23(b), without an adverse effect on speech signal
components. Finally, the spectrogram of a MMSE-PSC
stimulus given in Fig. 23(h) (and produced by combining
the MMSE STSA method (Ephraim and Malah, 1984)
with the PSC method (Stark et al., 2008)) shows best noise
reduction compared to the other techniques investigated in
this study. Importantly, the improved noise reduction of
the MMSE-PSC method was achieved without a substan-
tial loss of spectral detail, i.e., the formant and pitch fre-
quency harmonic structures of the MMSE-PSC enhanced
speech do not differ significantly with those present in the
MMSE enhanced speech. This can be seen by comparing



Fig. 24. Spectrograms of the sp10 Noizeus utterance, “The sky that
morning was clear and bright blue”, by a male speaker. Spectrograms for
the following stimuli types are shown: (a) clean speech (PESQ: 4.50); (b)
noisy speech (AWGN at 10 dB SNR, PESQ: 2.09); (c) MMSE-Mis-
matched-N (wb(n) set to Chebyshev 5 dB, PESQ: 2.41); (d) MMSE-
Mismatched-N (wb(n) set to Chebyshev 25 dB, PESQ: 2.58); (e) MMSE-
Mismatched-N (wb(n) set to Chebyshev 45 dB, PESQ: 2.61); (f) MMSE-
Mismatched-O (wb(n) set to Chebyshev 10 dB, PESQ: 2.67); (g) MMSE-
Mismatched-O (wb(n) set to Chebyshev 30 dB, PESQ: 3.12); and (h)
MMSE-Mismatched-O (wb(n) set to Chebyshev 50 dB, PESQ: 2.82).
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the spectrogram of Fig. 23(h) with the spectrogram of
Fig. 23(c) and was also confirmed using informal listening
tests. This is an important result, as it demonstrates that
the performance of the magnitude spectrum-based
enhancement methods can be significantly improved by
also processing the phase spectrum.

5.6.1. Effect of dynamic range of wb(n) analysis window

function on MMSE-Mismatched-N and MMSE-

Mismatched-O stimuli

Spectrograms of Fig. 24 demonstrate the effect of
dynamic range of wb(n) analysis window function on
MMSE-Mismatched-N and MMSE-Mismatched-O stim-
uli. Spectrograms of clean and noisy speech (AWGN at
10 dB SNR) are shown in Fig. 24(a) and (b), respectively.
Spectrograms of MMSE-Mismatched-N stimuli for wb(n)
set to Chebyshev 5, 25 and 45 dB are shown in Fig. 24(c–
e), respectively. For the 5 dB setting, the spectrogram of
MMSE-Mismatched-N stimulus (Fig. 24(c)) shows well
suppressed noise, however, the speech signal components
are badly distorted – with much of the fine spectral detail
significantly deteriorated with respect to that observable
in the spectrogram of noisy speech (Fig. 24(b)). For the
25 dB setting, the spectrogram of MMSE-Mismatched-N
stimulus (Fig. 24(d)) shows some noise reduction – slightly
more so during speech presence than absence – with impor-
tant spectral details considerably less affected than for the
5 dB setting. For the 45 dB setting, the spectrogram of
MMSE-Mismatched-N stimulus (Fig. 24(e)) is essentially
no different from the spectrogram of the MMSE stimulus
shown in Fig. 23(c). This is because the analysis windows
are approximately matched (i.e., wa(n) � wb(n)) and, hence,
the MMSE-Mismatched-N stimulus is essentially noisy
speech enhanced using the MMSE STSA method (Ephraim
and Malah, 1984).

Spectrograms of MMSE-Mismatched-O stimuli for
wb(n) set to Chebyshev 10, 30 and 50 dB are shown in
Fig. 24(f–h), respectively. For the 10 dB setting, the spec-
trogram of MMSE-Mismatched-O stimulus (Fig. 24(f))
shows well suppressed noise. While some residual noise
and signal distortion are still present, these are notably
lower than those observed for MMSE-Mismatched-N stim-
ulus of Fig. 24(c). For the 30 dB setting, the spectrogram of
MMSE-Mismatched-O stimulus (Fig. 24(g)) shows much
reduced noise throughout the spectrum, with particularly
good suppression observable during speech presence. For-
mant and pitch frequency harmonic details not present in
the noisy speech (Fig. 24(b)) are also visible due to the
use of the oracle phase spectrum during MMSE-Mis-
matched-O stimulus construction. For the 50 dB setting,
the spectrogram of MMSE-Mismatched-O stimulus
(Fig. 24(h)) shows a noise reduction comparable to that
of MMSE stimulus shown in Fig. 23(c). This is because
the analysis windows are now approximately matched
(i.e., wa(n) � wb(n)) and, hence, the MMSE-Mismatched-
O stimulus essentially is the noisy speech enhanced using
the MMSE STSA method (Ephraim and Malah, 1984)
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with, however, the clean phase spectrum employed during
AMS processing instead of the noisy one.

From Fig. 24(g–h) it can be seen that the oracle knowl-
edge of the short-time phase spectrum for mismatched win-
dow approach can significantly contribute towards
important spectral details, with respect to those visible in
noisy speech of Fig. 24(b). On the other hand, the spectro-
grams of Fig. 24(c and d) show that the benefits of mis-
matched window processing, when only noisy spectra is
available (i.e., for non-oracle phase spectrum) are modest
at best – suggesting the need for better phase spectrum esti-
mation algorithms.
Fig. 25. Spectrograms of the sp10 Noizeus utterance, “The sky that
morning was clear and bright blue”, by a male speaker. Spectrograms for
the following stimuli types are shown: (a) clean speech (PESQ: 4.50); (b)
noisy speech (AWGN at 10 dB SNR, PESQ: 2.09); (c) PSC (k = 1.00,
PESQ: 2.20); (d) PSC (k = 3.74, PESQ: 2.56); (e) PSC (k = 7.00, PESQ:
2.49); (f) MMSE-PSC (k = 1.00, PESQ: 2.67); (g) MMSE-PSC (k = 3.74,
5.6.2. Effect of k parameter on PSC and MMSE-PSC

stimuli

In the PSC method (Stark et al., 2008) reviewed in Sec-
tion 4.2, k is a tunable parameter that governs the overall
strength of phase spectrum compensation. Thus, larger k
values lead to stronger noise suppression. Note that in
(Stark et al., 2008) k = 3.74 was suggested. Spectrograms
of Fig. 25 demonstrate the effect of k parameter on both,
PSC and MMSE-PSC stimuli. Spectrograms of clean
speech and noisy speech (for AWGN at 10 dB SNR) are
shown in Fig. 25(a) and (b), respectively.

Spectrograms of PSC stimuli for k set to 1, 3.74 and 7,
are shown in Fig. 25(c–e), respectively. For the k = 1 set-
ting, the spectrogram of PSC stimulus (Fig. 25(c)) shows
almost no noise reduction and is very similar to the spec-
trogram of noisy speech (Fig. 25(b)). This is because, very
little compensation takes pace for the k = 1 setting. For the
k = 3.74 setting, the intensity of the noise is considerably
reduced without an adverse effect on speech signal compo-
nents, but with some residual noise still remaining. This can
be seen by comparing spectrogram of PSC stimulus in
Fig. 25(d) with the spectrogram of noisy speech in
Fig. 25(b). Further reduction in noise is possible by
increasing the strength of compensation even more, at an
expense of very minor loss of spectral detail. This is shown
in the spectrogram of PSC stimulus in Fig. 25(e) for k set
to 7.19

The spectrograms of MMSE-PSC stimuli for k set to 1,
3.74 and 7 are shown in Fig. 25(f–h), respectively. For all
three k settings considered here, significant noise reduction
was achieved with respect to noisy speech (Fig. 25(b)). For
the latter two k settings, the noise reduction was also con-
siderable with respect to speech enhanced using the MMSE
STSA method (Ephraim and Malah, 1984) (Fig. 23(c)). For
the k = 1 setting, the spectrogram of MMSE-PSC stimulus
(Fig. 25(f)) shows some noise reduction, however, much of
the noise still remains. For the k = 3.74 setting (Fig. 25(g))
the noise is mostly removed with little loss of spectral
detail. While for k = 7 setting (Fig. 25(h)) the noise is all
PESQ: 2.65); and (h) MMSE-PSC (k = 7.00, PESQ: 2.55).

19 Note that while the k = 7 setting results in significantly better noise
reduction (than the k = 3.74 setting), for consistency with previous work,
k = 3.74 is employed in the enhancement experiments of Sections 4 and 5.
but gone, at an expense of some suppression of signal
components.
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Fig. 26. Coloured noise results for the objective MMSE experiment (case 4) detailed in Section 4.3. The results are in terms of mean PESQ scores as a
function of input SNR (dB) for airport, babble, car and exhibition noises over the Noizeus corpus.
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Fig. 27. Spectrograms of the sp10 Noizeus utterance, “The sky that
morning was clear and bright blue”, by a male speaker. Spectrograms for
the following stimuli types are shown: (a) clean speech (PESQ: 4.50); (b)
noisy speech (airport noise at 10 dB SNR, PESQ: 2.55); (c) MMSE
(PESQ: 2.77); (d) MMSE-Matched-O (PESQ: 2.95); (e) MMSE-Mis-
matched-N (PESQ: 2.71); (f) MMSE-Mismatched-O (PESQ: 3.12); (g)
PSC (PESQ: 2.84); and (h) MMSE-PSC (PESQ: 2.65).
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5.7. Conclusions

In this section, we have investigated the usefulness of a
number of approaches to phase spectrum computation
when the magnitude spectrum is estimated using the
MMSE STSA method (Ephraim and Malah, 1984). Tradi-
tional AMS-based speech enhancement techniques process
only the magnitude spectrum, and leave the noisy phase
spectrum unchanged. Our goal here was to determine if
speech quality could be further improved by also process-
ing the noisy phase spectrum. For this purpose objective
and subjective speech enhancement experiments were con-
ducted, in which both oracle and non-oracle phase spec-
trum knowledge was considered. Matched and
mismatched analysis window approaches were included,
along with the PSC method and a MMSE STSA–PSC
combination. The results of our experiments show that it
is possible to further improve quality of enhanced speech
by processing both, the short-time phase and magnitude
spectra. Notably, very significant improvements were
observed for the oracle treatments, and in particular when
mismatched analysis windows were employed. Smaller
improvements were attained for the non-oracle treatments,
with the MMSE fusion with the PSC method working par-
ticularly well. Our results suggest that better phase spec-
trum estimates have a potential for significant
improvement of enhanced speech quality, and that further
research into phase spectrum processing may well be
worthwhile in the context of speech enhancement.

6. Summary

In this study, we have investigated short-time Fourier
AMS-based speech enhancement approaches, that attempt
to derive some benefit – in terms of speech quality – from
the short-time phase spectrum. Throughout our experi-
ments, the frame duration of 32 ms was employed. Both
oracle and non-oracle scenarios were considered. In the
oracle experiments the undistorted phase spectrum was
made available during AMS-based processing of noisy
speech. The objective was to determine the maximum
speech quality improvements attainable due to availability
of undistorted phase spectrum. In the non-oracle experi-
ments only the noisy spectra were available for processing.
The objective was to determine improvements attainable in
a more realistic scenario. The effect of matched and mis-
matched analysis windows on speech quality of processed
stimuli was systematically studied. The PSC method was
also investigated. The following two scenarios were also
considered. First, in which the noisy magnitude spectrum
was used; and second, in which the MMSE STSA estimate
of the clean magnitude spectrum was computed from noisy
speech. Both objective and subjective speech quality mea-
surements were employed in our investigations.

The results of our experiments, where the noisy magni-
tude spectrum was employed, show that significant
improvements of speech quality are possible especially
when clean phase spectrum is known. For the approaches
considered in this study, only modest improvements were



Fig. 28. Spectrograms of the sp10 Noizeus utterance, “The sky that
morning was clear and bright blue”, by a male speaker. Spectrograms for
the following stimuli types are shown: (a) clean speech (PESQ: 4.50); (b)
noisy speech (babble noise at 10 dB SNR, PESQ: 2.56); (c) MMSE (PESQ:
2.87); (d) MMSE-Matched-O (PESQ: 3.14); (e) MMSE-Mismatched-N
(PESQ: 2.89); (f) MMSE-Mismatched-O (PESQ: 3.37); (g) PSC (PESQ:
2.93); and (h) MMSE-PSC (PESQ: 2.85).

Fig. 29. Spectrograms of the sp10 Noizeus utterance, “The sky that
morning was clear and bright blue”, by a male speaker. Spectrograms for
the following stimuli types are shown: (a) clean speech (PESQ: 4.50); (b)
noisy speech (car noise at 10 dB SNR, PESQ: 2.46); (c) MMSE (PESQ:
2.94); (d) MMSE-Matched-O (PESQ: 3.13); (e) MMSE-Mismatched-N
(PESQ: 2.93); (f) MMSE-Mismatched-O (PESQ: 3.30); (g) PSC (PESQ:
2.89); and (h) MMSE-PSC (PESQ: 3.03).
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attained when only the noisy spectrum was available for
processing. This suggests that better phase spectrum esti-
mation algorithms are needed in order to attain full benefit
from the short-time phase spectrum. While this is by no



Fig. 30. Spectrograms of the sp10 Noizeus utterance, “The sky that
morning was clear and bright blue”, by a male speaker. Spectrograms for
the following stimuli types are shown: (a) clean speech (PESQ: 4.50); (b)
noisy speech (exhibition noise at 10 dB SNR, PESQ: 2.19); (c) MMSE
(PESQ: 2.38); (d) MMSE-Matched-O (PESQ: 2.53); (e) MMSE-Mis-
matched-N (PESQ: 2.32); (f) MMSE-Mismatched-O (PESQ: 3.00); (g)
PSC (PESQ: 2.39); and (h) MMSE-PSC (PESQ: 2.31).
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means an easy task, we hope that our results show the
potential for further improvements and that our work will
encourage further research in this direction. The results of
our experiments, where the MMSE STSA estimate of the
clean magnitude spectrum was computed from noisy
speech and where mismatched analysis windows were
employed, show that significant speech quality improve-
ments can be attained when the clean phase spectrum is
known (i.e., when accurate phase spectrum estimates are
available), with only modest improvements achieved for
the non-oracle phase spectrum. This again highlights the
need for research into better phase spectrum estimation
algorithms. Importantly, our results do show that the
potential for further improvements due to phase spectrum
definitely exists. For the non-oracle methods, the combina-
tion of the MMSE STSA method with the PSC method,
was shown to work particularly well and achieved high
subjective preference scores.

Appendix A. Coloured noise results for the MMSE

experiments (case 4)

This appendix, includes some additional results for var-
ious coloured noises, including airport, babble, car and
exhibition, for the case 4 experiments. Mean PESQ scores
are shown in Fig. 26. The MMSE-Mismatched-O stimuli
achieved consistently highest objective scores, while the
noisy stimuli achieved lowest scores. The MMSE-
Matched-O was consistently second best method, with
the remaining methods (MMSE, MMSE-Mismatched-N,
PSC, MMSE-PSC) – in general – achieving relatively com-
parable objective sores. Example spectrograms for the var-
ious noise types are shown in Figs. 27–30.
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