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Abstract
Spectral subtraction has the drawback that it introduces anunpleasant residual noise. This
noise is a result of under-subtraction which occurs due to high variance of noise magnitude
spectrum estimates. In this study we investigate a number ofsmoothing techniques that can
be employed to reduce this variability. We extend the scope of this paper by using the phase
spectrum in a novel manner along with the processed magnitude spectrum. This is based on
recent findings which suggest that estimation of the phase spectrum using low dynamic range
analysis windows (at 20–40ms window durations) is beneficial for speech enhancement. Using
an objective speech quality measure and spectrogram analysis we show that the smoothing of
noise magnitude spectrum estimates is an effective method of suppressing musical noise. We
also show that the use of a low dynamic range analysis window for estimation of the phase
spectrum of noisy speech results in a reduction of background noise. However, we found that
combining the two techniques offers no advantage over spectral subtraction alone.

1. Introduction
Spectral subtraction is a simple and effective speech enhance-
ment technique used for restoration of speech degraded by sta-
tionary additive noise. The subtraction is performed in themagni-
tude spectral domain1 within an analysis-modification-synthesis
(AMS) type of framework. Small window durations (20–40ms)
are employed, so that the speech signal can be considered quasi-
stationary. Unfortunately spectral subtraction has a major draw-
back in that it introduces an unpleasant residual noise, referred
to as musical noise. This residual is attributed to spuriousran-
dom peaks in the magnitude spectrum of enhanced speech. These
peaks are a result of under-subtraction which is caused by the high
variance of noise magnitude spectrum estimates. While magni-
tude spectrum of noisy speech undergoes a subtraction, the phase
spectrum is typically left unmodified due to a long standing be-
lief among speech researchers that the phase spectrum is of little
importance in speech enhancement (Lim and Oppenheim 1979;
Wang and Lim 1982; Vary 1985). However, recent perceptual
studies (Paliwal and Alsteris 2003; Paliwal 2003; Alsteris2005;
Paliwal and Alsteris 2005; Alsteris and Paliwal 2006) have shown
that the phase spectrum over small window durations (20–40ms)
has a significant intelligibility when estimated using a lowdy-
namic range analysis window. Our aim in this study is two-fold.
Firstly, we investigate various smoothing techniques thatcan be
employed to reduce the variance of noise magnitude spectrumes-
timates, as a means for musical noise reduction. Secondly, we
investigate how the dynamic range of the analysis window af-
fects phase spectrum estimation of noisy speech within a modified
AMS procedure. This paper is organised as follows: The spectral
subtraction technique is introduced in Section 2. The experimental
procedure, its parameters, as well as an objective speech quality
measure used in our evaluation are presented in Section 3. Finally,
results and discussion are given in Section 4.

2. Spectral subtraction
In this section, we review the basics of spectral subtraction. Spec-
tral subtraction (Boll 1979; Berouti, Schwartz, and Makhoul
1979; Lim and Oppenheim 1979) is a simple yet effective speech
enhancement tool used for the removal of stationary additive noise
from degraded speech. As the name suggests, the noise removal
is achieved by subtraction in the spectral domain. Two main as-
sumptions are made in the spectral subtraction method: 1) noise

and speech signals are uncorrelated, and 2) the additive noise sig-
nal is stationary. The effectiveness of spectral subtraction relies on
the consistency and accuracy of noise magnitude spectrum esti-
mates. Such estimation is typically performed during non-speech
portions of the noisy speech. If possible, the estimates areav-
eraged over several frames to improve consistency of the final
noise estimate. The estimate of the noise magnitude spectrum is
then blindly subtracted from the magnitude spectrum of the noisy
speech segments.2 The subtraction is performed within a short-
time analysis-modification-synthesis (AMS) framework (Fig. 1)
over small window durations (20–40ms) at which the speech sig-
nal is assumed to be quasi-stationary. High variance of noise
magnitude spectrum estimates results in under-subtraction, which
produces sharp spurious peaks in the magnitude spectrum of en-
hanced speech. This artefact is commonly referred to as musi-
cal noise and is the major drawback of the spectral subtraction
method. Typically the degraded phase spectrum is left unmodi-
fied for synthesis, as it is universally believed that for small win-
dow durations (20–40ms) the STFT phase spectrum carries no
useful information (Lim and Oppenheim 1979; Wang and Lim
1982; Vary 1985). Finally, the enhanced speech signal is synthe-
sised from overlapped segments using an overlap-add procedure
(Allen and Rabiner 1977; Crochiere 1980; Portnoff 1981; Griffin
and Lim 1984). Let us consider the mathematical details as well as
approximations used in spectral subtraction. Spectral subtraction
assumes an additive noise model

y(n) = s(n) + d(n), (1)

wherey(n), s(n) and d(n) denote discrete-time signals: noisy
speech, clean speech, and noise, respectively. Using discrete-time
short-time Fourier transform (STFT) analysis we can equivalently
represent (1) as

Y (n, ω) = S(n, ω) + D(n, ω), (2)

whereY (n, ω), S(n, ω), andD(n, ω) are the STFTs of noisy
speech, clean speech, and noise, respectively.3 Each of these can
be expressed in terms of its STFT magnitude spectrum and STFT
phase spectrum. For instance, the STFT of noisy speech signal
can be written as

Y (n, ω) = |Y (n, ω)|ejφ(n,ω)
, (3)
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( `
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Figure 1: Enhancement procedure: (a) analysis-modification-
synthesis (AMS) framework commonly used in speech process-
ing; (b) spectral modification stage for spectral subtraction with
incorporated smoothing of noise magnitude spectrum estimate.

where|Y (n, ω)| is the STFT magnitude spectrum andφ(n, ω) =
∠Y (n, ω) is the STFT phase spectrum. From the above it follows
that we can approximate the magnitude spectrum of clean speech
|S(n, ω)| using the generalised expression for spectral subtrac-
tion given in (4), whereα, β, andγ are (typically) positive con-
stants, and| bD(n, ω)| is an estimate of noise magnitude spectrum,
|D(n, ω)|. The parameterα selects the subtraction domain. For
unity α, the subtraction is performed in the magnitude spectral
domain. Similarly, forα equal to two, the subtraction occurs
in the power spectral domain. The choice ofα has some cor-
relation with speech intelligibility. Lower values ofα result in
less intelligible speech with the benefit of reduced residual noise.
On the other hand higher values ofα give higher intelligibility
at the expense of increased musical artefact (Goh, Tan, and Tan
1998). Theβ parameter controls the amount of over-subtraction
(Berouti, Schwartz, and Makhoul 1979). Strong over-subtraction
results in strong noise suppression for both additive and resid-
ual noises; however, at the same time there is a reduction in the
speech content. On the other hand, lower values ofβ result in
suppression of additive background noise but introduce very au-
dible musical noise. Theγ parameter is used to prevent spectral
subtraction from producing negative spectral magnitudes.This is
achieved by setting spectral magnitude values falling below the
spectral floor (γ| bD(n, ω)|) to that spectral floor. This reduces the
dynamic range of the enhanced speech and, hence, also lowers
the dynamic range of the spurious spectral peaks. As a resultthe
intensity of musical noise is also reduced. However, raising the
spectral floor too high results in an audible hum. On the other
hand, very low spectral floor values make the speech sound un-
natural due to the absence of ambient noise. Various extensions of
spectral subtraction have been proposed in the literature.To name
just a few Whipple (1994), Goh, Tan, and Tan (1998), Kamath and
Loizou (2002), and Denda, Nishiura, and Kawahara (2003).

3. Evaluation framework
3.1. Experimental setup

Spectral subtraction, as described in Section 2, modifies the mag-
nitude spectrum of degraded speech while retaining the unmodi-
fied phase spectrum. This is due to a long standing belief among

speech researchers that for small window durations (20–40ms) the
STFT magnitude spectrum is important, while the STFT phase
spectrum carries no useful information (Lim and Oppenheim
1979; Wang and Lim 1982; Vary 1985). However, recent percep-
tual experiments (Paliwal and Alsteris 2003; Paliwal 2003;Al-
steris 2005; Paliwal and Alsteris 2005; Alsteris and Paliwal 2006)
have shown that phase spectrum contributes as much to intelligi-
bility as magnitude spectrum, provided that a low dynamic range
analysis window is used in estimation of phase spectrum.
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Degraded speech

Analysis window A Analysis window B

Modified spectrum

Phase spectrum

Fourier transformFourier transform

Magnitude spectrum

Spectral subtraction
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Figure 2: Modified analysis-modification-synthesis procedure
used in our evaluation.

Recently, Shannon and Paliwal (2006) employed these findings
for speech enhancement. They performed oracle type experi-
ments, where both clean and noisy speech were made available
for processing.4 The Hamming window was used in the esti-
mation of the magnitude spectrum of degraded speech within a
modified AMS framework. No magnitude spectrum modification
was performed. For estimation of the phase spectrum of clean
speech, analysis windows with dynamic ranges lower than that of
the dynamic range of the Hamming window were used. Shannon
et al. showed that this enhancement procedure, when appliedto
speech degraded with additive white Gaussian noise (WGN), re-
sults in background noise reduction and an improved speech qual-
ity. Shannon et al. employed the Chebyshev window (Dolph 1946;
Harris 1978; Kabal 2005) in their investigations.5 The Chebyshev
window is characterised by adjustable equi-ripple sidelobe atten-
uation as well as having the narrowest mainlobe for a given side-
lobe attenuation. These properties make the Chebyshev window
very suitable for our evaluation. Our experimental procedure is
very similar to the typical AMS procedure shown in Fig. 1(a).We
incorporate noise magnitude spectrum smoothing within thespec-
tral modification stage of AMS (as per Fig. 1(b)). We also create a
second analysis branch to allow for estimation of the phase spec-
trum using analysis window that is different from the one used for
estimation of the magnitude spectrum. Our modified AMS pro-
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Table 1:The parameters used in our evaluation. The FFT analysis length was set to2N =512, whereN is the frame length in samples.
Noise magnitude spectrum estimates were computed over the initial four frames of each file, by averaging. TheTw parameter is the frame
duration in ms. For the stimuli D1–F5, the dynamic range of Chebyshevwb is examined between 5dB and 65dB in 5dB increments.

Treatment α β∗

[dB] γ∗

[dB] wa wb Tw [ms] Frame Shift Smoothing Method

A1 (Original) – – – Hamming Hamming 32 Tw/8 –
A2 (Degraded) – – – Hamming Hamming 32 Tw/8 –

B1 1 0 −27 Hamming Hamming 32 Tw/8 –
B2 1 6 −27 Hamming Hamming 32 Tw/8 –
B3 1 12 −27 Hamming Hamming 32 Tw/8 –

C1 1 6 −27 Hamming Hamming 32 Tw/8 Cepstral smoothing (5 cepstral coefficients kept)
C2 1 6 −27 Hamming Hamming 32 Tw/8 Moving average filtering (span=5)
C3 1 6 −27 Hamming Hamming 32 Tw/8 Moving average filtering (span=55)
C4 1 6 −27 Hamming Hamming 32 Tw/8 MVDR spectral estimate (all-pole model orderp=12)
C5 1 6 −27 Hamming Hamming 32 Tw/8 LPF by keeping scale of 7-level db5 wavelet decomposition

D1 – – – Hamming Chebyshev (5–65dB) 32 Tw/8 –
D2 – – – Hamming Chebyshev (5–65dB) 32 Tw/8 –

E1 1 0 −27 Hamming Chebyshev (5–65dB) 32 Tw/8 –
E2 1 6 −27 Hamming Chebyshev (5–65dB) 32 Tw/8 –
E3 1 12 −27 Hamming Chebyshev (5–65dB) 32 Tw/8 –

F1 1 6 −27 Hamming Chebyshev (5–65dB) 32 Tw/8 Cepstral smoothing (5 cepstral coefficients kept)
F2 1 6 −27 Hamming Chebyshev (5–65dB) 32 Tw/8 Moving average filtering (span=5)
F3 1 6 −27 Hamming Chebyshev (5–65dB) 32 Tw/8 Moving average filtering (span=55)
F4 1 6 −27 Hamming Chebyshev (5–65dB) 32 Tw/8 MVDR spectral estimate (all-pole model orderp=12)
F5 1 6 −27 Hamming Chebyshev (5–65dB) 32 Tw/8 LPF by keeping scale of 7-level db5 wavelet decomposition

∗Note thatα andγ are given above in [dB] for convenience; however, before substitution in (4) these parameters have to be converted back to linear scale.

cedure is shown in Fig. 2. In our discussions, we will usewa to
refer to the analysis window used for estimation of the discrete-
time STFT magnitude spectrum within the modified AMS pro-
cedure (Fig. 2). Similarly, we will usewb to refer to the analysis
window used for estimation of the discrete-time STFT phase spec-
trum. Detailed settings of our experimental procedure are given in
Table 1.

3.2. Speech corpus and noise type

In our evaluations we use the NOIZEUS (noisy) speech cor-
pus (Hu and Loizou 2006b).6 NOIZEUS is composed of 30
phonetically-balanced sentences belonging to six speakers (three
males and three females). The corpus is sampled at 8kHz and
filtered to simulate receiving frequency characteristics of tele-
phone handsets. The NOIZEUS corpus comes with non-stationary
noises at different SNRs. For our purposes, we use the clean
speech part of the NOIZEUS corpus. We create the degraded
speech by adding artificially generated WGN at different SNRs.

3.3. Smoothing techniques

As part of this study we evaluate speech quality resulting from
spectral subtraction with variance reduced noise magnitude spec-
trum estimates. For this purpose we investigate a number of
smoothing and estimation techniques which are listed below.

1. Cepstral smoothing: Cepstral smoothing is achieved by
low-pass liftering in quefrency domain (Oppenheim and
Schafer 1989). In our study we keep the first 5 cepstral co-
efficients.

2. Moving average (MA): Moving average is a simple and ef-
fective smoothing filter. The input signal is smoothed by av-
eraging each sample over a span of adjacent samples (Smith
1999). In our investigations we employ 5 and 55 point mov-
ing average filters. We apply a given MA filter directly to
the estimated noise magnitude spectrum.

3. Minimum variance distortionless response (MVDR):
MVDR is an auto-regressive (AR) spectral estimation tech-
nique that produces smooth estimates (Wolfel and Mc-
Donough 2005). We employ an AR model orderp=12.

4. Low pass filtering: Our initial aim was to employ wavelet
thresholding of noise magnitude spectrum estimates for vari-
ance reduction. However, over the course of our investi-
gations, it became evident that for the case of WGN, the
thresholding of wavelet details, in addition to the keepingof
approximation (or scale), does not yield any improvements
over using the approximation alone. Consequently, in this
study we keep only the approximation based on a 7 level
wavelet decomposition, using the Daubechies db5 wavelet.
As a result, we are left with a low-pass filtered noise magni-
tude spectrum.

3.4. Objective speech quality evaluation

Speech quality measures can be broadly categorised into subjec-
tive and objective measures. The objective measures can be fur-
ther grouped into time domain, spectral domain, and perceptual
domain measures (Fig. 3). The aim of the objective speech

Time
Domain

Spectral
Domain

Perceptual
Domain

Speech Quality Measures

ObjectiveSubjective

Figure 3:Broad categories of speech quality measure types. For
detailed discussion refer to Quackenbush, Barnwell, and Clements
(1988), Yang (1999), and Hu and Loizou (2006a).

quality measures is to achieve high correlation with subjective
speech quality measures such as Mean Opinion Scores (MOS), or
Degradation Mean Opinion Scores (DMOS). The subjective mea-
sures are based on human responses from listening experiments.
For our evaluation we selected a perceptually motivated objec-
tive speech quality measure, namely the Perceptual Evaluation of
Speech Quality (PESQ). The PESQ (Rix, Beerends, Hollier, and
Hekstra 2001b; Rix, Beerends, Hollier, and Hekstra 2001a) al-
gorithm is a fusion of two other perceptually motivated objective
speech quality measures: PAMS and PSQM99. PESQ is based
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on a model designed to have a high prediction accuracy across
many types of codecs and network conditions. PESQ produces
robust estimates of speech quality in the presence of a wide range
of noise types, including background noises such as those used in
our evaluation. PESQ prediction maps MOS7 to a range between
-0.5 and 4.5, where 1.0 corresponds tobadand 4.5 corresponds to
distortionless. In our evaluation we compute mean PESQ scores
over the entire NOIZEUS corpus.

3.5. Spectrogram analysis

As part of evaluation of our results we employ spectrogram anal-
ysis. The spectrogram of clean speech is given in Fig. 4 as a
reference.
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Figure 4:Spectrogram of NOIZEUS utterance (sp10.wav): “The
sky that morning was clear and bright blue”. The utterance be-
longs to a male speaker.

4. Results and discussion
The mean PESQ scores at different SNRs are shown in Table 2.
We separate the analysis and discussion of results into the follow-
ing three sections.

4.1. Spectral subtraction

In this section, we look at the results for classical spectral subtrac-
tion, as well as its extension via the smoothing of noise magnitude
spectral estimates (Fig. 1(b)). We make the following observa-
tions.

Table 2: Mean PESQ scores. For stimuli A1–C5wb Hamming
window was used. For stimuli D1–F5, a subset of results is shown
for Chebyshevwb that gives highest mean PESQ score (as per
Fig. 5(a)). Hence, for SNRs 0dB, 10dB, and 20dB, Chebyshev
wb windows with dynamic ranges of 10dB, 10dB, and 20dB are
used, respectively.

SNR [dB] SNR [dB]

Treatment 0 10 20 Treatment 0 10 20

A1 (Original) 4.50 4.50 4.50 D1 3.54 3.54 3.90
A2 (Degraded) 1.57 2.14 2.80 D2 1.78 2.42 2.98

B1 1.87 2.56 3.26 E1 1.93 2.55 3.16
B2 2.00 2.71 3.40 E2 1.95 2.57 3.22
B3 1.76 2.46 3.22 E3 1.79 2.46 3.14

C1 2.07 2.80 3.52 F1 1.96 2.62 3.31
C2 2.04 2.75 3.45 F2 1.97 2.62 3.28
C3 2.05 2.76 3.47 F3 1.98 2.67 3.33
C4 2.08 2.79 3.50 F4 2.00 2.69 3.35
C5 2.06 2.76 3.47 F5 2.00 2.69 3.33

• The classical spectral subtraction produces an annoying
spectral artefact (stimuli B1). Spectral over-subtraction (by
6dB) reduces the intensity of the musical noise (stimuli B2),
however, the artefact is still very prominent. Strong over-
subtraction (by 12dB) eliminates the musical noise (stimuli
B3), but much of the speech content is also removed. The

resulting speech loses its original quality and is less intelli-
gible. This is reflected in the mean PESQ scores shown in
Table 2.

• Smoothing of the noise magnitude spectrum combined with
6dB over-subtraction results in an improvement in speech
quality and reduction of musical noise. This can be seen in
the spectrograms of C5 stimuli shown in Fig. 6(c,g,k). The
mean PESQ scores suggest that all of the smoothing tech-
niques achieve comparable improvements in speech quality.
However, informal subjective listening tests, as well as spec-
trogram analysis, revealed that cepstral smoothing (stimuli
C1) is not as effective at suppression of musical noise as
the other smoothing techniques used in this evaluation. The
PESQ measure fails to take into account some of the arte-
facts produced by speech enhancement. This is because the
PESQ measure was not specifically designed for speech en-
hancement framework. More research is needed into objec-
tive speech quality measures for speech enhancement. This
need has been emphasised in the recent study by Hu and
Loizou (2006a).

4.2. Low dynamic rangewb phase spectrum estimation

In this section, we look at the results forwa set to the Hamming
window, while the dynamic range ofwb is varied. No magnitude
spectral modification is performed, i.e. no spectral subtraction.
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Figure 5: Some further results on the effect of a dynamic range
of an analysis window on STFT phase spectrum estimates: (a)
dynamic range [dB] ofwb Chebyshev analysis window that pro-
duces highest mean PESQ score as a function of SNR [dB]; (b)
mean PESQ scores for stimuli types D2, E1, E3, and F5 as a func-
tion of a dynamic range [dB] ofwb Chebyshev analysis window
(SNR=10dB is shown). The Hamming window as used forwa

throughout.

The following observations were made.

• Perfect reconstruction of clean speech within the modified
AMS framework is achieved whenwa equalswb. This is
shown by maximum PESQ scores for A1 stimuli.8

• Analysis-modification-synthesis of clean speech withwa

different towb results in speech distortion (stimuli D1).

• Analysis-modification-synthesis of speech degraded with
additive WGN, withwa set to the Hamming window and
wb set to low dynamic range Chebyshev window, results in
background noise reduction (stimuli D2). In addition to im-
provements in PESQ scores (between A2 and D2 stimuli),
the noise reduction can also be seen by comparing spectro-
grams of noisy speech (Fig. 6(a,e,i)) with corresponding
spectrograms of enhanced speech (Fig. 6(b,f,j)). Interest-
ingly, the strongest noise reduction occurs in high energy
regions, i.e. during voiced speech.
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• It was observed that the dynamic range ofwb which re-
sults in highest mean PESQ score, is SNR dependant (Fig.
5(a)). Low dynamic rangewb windows were found to be
best suited for phase estimation in low SNR noisy speech.
For example, mean PESQ scores at 10dB SNR for different
Chebyshev windows are shown in Fig. 5(b). The solid line
(stimuli D2) peaks for Chebyshevwb with dynamic range
between 10 and 15dB.

• Shannon and Paliwal (2006) used noisy speech for estima-
tion of magnitude spectrum and clean speech for estimation
of phase spectrum. They found that the Chebyshevwb with
dynamic range set to 30dB consistently produced highest
mean PESQ scores when combined with magnitude spec-
tra of noisy speech (0–15dB SNR). In our experiments, we
assume that only degraded speech is available for process-
ing. Consequently, we find that our results fall short of the
best-case-scenario mean PESQ scores achieved by Shannon
et al. Interestingly, however, our highest mean PESQ scores
for wb Chebyshev 10dB at 0dB SNR, and forwb Cheby-
shev 10dB at 10dB SNR match closely with mean PESQ
scores obtained by Shannon et al. using the same windows
and SNRs in their oracle type experiments.

4.3. Spectral subtraction combined with low dynamic range
wb phase spectrum estimation

In this section, we look at the results from combining spectral
subtraction (incorporating smoothed noise magnitude spectral es-
timates) with estimation of noisy phase spectra using low dynamic
range analysis window.

• By comparing spectrograms for C5 stimuli (Fig. 6(c,g,k))
with spectrograms for F5 stimuli (Fig. 6(d,h,l)) it can be
seen that both methods are effective in removal of back-
ground noise. However, the speech content of F5 stimuli
is suppressed more than that of C5 stimuli. This drawback is
reflected in slightly lower mean PESQ scores of F5 stimuli.

• There is some musical residual left, for stimuli C5 and F5,
at very low SNRs (0dB). The residual is less notable for F5
stimuli than it is for C5 stimuli.

5. Conclusions
Based on an objective speech quality measure and spectrogram
analysis, this paper shows that the smoothing of magnitude noise
spectrum estimates is an effective method of musical noise sup-
pression. This paper also shows that using a low dynamic range
analysis window for the estimation of phase spectrum of noisy
speech results in background noise reduction. However, combin-
ing spectral subtraction with phase estimated using a low dynamic
range analysis window offers no advantage over spectral subtrac-
tion alone.

Notes
1 When this paper refers to phase or magnitude spectrum, the use of short-time

Fourier transform (STFT) over small window durations (20–40ms) is implied, unless
otherwise stated. Also, we use the term “small” to refer to the length of window
duration, and the term “short-time” to indicate analysis over a finite duration.

2 The subtraction can instead be performed in power spectral domain (or higher
α could be used, see (4)). The subtraction in power spectral domain may be advan-
tageous in a presence of strong noise.

3 We employ discrete-time STFT in our discussions. The “discrete-time” modifier
is implied where not specifically stated.

4Typically, this kind of experiment is useful for finding somekind of upper limit
of performance.

5 The Chebyshev window is also know in the literature as the Dolph-Chebyshev
window.

6NOIZEUS is publicly available at
http://www.utdallas.edu/∽loizou/speech/noizeus/

7MOS has a range of ratings from 1 to 5 corresponding to the following subjective
speech quality levels:bad, poor, fair, good, andexcellent, respectively.

8While for A1 stimuli, bothwa andwb were set to the Hamming window, the
perfect reconstruction can be achieved with an arbitrary pair of identical, nonzero
analysis windows. For example,wa andwb set to the Chebyshev 10dB window
also achieves perfect reconstruction.
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