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Abstract
Gaussian mixture-model based minimummean-square error es-
timators have been applied to speech enhancement in the tem-
poral, transform (e.g., discrete cosine transform), and subspace
domains. In this paper, we propose a method for applying a
GMM-based MMSE estimator to spectral magnitude-bin tra-
jectories. In addition, methods for incorporating speech pres-
ence uncertainty into the proposed system to improve perfor-
mance are discussed. The proposed system outperforms previ-
ously published GMM-based estimators, and the well-known
Ephraim and Malah estimator for 8 kHz telephone-quality
speech.
Index Terms: Speech enhancement, minimummean-square er-
ror (MMSE) estimator, Gaussian mixture-model (GMM)

1. Introduction
Speech enhancement aims to improve the quality of noisy
speech. This is generally accomplished by suppression or al-
tering the characteristics of the noise in such a way that it is less
unpleasant to the listener, while minimising the speech distor-
tion introduced in the enhancement process. This paper con-
siders single-channel speech enhancement, in which a single
microphone is used to capture sound. Single-channel enhance-
ment is particularly relevant to mobile speech communication,
where a single microphone is often employed due to cost and
size requirements.

Many popular single-channel speech enhancement meth-
ods employ the analysis-modification-synthesis (AMS) frame-
work [1, 2, 3, 4, 5, 6]. The AMS framework consists of three
stages: 1) the analysis stage, where short-time Fourier trans-
form (STFT) analysis is applied to the input signal; 2) the mod-
ification stage, where the noisy spectrum is modified; and 3) the
synthesis stage, where the output signal is reconstructed using
the inverse STFT and overlap-add synthesis.

The proposed Gaussian mixture-model (GMM) based en-
hancement method is a statistical estimator, and all discus-
sions in this paper assume this class of enhancement algorithm.
During the modification stage, statistical speech enhancement
methods assume a specific probability distribution for the signal
and the disturbance when estimating the clean spectrum. Statis-
tical models applied to speech enhancement include Rayleigh,
Gaussian and Laplace distributions. However, any distribution
capable of adequately modelling the speech signal can be used.

In automatic speech and speaker recognition, GMM are of-
ten used to model the features extracted from the speech signal.
Their application in the speech enhancement field has, however,
been limited. In this paper GMM will be used to model speech,
for application to speech enhancement.

Given a sufficient number of mixtures, GMM are capable

of approximating any continuous probability distribution. As
a result, no initial assumptions need to be made about the dis-
tribution of the speech except that it is continuous. The disad-
vantage is that GMM require more computation than simpler
models such as Rayleigh and Gaussian distributions.

One issue with statistical methods of speech enhancement
is that the disturbance, either by pure chance or as a result of
being speech-like, can generate high likelihood outputs from
the speech model. In this case the disturbance will not be sup-
pressed, resulting in degradation of the enhanced speech. In
addition, the base estimators don’t differentiate between peri-
ods of speech and silence, and attempt to enhance regions of
the signal where speech is absent. In order to address these
shortcomings, a speech-presence uncertainty (SPU) estimator
is commonly incorporated.

An SPU algorithm provides an indicator of the presence of
speech. Depending on the algorithm employed, the output can
take the form of a continuous probability, or a dichotomy in
which speech is either present or not. Generally, the outputs
from the SPU algorithm and statistical estimator are multiplied
to provide an improved estimate of the clean signal. The overall
effect is to suppress the enhanced signal where there is a low
probability of speech, and retain the enhanced signal in regions
where the probability of speech is high.

This paper will focus on two main topics. First, speech en-
hancement by application of GMM-based MMSE estimators to
spectral magnitude bin trajectories (SMBT) will be examined.
And second, methods for improving the quality of the enhanced
signal using speech-presence uncertainty will be discussed. The
proposed methods will be applied to utterances from the TIMIT
corpus [7] that have been corrupted with additive noise, and
the enhanced speech will be evaluated using both objective and
subjective measures. Section 2 provides a general overview of
speech enhancement using GMM. Sections 3 and 4 discuss ap-
plying GMM-based enhancement to SMBT, and the inclusion
of SPU, respectively. Sections 5 and 6 describe the experiments
and results obtained.

2. GMM-Based Speech Enhancement
The GMMMMSE estimator described by Kundu et al. [8, 9, 10]
is given by:

Ŝ =
M∑

m=1

ωm

[
μm +Σm(Σm +ΣD)−1(X− μD − μm)

]

(1)
where μm and Σm are the mean and covariance for mixturem
respectively, μD and ΣD are the mean and covariance of the
disturbance, and ωm is given by:
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ωm(X) =
αm N (X;μm + μD,Σm +ΣD)

∑M

k=1 αk N (X;μk + μD,Σk +ΣD)
(2)

whereN represents a multivariate Gaussian probability density
function and α is a vector of mixture weights.

The estimator given in Equation (1) is a special case of
Gaussian mixture regression (GMR), in which the source and
distortion are independent.1 Equation (1) differs slightly from
that in [8], in which a linear transform applied to the noisy sig-
nal is included. In practice, however, it is more efficient to cal-
culate the complex spectral representation using a fast Fourier
transform prior to applying the estimator—rather than applying
the estimator to the noisy signal with a linear transform. In ad-
dition, speech enhancement is generally performed in the spec-
tral magnitude domain, which is not a direct linear transform of
the signal. In later papers, Kundu et al. describe the estimator
without the linear transform included [9, 10].

GMM are limited in dimensionality by the computational
complexity of the training process, and the tendency to produce
mixtures with zero variance due to the appearance of outliers
when separability is improved. This imposes limitations on the
length of the frame that can be processed in the time domain. As
a consequence, Kundu et al. limited frames to between 10 and
60 samples long (1.25–7.5 ms at 8 kHz) when processing in the
time-domain [9], which is far shorter than the 10–40 ms gen-
erally applied in speech enhancement [12, 13, 14]. In addition,
GMM-based speech enhancement in the time domain results in
relatively unintelligible speech with high levels of background
static.

In order to address these deficiencies, Kundu et al. pro-
posed applying GMM-based enhancement in the discrete cosine
transform (DCT) domain [9]. The DCT was chosen over the
STFT as the resulting coefficients are generally assumed to be
non-correlated for speech signals. Consequently, longer frame
sizes can be processed, with the resultant DCT split into sub-
vectors and each sub-vector enhanced individually using a sep-
arate GMM model. In [9], Kundu et al. chose frames of 32 ms
(256 samples) duration, then split the DCT into 8 sub-vectors of
32 coefficients each. Thus eight GMM are required and feature
vectors are of 32-dimensions. This approach greatly improves
the intelligibility of the enhanced speech in comparison to the
time-domain method, and the residual noise is smoother and
less harsh in nature.

3. GMM-Based Speech Enhancement
Applied to Spectral Bin Time Trajectories
Figure 1 outlines the proposed GMM-based enhancement ap-
plied to spectral magnitude bin trajectories. Due to overlap
of SMBT frames, two nested applications of the AMS frame-
work were required. First, STFT analysis was performed on
the waveform data; i.e., the time-domain speech signal was
processed framewise using a STFT with a Hamming window.
The resulting complex spectra were divided into magnitude and
phase spectra, with the magnitude spectrum undergoing further
processing while the phase spectrum was left unchanged for
synthesis.

The time-trajectory of each frequency bin of the short-time
acoustic magnitude spectrum (i.e., spectral magnitude bin tra-
jectory) was then divided into frames and used as input into the

1An introduction to GMR can be found in [11].
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Figure 1: Process diagram for GMM-based speech enhance-
ment applied to spectral magnitude bin trajectories. The (f, k)
indices refer to frame number and frequency bin respectively.

GMM estimator. Since no further frequency analysis was per-
formed on the SMBT frames, a rectangular window was suffi-
cient during this second analysis stage.

The SMBT frames then underwent modification using the
estimator given in Equation (1), as well as separate GMM
speech models for each SMBT. This was followed by overlap-
add synthesis to reconstruct each SMBT. From these a modified
magnitude spectrum was constructed, which was then combined
with the noisy phase spectrum to provide the estimated complex
spectrum. The inverse STFT was then taken, and overlap-add
synthesis applied to produce the estimated clean speech signal.

4. Incorporating Speech-Presence
Uncertainty

Speech enhanced using the proposed system described thus far
suffers from residual musical noise distortion for a number of
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reasons. First, variances in the speech model are relatively large
due to unavoidable variance in the spectral estimate. As a result,
numerous mixtures will still generally output high likelihoods
for background noise or silence regions.

Second, several models will necessarily model unvoiced
speech. Since white noise has statistical properties more simi-
lar to unvoiced speech than silence, it is less likely to be sup-
pressed. This can be somewhat mitigated by using SMBT
frames that are longer than unvoiced speech segments. How-
ever, further mixtures are then required in the model to account
for the increased combinations of acoustic events possible in
longer frames.

To remove residual noise, further suppression of the sig-
nal during regions of silence is required. Speech-presence un-
certainty provides a simple solution to this artefact. Speech-
presence uncertainty is a metric that estimates the probability
that speech is present in a given feature vector. The proposed
speech enhancement algorithm attempts to enhance any sup-
plied feature vector, whether speech is present or not. SPU can
be used to scale, and subsequently deemphasise, regions of the
signal where speech is unlikely to be present, and thus augments
the speech enhancement process.

Since GMM-based speech enhancement necessarily em-
ploys statistical models of speech and noise, these can be used
to estimate the probability of speech presence. The method em-
ployed in the present work is that described by Loizou [14, p.
271]:

p(Hs|x) =
Ps p(x|Hs)

Ps p(x|Hs) + Pn p(x|Hn)
(3)

where p(Hs|x) is the probability of speech given the input fea-
ture vector x, Ps and Pn are the a-priori probabilities of speech
and silence (only noise present) respectively, and Hs and Hn

are the statistical models for speech and noise. The a-posteriori
probability of speech output by the SPU is applied as a gain,
during modification, to the estimated clean frame. Thus, frames
that are likely to be noise are suppressed, while those highly
likely to represent speech are left relatively untouched.

Originally, the likelihood outputs from the disturbance and
speech models applied in enhancement were used in Equa-
tion (3). In order to achieve significant reductions in back-
ground noise, however, the a-priori probability of noise in
Equation (3) had to be set unrealistically high (in some cases
higher than 0.99). This is due to the speech model necessarily
modelling silence, and the different distributions used to model
the disturbance and speech. Acoustic events such as closures
and other regions of silence need to be accurately estimated by
the enhancement method, and thus need to be represented in the
model. The use of GMM as the speech model results in fea-
ture vectors generally only scoring on a small number of mix-
tures. This means the likelihoods output by the speech model
are lower than those output by the single Gaussian of the distur-
bance model. As a result, separate models to those used for en-
hancement were employed. In addition, using separate models
for the SPU provides additional information in the enhancement
process.

4.1. Rayleigh Distribution based SPU

If the real and imaginary components of the complex spec-
trum of a signal are assumed to be independently Gaussian
distributed, then the magnitude spectrum is described by a
Rayleigh distribution. Given normalised signals, the Rayleigh
parameters for each spectral bin of speech can be determined

during the training phase. During testing, the magnitude spec-
trum extracted from the first 500 ms of the noisy signal is used
to determine the Rayleigh parameters for the noise in each spec-
tral bin.

4.2. SPU based on SNR

Unlike the Rayleigh distribution, the SNR doesn’t directly pro-
vide a likelihood estimate. The ratio can be used, however, to
provide a measure of the proportion of signal energy attributable
to speech. This proportion can be used in place of p(Hs|x) in
Equation (3) to apply gain to the estimated clean signal during
modification.

5. Experiments
5.1. Speech Corpus

This study employed the TIMIT database, consisting of spoken
sentences sampled at 16 kHz with 10 utterances each from 630
speakers [15]. Utterances were low-pass filtered to 3.4 kHz,
to mimic telephone bandwidth, using a 7-th order Butterworth
filter, and resampled to 8 kHz. The energy of the initial few
samples of each utterance was calculated, and 500 ms of silence
consisting of AWGN at the same energy prefixed. Very low-
level AWGN was used in the silence region to avoid issues that
may arise with some common implementations when a frame
consists entirely of zeros.

Models were trained using the test subset of 168 speakers.
The si* and sx* utterances for each speaker were used for train-
ing (8 utterances per speaker), for a combined total of approxi-
mately 66 minutes of training speech. For testing purposes, the
utterances were degraded by AWGN (additive white Gaussian
noise) at several SNR. Randomly chosen utterances from the
train subset of TIMIT (462 speakers) were used for subjective
and objective testing.

5.2. Processing Parameters

During tuning of the parameters, it was noted that the perfor-
mance of the enhancement system was relatively invariant to
acoustic frame length and overlap. As a result, 16 ms frames
with 8 ms overlap were chosen for analysis to be consistent with
the settings chosen by Kundu et al. [8], and to reduce compu-
tation required.2 Each spectral magnitude bin trajectory signal
was split, using a rectangular window, into 8 sample frames
with 1 sample shift. Each SMBT frame thus corresponded to
72 ms of the original signal.

5.3. Performance Metrics

A mixture of objective and informal subjective tests were used
to tune the performance of the system. The effectiveness of the
proposed system was assessed using formal subjective tests.

5.3.1. Formal subjective listening test procedure

Formal subjective testing took the form of AB listening tests
comprising all possible stimuli pairs, including the reverse
cases. The subjective experiment was conducted in a quiet
room, with stimuli pairs played back in random order over
closed circumaural headphones at a comfortable listening level.

Participants were first familiarised with the task by a short
practice session consisting of five randomly chosen stimuli pair.
Subjects were presented with three labelled options for each

2Longer frames, however, performed slightly better.
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Figure 2: Preference by treatment. Treatments are: (a) Kundu et
al. [8] time-domain method; (b) Kundu et al. [9] DCT-domain
method; (c) Ephraim and Malah [16] MMSE estimator with
SPU; (d) Proposed method with Rayleigh distribution based
SPU; (e) Proposed method with SPU based on SNR estimate.

stimuli pair. The first and second options indicated a prefer-
ence for one or the other stimulus, while the third option in-
dicated that the subject preferred both stimuli equally. Partic-
ipants could replay stimuli as many times as required before
making a decision.

Pairwise scoring was used, with +1 and 0 points being as-
signed to the preferred and non-preferred stimulus respectively.
If no preference could be assigned, each stimulus was awarded
+0.5 points. The results for a subject were discarded as unre-
liable if they couldn’t consistently indicate either a preference,
or neutrality, for the clean signal. Ten native English speaking
listeners, with no reported hearing defects, participated in the
study, with one subject discarded as unreliable.

6. Results and Discussion
Figure 2 shows the mean preference, averaged across partici-
pants, for each treatment. The preference score indicates the
percentage of comparisons in which the treatment was pre-
ferred. The error bars represent one standard deviation, calcu-
lated from the preference scores from all participants, from the
mean.

For statistical analysis of the results, the null hypotheses
was that methods being compared were equally preferred. The
probability that our null hypothesis was true was calculated us-
ing a two-tailed test based on the binomial distribution, with an
a-priori preference of 0.5 – that is, both equally preferred.

The results indicate a preference for GMM-based enhance-
ment applied to SMBT frames (using either SPU) over the
methods proposed by Kundu et al. (p < 0.001 for both
the time-domain [8] and DCT-domain [9] methods when con-
sidering all comparisons), and Ephraim and Malah’s MMSE-
estimator with SPU (p < 0.002 when compared to the SPU
based on SNR).

Although estimating distortion based on frame energy is
slightly more computationally efficient, the incorporation of
speech-presence uncertainty probabilities calculated from the
Rayleigh distribution was preferred in subjective listening tests
(p < 0.002). While the proposed method will run in real-time
on a single-core of a modern processor, it is more computation-
ally expensive than other common methods, and is thus more
suited to offline processing.

7. Conclusions
In this paper, we applied MMSE estimators based on GMM dis-
tributions to telephone quality, single-channel speech enhance-
ment. In the proposed method, the MMSE estimator was used
to modify the spectral magnitude bin trajectories, and an SPU
incorporated. The proposed method was found to significantly
outperform similar, previously proposed GMM-based estima-
tors, and Ephraim and Malah’s MMSE estimator with SPU.
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