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Abstract

In this paper, we investigate the use of the minimum mean square error (MMSE) spectral energy estimator for use in environment-
robust automatic speech recognition (ASR). In the past, it has been common to use the MMSE log-spectral amplitude estimator for this
task. However, this estimator was originally derived under subjective human listening criteria. Therefore its complex suppression rule
may not be optimal for use in ASR. On the other hand, it can be shown that the MMSE spectral energy estimator is closely related
to the MMSE Mel-frequency cepstral coefficient (MFCC) estimator. Despite this, the spectral energy estimator has tended to suffer from
the problem of excessive residual noise. We examine the cause of this residual noise and show that the introduction of a heuristic based
speech presence uncertainty (SPU) can significantly improve its performance as a front-end ASR enhancement regime. The proposed
spectral energy SPU estimator is evaluated on the Aurora2, RM and OLLO2 speech recognition tasks and can be shown to significantly
improve additive noise robustness over the more common spectral amplitude and log-spectral amplitude estimators.
� 2010 Elsevier B.V. All rights reserved.
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1. Introduction

The development of robust automatic speech recogni-
tion (ASR) is an important goal. While performance
for state of the art ASR is impressive during ideal
conditions, its recognition accuracy tends to degrade rap-
idly in the presence of additive background noise. Since it
is often impossible to eliminate all noise from the operating
environment, the problem of ASR robustness has been
receiving considerable attention. Several approaches have
been proposed in the literature, most of which fall under
two categories: front-end speech/feature enhancement
and back-end model adaptation. Back-end adaptation
seeks to modify the acoustic models of the recognizer to
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better match the noisy operating environment. Font-end
enhancement on the other hand, seeks to remove the effects
of noise prior to recognition, either from the speech signal
or from the parameterized features directly.

In this paper, we are interested in methods that perform
enhancement on the speech signal. Several methods falling
into this category have been reported in the literature
(Loizou, 2007). This includes spectral subtraction (Berouti
et al., 1979), minimum mean square error (MMSE) estima-
tion (Ephraim and Malah, 1985), Wiener filtering (linear
MMSE) (Wiener, 1949), Kalman filtering (Paliwal and
Basu, 1987) and subspace (Ephraim and Trees, 1995) meth-
ods. These algorithms are specifically designed to improve
the subjective quality of an acoustic signal for human lis-
teners. For example, the MMSE log-spectral amplitude
(LSA) estimator is often favored because of its psychoa-
coustic considerations. While many of the aforementioned
algorithms have been used for robust ASR (Lathoud et al.,
2005; Ephraim and Trees, 1991; Gemello et al., 2006;
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1 For notational convenience, we have dropped the frame index m and
dependence on this subscript is implicitly assumed unless stated otherwise.
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Hermus et al., 2007; Fujimoto and Ariki, 2000), there are
clear differences between the objectives of robust ASR
and speech enhancement.

For subjective human listening, it is often held that noise
suppression is most effective when applied to the log-spec-
tral domain. The LSA estimator was derived under such an
assumption. However, the typical ASR system does not
operate directly on the log-spectral domain. Instead, higher
level features such as Mel-frequency cepstral coefficients
(MFCCs) are used. As a result, the complicated suppres-
sion rule of the LSA estimator may not be fully justified
for use in ASR-based speech enhancement.

In this paper, we examine a similar estimator for use in
robust ASR; namely the spectral energy (SE) estimator.
Specifically, we investigate its suitability for estimating
clean speech MFCCs, from speech corrupted with additive
noise. We show that the suppression rule of the SE estima-
tor is closely related to the MMSE MFCC estimator. That
is, an estimator that produces a cepstral estimate ĉx that
minimizes the square error from the true, clean MFCC vec-
tor cx. Despite this, the SE estimator has several shortcom-
ings that must be addressed before it can be used for robust
ASR. Foremost among these problems is its tendency to
under-suppress noise at low signal to noise ratios (SNRs).
We identify two causes of this under-suppression: (1) an
inherent positive bias when using the SE estimator to
derive log-filterbank energies and (2) the tendency of the
SE estimator to over-estimate the a priori SNR within a
decision-directed framework (Ephraim and Malah, 1984).
Later, we show that both of these issues may be corrected
with the use of a heuristic based speech presence uncer-
tainty (SPU). The proposed SE SPU estimator offers a
number of advantages over the LSA estimator. First, its
suppression rule is more efficiently implemented and sec-
ond, it offers better recognition performance across a wide
range of noise types and SNRs.

The rest of this paper is organized as follows. In Section
2, we cover the statistical framework used to derive the
common short-time spectral amplitude estimators. In Sec-
tion 3, we investigate the use of the SE estimator for deriv-
ing MFCC features. Firstly, we examine the optimality of
the SE estimator in the context of MFCC estimation. Sec-
ondly, we highlight the considerations that must be taken
into account for practical implementation of the SE estima-
tor. In Section 4, we first describe the use of SPU within the
spectral estimation framework. We then show how SPU
may be used to overcome the limitations of the SE estima-
tor. In Section 5, we present experimental ASR results for
the RM (Price et al., 1988), OLLO2 (Wesker et al., 2005)
and Aurora2 (Pearce and Hirsch, 2000) ASR tasks. Lastly
in Section 6, we present concluding remarks.

2. Statistical framework for short-time spectral amplitude

estimation

The discrete short-time Fourier transform (DSTFT) of
corrupted speech signal y(n) is given by
Y ðm; kÞ ¼
X1

n¼�1
yðnÞwðmS � nÞ expð�j2pkn=KÞ; ð1Þ

where k denotes the kth discrete frequency of K uniformly
spaced frequencies, w(n) is an analysis window function, m

is the short-time frame index and S is the analysis frame
shift (in samples). In this paper, we consider an additive
noise model. Here, the corrupted speech DSTFT may also
be represented as1

Y ðkÞ ¼ X ðkÞ þ DðkÞ; ð2Þ
where X(k) and D(k) are the DSTFT expansion coefficients
for the kth discrete frequency bin of the clean speech signal
and noise signals, respectively.

DSTFT expansion coefficients X(k) and D(k) are
assumed to be independent complex zero-mean Gaussian
variables, with expected power kx(k) = E[jX(k)j2] and
kd(k) = E[jD(k)j2], where E[�] is the expectation operator.
A detailed justification of this statistical assumption may
be found in (Ephraim and Malah, 1984).

The general goal of speech enhancement is to derive an
estimate of the clean speech given the observed noisy
speech and a noise estimate. To accomplish this, it can be
useful to split DSTFT coefficients Y(k) and X(k), into spec-
tral amplitude and phase:

Y ðkÞ ¼ RðkÞ expðj#ðkÞÞ; ð3Þ
X ðkÞ ¼ AðkÞ expðjhðkÞÞ; ð4Þ

where R(k) and #(k) are the amplitude and phase spec-
trums of the noisy speech, respectively, while A(k) and
h(k) are the amplitude and phase spectrums of the clean
speech, respectively.

For typical Fourier analysis-modification-synthesis
(AMS) based speech enhancement (Ephraim and Malah,
1985; Ephraim and Malah, 1984; Boll, 1979), an estimatebAðkÞ is obtained from the noisy signal and combined with
the noisy spectral phase #(k) to produce the estimated clean
speech spectrum bX ðkÞbX ðkÞ ¼ bAðkÞ expðj#ðkÞÞ ¼ Y ðkÞ � GðkÞ; ð5Þ
where

GðkÞ ¼
bAðkÞ
RðkÞ ð6Þ

is the spectral amplitude gain of the speech enhancement
system and bAðkÞ is the estimated clean DSTFT coefficient
amplitude. Using the DSTFT estimate bX ðkÞ, enhanced
time-domain speech may then be synthesized with an in-
verse discrete Fourier transform (IDFT) and overlap-
add-synthesis (Crochiere, 1980). A block diagram of the
typical AMS-based speech enhancement framework is gi-
ven in Fig. 1.

Several spectral amplitude estimators have been sug-
gested in the literature. The spectral amplitude gain func-
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Fig. 1. Block diagram of the short-time analysis-modification-synthesis
speech enhancement framework.
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tions for the spectral Wiener (SW) (Loizou, 2007), MMSE
spectral amplitude (SA) (Ephraim and Malah, 1984),
MMSE log-spectral amplitude (LSA) (Ephraim and
Malah, 1985) and MMSE spectral energy (SE) filters are
given below:

GSW ðkÞ ¼
nðkÞ

1þ nðkÞ ; ð7Þ

GSAðkÞ ¼
ffiffiffiffiffiffiffiffiffiffiffi
pmðkÞ

p
2cðkÞ exp

�mðkÞ
2

� �
� ð1þ mðkÞÞI0

mðkÞ
2

� ��
þ mðkÞI1

mðkÞ
2

� ��
; ð8Þ

GLSAðkÞ ¼
nðkÞ

1þ nðkÞ exp
1

2

Z 1

mðkÞ

expð�tÞ
t

dt

 !
; ð9Þ

GSEðkÞ ¼
nðkÞ

1þ nðkÞ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ 1

mðkÞ

s
; ð10Þ

where

mðkÞ ¼ nðkÞ
1þ nðkÞ cðkÞ; ð11Þ

nðkÞ ¼ kxðkÞ
kdðkÞ

; ð12Þ

cðkÞ ¼ ½RðkÞ�
2

kdðkÞ
: ð13Þ
The parameters n and c are interpreted as the a priori signal
to noise ratio (SNR) and a posteriori SNR, respectively.
I0(�) and I1(�) are given as the zeroth and first order modi-
fied Bessel functions, respectively. Fig. 2 shows the spectral
amplitude gain functions for each estimator over several
SNR values. Interestingly, all gains become equivalent to
the spectral Wiener gain at high SNRs; i.e., when m(k)� 1.

3. Use of the SE estimator for ASR

As stated earlier, our goal in this paper is to investigate
the SE estimator for use in ASR-based speech enhance-
ment. One immediate justification for this is the simple gain
rule (10), which requires less computation than both the SA
and LSA estimators. A second reason for investigating the
spectral energy estimator, is that it is closely related to the
log-filterbank energy estimator – the intermediate stage of
the popular MFCC feature set (Huang et al., 2001).

Despite these reasons, use of the SE estimator is not
common in the ASR field. This is largely due to its poor
noise suppression in low SNR environments. Conse-
quently, this problem must be understood and compen-
sated if the SE estimator is to be used in ASR. Two
causes of noise under-suppression are identified in the
remainder of this section.
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3.1. Sub-optimality of the SE estimator for generating

MFCCs

Since MFCCs are currently the dominant speech param-
eterization, a suitable goal for ASR-centric speech
enhancement is optimal estimation of the MFCC vector.
In this sub-section we determine the relationship between
the SE estimator and the optimal MMSE MFCC estima-
tor. The optimal MMSE MFCC estimator is given as

ĉx ¼ E½cxjY �; ð14Þ

where ĉx 2 RQ�1 is the MFCC estimate that minimizes the
square error from the true, clean MFCC vector cx and
Y = [Y(0),Y(1), . . . ,Y(K � 1)]T is a spectral frame of noisy
speech. The MFCC vector is related to the log-filterbank
energy vector via the discrete cosine transform (DCT).
Since the DCT is a unitary operator, the total squared er-
ror in both the MFCC and log-filterbank domains is equiv-
alent. This allows us to recast our problem into MMSE
estimation of log-filterbank energies

ĉx ¼ C � E½LxjY �; ð15Þ

where Lx is the clean speech log-filterbank energy and
C 2 RQ�Q is the DCT matrix. Under normal circum-
stances, higher order cepstral coefficients are truncated
from the DCT matrix (Huang et al., 2001). Strictly speak-
ing, (15) is not the MMSE estimate for the truncated
MFCC vector. However it remains a good approximation
since truncated coefficients themselves tend to have very
small energies. Using this approximation, we may now di-
rectly determine the suitability of the SE estimator for
ASR. The SE criterion for estimating clean spectral ampli-
tudes is given by

bAðkÞ ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
E½½AðkÞ�2jY �

q
: ð16Þ

Assuming filterbank energies are accumulated off spectral
energies (and not amplitudes), log-filterbank energies will
be given by

bLSE
x ðqÞ ¼ log

X
k

hðq; kÞE½½AðkÞ�2
�����Y �

 !

¼ log E
X

k

hðq; kÞ½AðkÞ�2
 !�����Y
" #

; ð17Þ

where bLSE
x ðqÞ is the SE estimate of the qth log-filterbank en-

ergy and h(q,k) is the filterbank gain of the qth filterbank
and kth frequency bin. By Jensen’s inequality we can show
that these estimates will be positively biased, i.e.:

E½logðBðqÞjYÞ� 6 log E½BðqÞjY �; ð18Þ

where filterbank energy BðqÞ ¼
P

khðq; kÞ½AðkÞ�2. The first
term of (18) is the ideal (MMSE) log-filterbank energy esti-
mate, and the second term is the estimate produced by the
SE estimator. Both terms are quite similar, differing by
only the position of the logarithm. The positive bias arises
from the fact that this logarithm is a concave function. If a
convex operator was used instead, the inequality would be
reversed. If a linear operator was used, then the inequality
would become an equality. This is important, because over
small dynamic ranges, the logarithm is approximately lin-
ear. Fig. 3 shows this. Here, both filterbank variables B1

and B2 have the same mean, but different variances. The
variable B1 exists on a fairly small dynamic range. Over this
range the logarithm is approximately linear. The variable
B2 exists on a much larger dynamic range. Over this range
the logarithm is highly concave.

This suggests that the SE estimator would perform quite
well at higher SNRs – conditions where there is little uncer-
tainty/variance in the estimation of filterbanks B(q). In
such a case, the concavity of the logarithm would play a
minor role, meaning the SE estimator would (effectively)
produce unbiased log-filterbank energies. Conversely, at
lower SNRs we would expect the positive bias to become
worse. Large amounts of noise energy will introduce large
variance into the estimation of B(q) – making the logarithm
a highly non-linear, concave operation.
3.2. Considerations for estimation of a priori SNR

A more practical consideration of the SE estimator
involves estimation of the a priori SNR parameter n. While
the estimation of a posteriori SNR c is relatively straight-
forward, several considerations must be taken into account
when estimating n. The typical method for estimating n is
the recursive, decision-directed approach presented in
(Ephraim and Malah, 1984). This approach assumes the
a priori SNR to be a slowly evolving parameter. Here the
a priori SNR for the mth analysis frame and kth frequency
bin n(m,k), is estimated as the weighted sum of two terms
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nðm; kÞ ¼ a
Gðm� 1; kÞRðm� 1; kÞ½ �2

kdðm� 1; kÞ þ ð1� aÞP ½cðm; kÞ � 1�;

ð19Þ

where mixing constant a � 0.98 and

P ½x� ¼
x; if x P 0;

0; otherwise:

�
ð20Þ

The term P[c(m,k) � 1] in (19) can be interpreted as the
instantaneous SNR, and is derived as the maximum likeli-
hood estimate of n. The proceeding term in (19) is an esti-
mate of n derived from the previous, enhanced frame. The
inclusion of spectral gain G(m � 1,k) makes this term
highly dependent on the enhancement regime. This is of
particular concern for the SE estimator, as it has a rela-
tively mild spectral gain (w.r.t the SA and LSA estimators,
see Fig. 2). Because of this, residual noise often makes its
way into the a priori SNR estimate. This leads to over-esti-
mation of n, which itself leads to less suppression and more
residual noise in subsequent frames.

4. Use of speech presence uncertainty to improve the spectral

energy estimator

In the previous section, we have highlighted two causes
of noise under-suppression in the SE estimator:

1. The inherent positive bias of the SE estimator to derive
log-filterbank energies.

2. The tendency to over-estimate the a priori SNR n within
the decision-directed framework.

Combined, these problems degrade ASR performance
substantially in low SNR environments. To address both
of these problems, we investigate the use of speech presence
uncertainty (SPU) (McAulay and Malpass, 1980).

4.1. Overview of speech presence uncertainty within the

spectral estimation framework

SPU does not assume speech to be present at all times
and at all frequencies. Instead, speech presence is repre-
sented as a probabilistic variable. A two-state speech
(absent/present) hypothesis can be incorporated into the
conditional probability density function (PDF) p(A(k)j
Y(k)) as follows:

pðAðkÞjY ðkÞÞ ¼ pðH 0ðkÞjY ðkÞÞ � pðAðkÞjY ðkÞ;H 0ðkÞÞ
þ pðH 1ðkÞjY ðkÞÞ � pðAðkÞjY ðkÞ;H 1ðkÞÞ; ð21Þ

where H0(k) and H1(k) represent the hypotheses of speech
absence and presence, respectively for the k’th frequency
bin. Given an a posteriori probability of speech presence
u(k) , p(H1(k)jY(k)) for the kth frequency bin, a SPU
modified conditional PDF p(A(k)jY(k)) can be given as
follows:
pðAðkÞjY ðkÞÞ ¼ uðkÞ � pðAðkÞjY ðkÞ;H 1ðkÞÞ
þ ð1� uðkÞÞ � dðAðkÞÞ; ð22Þ

where d(�) is the Dirac delta function. Here we have as-
sumed that under signal absence hypothesis H0(k), the
clean spectral amplitude A(k) is most surely zero. The form
and derivation of p(A(k)jY(k),H1(k)) may be found in
(Ephraim and Malah, 1984). The SE SPU estimate for
the clean spectral amplitude bAðkÞ is now given by

bAðkÞ ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
uðkÞE½½AðkÞ�2jY ðkÞ;H 1ðkÞ�

q
; ð23Þ

or, as a spectral amplitude gain

GSE�SPU ðkÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
uðkÞmðkÞ½1þ mðkÞ�

p
cðkÞ : ð24Þ

The a posteriori speech presence probability u(k) is given as
(Ephraim and Malah, 1984)

uðkÞ ¼ KðkÞ
1þ KðkÞ ; ð25Þ

where K(k) is the generalized speech presence ratio

KðkÞ ¼ pðH 1ðkÞÞ
pðH 0ðkÞÞ

� pðY ðkÞjH 0ðkÞÞ
pðY ðkÞjH 1ðkÞÞ

¼ 1� qðkÞ
qðkÞ �

expðmðkÞÞ
1þ nk

;

ð26Þ
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where q(k) , p(H0(k)) is given as the a priori speech ab-
sence probability and is regarded as a tuneable parameter.
Fig. 4 shows the SE spectral amplitude gain for q(k) = 0,
q(k) = 0.3 and q(k) = 0.5. When q(k) = 0, the SE SPU gain
simplifies to the standard SE estimator, while for
q(k) = 0.5, the SE estimator is transformed into a very
aggressive noise suppressor. It can be seen that this added
aggressiveness manifests in regions where a posteriori SNR
c is small. However, increasing the sensitivity of spectral
gain to the parameter c can sometimes be undesirable. This
is because c has much higher estimation variance than n
(Cappe, 1994). For these reasons, it can be useful to limit
the maximum aggressiveness of the SPU.
domain). E[[A(k)] ] was generated off the vowel–consonant–vowel OLLO2
training dataset (dark line), and the RM training set (thin line).
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speech absence probability q(k). The expected a priori SNR axis is given by
E[[A(k)]2]/kd(k), where E[[A(k)]2] is an ensemble spectral energy average
generated from a clean speech corpus (see Fig. 5). Lower values of j
increases the aggressiveness of the SPU, assigning a higher probability of
speech absence at a given SNR.
4.2. Application of speech presence uncertainty to improve

the spectral energy estimator

The net result of SPU is an additional mechanism to
suppress noise-like spectral energy. From Fig. 4 we can
see that increasing the value of q(k) will increase the aggres-
siveness of the estimator. Doing so would mitigate the bias
problem of the SE estimator at lower SNRs. However, this
would come at the cost of speech degradation in cleaner
conditions where the bias is negligible. In order to make
the choice of suppression more flexible, we use a simple
noise-driven heuristic to modify the a priori speech absence
probability q(k)

qðkÞ ¼ U 1þ j

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
E½½AðkÞ�2�

kdðkÞ

s0@ 1A�124 35; ð27Þ

where

U ½x� ¼
x; if x 6 qmax;

qmax; otherwise:

�
ð28Þ

The term E[[A(k)]2] is an ensemble spectral energy average
generated from a clean speech corpus2 and j, qmax > 0 are
tuneable parameters. The heuristic presented in (27) con-
sists of several components: an ensemble clean speech spec-
tral energy average, a noise power/energy estimate, and
scaling parameters j and qmax. The ensemble energy aver-
age is introduced to bring frequency dependence to the heu-
ristic. Effectively, its introduction increases the probability
of speech presence within speech-like frequency regions –
typically between 500 and 1000 Hz (see Fig. 5). The noise
power estimate kd(k) is the main component of the heuristic
and is incorporated to directly address the SE estimator bias
problem. As the noise power kd(k) rises, the aggressiveness
of the SPU is increased to compensate. This relationship is
controlled further by the variables j and qmax.

Fig. 6 shows the effect of j and qmax for determining the
a priori speech absence probability q(k). In low SNR con-
ditions, the value of q(k) is large. This increases the aggres-
2 All speech utterances used for experimentation are scaled/normalized,
such that the maximum analysis frame energy (of a given utterance) is one.
siveness of the SPU in order to compensate the bias of the
SE estimator and prevent over-estimation of n. At higher
SNRs, the value of q(k) decreases, eventually switching
off SPU (at q(k) = 0) in clean conditions. This reflects the
belief that in high SNR conditions there is negligible bias
to compensate. The parameter j controls the rate at which
the SPU is scaled. Small values of j increase overall SPU
aggressiveness and vice-versa. The parameter qmax sets
the maximum allowed SPU strength.

In may be noted that in (27), we have used a spectral
amplitude ratio (between the ensemble speech average
and noise) rather than a spectral power/energy ratio. Our
choice for this was motivated empirically, rather than
mathematically. In our experiments, the amplitude ratio
appeared to give a good balance between noise reduction
and speech degradation across a wide range of SNRs.
5. Experimental results

5.1. Enhancement system description

For our experiments, we decompose speech utterances
into overlapping frames. Each analysis frame is 25 ms in
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length, and overlaps the previous analysis frame by 15 ms.
Each analysis frame has a Hamming window applied
before being enhanced with a given regime. Enhanced
frames are then synthesized into coherent utterance with
the overlap-add method (Crochiere, 1980). To derive the
noise estimate kd(m,k), we use a simple voice activity detec-
tor (VAD). An initial noise estimate is generated from the
first 125 ms of each speech stimulus, and recursively
updated. The recursive update is given as follows:

kdðm; kÞ ¼ gkdðm� 1; kÞ þ ð1� gÞ½RðkÞ�2; ð29Þ

where g = 0.98 in the case that a noise-only frame has been
detected and g = 1 otherwise. The a posteriori SNR can be
then be calculated via (13). To calculate the a priori SNR n,
we use the decision-directed approach covered in Section
3.2. For the proposed SE SPU estimator, the scaling factor
j must be empirically determined. To do this, we degraded
several training utterances from each dataset with additive
white Gaussian noise at 5 dB. The degraded sentences were
enhanced with the proposed SE SPU estimator over several
values of j. The optimal value of j was selected to mini-
mize the word error rate (WER) using a clean speech
HMM recognizer. For the following experiments, we set
the heuristic parameter qmax to 0.4.

5.2. Automatic speech recognition system description

To test ASR performance, we use a standard MFCC
feature vector in conjunction with the HTK recognition
framework (Young et al., 2000). Speech utterances are first
decomposed into 25 ms long frames, each shifted by 10 ms.
Frames then have a Hamming window applied before
MFCCs are calculated. We accumulate 26 log-filterbank
energies, and retain the first 12 cepstral coefficients (not
including the zeroth coefficient). For all front-end estima-
tors, we replace the zeroth cepstral coefficient with a log-
frame energy measure. For the parallel model combination
Table 1
Overview of the ASR parameters used for experimental analysis.

Parameter Speech database

RM OLLO

Acoustic model 3-state triphone HMMs, eight Gaussian
mixtures per state

3-state mo
mixtures p

Sampling freq. (kHz) 16 16
Frame length (ms) 25 25
Frame shift (ms) 10 10
Analysis window Hamming Hamming
No. Mel filterbanks 26 26
Filterbank freq.

range (kHz)
0–8 0–8

Cepstral coefficients 1 through 12 1 through
Cepstral lifter factor 22 22
Cepstral mean

subtraction
Yes No

Appended features Log-frame energy, D’s, D2’s Log-frame
D window (frames) ±2 ±2
D2 window (frames) ±2 ±2
Feature dimension 39 39
method (PMC), the zeroth coefficient is retained. Given the
static feature vector, we append delta and acceleration
coefficients to give a 39 dimensional feature vector. For
each of the front-end estimators presented, we produce
MFCCs from their respective time-domain enhanced sig-
nals. For the PMC method, noisy speech MFCCs are fed
into an adapted HMM back-end recognizer. An overview
of the ASR system used in our experiments is given in
Table 1. Training is provided by clean, unaltered utter-
ances. We give results for the parallel model combination
(PMC) back-end model adaptation method (Gales, 1995),
spectral Wiener (SW), spectral subtraction (SS), MMSE
log-spectral amplitude (LSA) (Ephraim and Malah,
1985), MMSE spectral amplitude (SA) (Ephraim and
Malah, 1984) and MMSE spectral energy (SE) estimator.
For the SE estimator, we also give results for a static
q(k) = 0.3 SPU (SE-0.3), a data-driven SPU (SE-DD) pro-
posed in (Malah et al., 1999) and the proposed heuristic-
driven SPU (SE-prop). We conduct experiments over three
speech databases, each of which covers a different ASR
topology.

� Resource management (Price et al., 1988). Continuous

triphone-based recognition, medium vocabulary with

structured language model.

� OLLO2 (Wesker et al., 2005). Single token, monophone-

based recognition, medium vocabulary with no language

model.

� Aurora2 digits (Pearce and Hirsch, 2000). Continuous

word-based recognition, small vocabulary with no lan-
guage model.
5.3. Resource management word recognition

A speaker independent section of the DARPA resource
management (RM) database is used for medium vocabu-
Aurora2

nophone HMMs, 32 Gaussian
er state

16-state word HMMs, three Gaussian
mixtures per state
8
25
10
Hamming
26
0–4

12 1 through 12
22
Yes

energy, D’s, D2’s Log-frame energy, D’s, D2’s
±3
±5
39



Table 2
RM ASR word error rates.

Treatment SNR (dB)

Clean 30 20 10 AVG

White noise

None 4.30 5.48 11.89 47.13 17.20
PMC 4.73 5.20 9.78 34.53 13.56
SS 5.32 6.80 12.48 47.32 17.98
SA 4.26 5.04 7.43 27.02 10.94
LSA 4.42 5.36 7.55 23.39 10.18
SW 9.86 9.78 22.02 61.17 25.71
SE 4.18 5.04 9.11 37.86 14.05
SE-0.3 4.50 5.01 7.00 23.03 9.89
SE-DD 4.26 4.93 7.35 25.58 10.53
SE-prop 4.07 5.04 7.16 22.21 9.62

Babble noise

None 4.30 4.73 8.21 38.87 14.03
PMC 4.73 4.93 7.43 21.24 9.58
SS 5.32 5.24 8.21 30.86 12.41
SA 4.26 4.89 7.78 28.90 11.46
LSA 4.42 5.08 8.56 32.58 12.66
SW 9.86 13.96 28.55 73.52 31.47
SE 4.18 4.73 8.06 31.17 12.04
SE-0.3 4.50 4.93 7.74 30.00 11.79
SE-DD 4.26 5.04 7.78 30.47 11.89
SE-prop 4.07 4.89 7.67 27.06 10.92

Volvo noise

None 4.30 4.03 5.01 7.86 5.30
PMC 4.73 5.12 5.12 5.24 5.05
SS 5.32 4.85 5.44 7.67 5.82
SA 4.26 4.42 4.34 4.73 4.44
LSA 4.42 4.61 4.46 4.93 4.61
SW 9.86 8.21 7.12 8.64 8.46
SE 4.18 4.18 4.22 6.22 4.70
SE-0.3 4.50 4.69 4.42 4.93 4.64
SE-DD 4.26 4.54 4.26 5.04 4.53
SE-prop 4.07 4.26 4.07 4.50 4.23

Average

None 4.30 4.75 8.37 31.29 12.18
PMC 4.73 5.08 7.44 20.34 9.40
SS 5.32 5.63 8.71 28.62 12.07
SA 4.26 4.78 6.52 20.22 8.95
LSA 4.42 5.02 6.86 20.30 9.15
SW 9.86 10.65 19.23 47.78 21.88
SE 4.18 4.65 7.13 25.08 10.26
SE-0.3 4.50 4.88 6.39 19.32 8.77
SE-DD 4.26 4.84 6.46 20.36 8.98
SE-prop 4.07 4.73 6.30 17.92 8.26
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lary recognition (Price et al., 1988). The database was
recorded in clean conditions (sample rate of 16 kHz) and
has a vocabulary of approximately 1000 words. For train-
ing, there are 3990 sentences spoken by 109 speakers. For
testing, we use the February’89 test set which has 300 sen-
tences spoken by 10 different speakers. White, Volvo and
babble noises are artificially added at several SNRs. For
recognition, we train triphone-level HMMs, having three
states with eight Gaussian mixtures each. Cepstral mean
subtraction (CMS) is applied as a standard post-processor.
For the proposed SE SPU estimator, a SPU scaling factor
of j = 0.5 was used. ASR word error rate (WER) scores
are given in Table 2. The standard SE estimator has good
performance in light noise conditions. However it begins to
struggle from 20 dB SNR onward. A static SPU
(q(k) = 0.3) worked quite well for this dataset, giving it bet-
ter overall performance than both the SA and LSA estima-
tor. For the proposed estimator, SPU aggressiveness is
increased further at low SNRs leading to an overall
improvement over the static SE-SPU estimator.

5.4. OLLO2 logatome recognition

In this section we present results for a subset of the Old-
enburg logatome database (OLLO) (Wesker et al., 2005).
OLLO2 is unique from the RM and Aurora2 databases
in several areas. Firstly, it is not a continuous recognition
task, requiring only a single logatome per speech file to
be recognized. Secondly, there is very little context avail-
able for recognition. Logatomes are nonsense words, and
consist of every possible vowel–consonant pairing, making
the acoustic model relatively sensitive to noise.

We use the vowel–consonant–vowel stimulus for recog-
nition – abba, adda, egge etc, for a total of 70 logatomes.
Each sound file has a single spoken logatome digitized at
16 kHz and is recorded under one of several conditions
(slow, fast, loud, quiet, questioning and normal). The test-
ing and training datasets are matched in terms of regional
dialect and recording conditions and consist of roughly
27,000 utterances each. We degrade the testing stimulus
with (stationary) additive white and F16 noise at various
SNRs. We train monophone HMMs, with three states
per phoneme and 32 Gaussian mixtures per state. Because
of the short-duration of the utterances, we do not apply
cepstral mean subtraction. For the proposed SE SPU esti-
mator, we set j = 0.5. Word error rates are determined by
treating the entire logatome as a word. ASR WER scores
are given in Table 3.

Again, it can be seen that the standalone SE estimator
performs quite well in clean and light noise environments.
However, performance rapidly degrades as the SNR falls
below 20 dB. The introduction of standard SPU
(q(k) = 0.3) did make the SE estimator considerably more
robust, but like the SA and LSA estimators this appeared
to involve a trade-off between performance at higher and
lower SNRs. For example, increasing q(k) beyond 0.3
would improve noisy condition performance but would
introduce speech degradation in cleaner conditions. A big-
ger improvement can be seen for the heuristic SE SPU.
Here the aggressiveness of the SPU is scaled back at higher
SNRs, limiting the amount of speech distortion. Overall,
this gave the proposed SE SPU estimator superior perfor-
mance compared with the other estimators.
5.5. Aurora2 digit recognition

Aurora2 is a speaker independent database for con-
nected digit recognition (Pearce and Hirsch, 2000). Unlike
the RM database, Aurora2 lacks a language model, though



Table 3
OLLO2 ASR word error rates.

Treatment SNR (dB)

Clean 30 20 10 AVG

White noise

None 16.95 35.87 79.12 96.78 57.18
PMC 16.99 20.85 34.21 57.77 32.46
SS 17.26 19.06 23.25 38.63 34.31
SA 17.19 19.74 32.84 74.73 36.13
LSA 17.84 19.30 26.42 58.57 30.53
SW 19.82 23.36 34.00 49.89 31.77
SE 17.03 23.56 56.47 89.07 46.53
SE-0.3 17.55 19.15 28.75 67.89 33.34
SE-DD 17.10 21.30 50.21 85.56 43.54
SE-prop 17.01 19.42 24.24 41.39 25.52

F16 noise

None 16.95 19.96 29.37 65.25 32.88
PMC 16.99 18.13 23.94 40.37 24.86
SS 17.26 19.06 23.25 38.63 34.31
SA 17.19 18.03 21.79 33.86 22.72
LSA 17.84 18.12 21.89 31.80 22.42
SW 19.82 21.94 30.19 43.69 28.91
SE 17.03 18.63 24.35 42.33 25.59
SE-0.3 17.55 18.11 21.25 31.69 22.15
SE-DD 17.10 18.39 23.10 37.36 23.99
SE-prop 17.01 18.16 21.13 30.67 21.74

Average

None 16.95 27.92 54.25 81.02 45.04
PMC 16.99 19.49 29.08 49.07 28.66
SS 17.26 19.06 23.25 38.63 34.31
SA 17.19 18.89 27.32 54.30 29.42
LSA 17.84 18.71 24.16 45.19 26.48
SW 19.82 22.65 32.10 46.79 30.34
SE 17.03 21.10 40.41 65.70 36.06
SE-0.3 17.55 18.63 25.00 49.79 27.74
SE-DD 17.10 19.85 36.66 61.46 33.77
SE-prop 17.01 18.79 22.69 36.03 23.63

Table 4
Aurora2A ASR word error rates.

Treatment SNR (dB)

20 15 10 5 0 AVG

Subway noise

None 2.95 5.59 12.34 30.49 70.56 24.39
PMC 1.90 4.45 10.78 26.62 60.88 20.93
SS 10.75 19.83 32.61 53.48 74.73 38.28
SA 3.07 4.54 9.12 17.68 39.70 14.82
LSA 3.90 5.68 11.30 20.94 42.95 16.95
SW 31.56 38.75 47.80 59.66 78.85 51.32
SE 2.98 4.94 9.58 19.62 45.87 16.60
SE-0.3 3.13 5.04 10.04 18.91 41.05 15.63
SE-DD 3.07 4.91 9.27 19.07 41.94 15.65
SE-prop 3.10 4.57 8.69 17.32 40.59 14.85

Babble noise

None 2.03 4.63 16.51 53.02 90.84 33.41
PMC 2.27 3.99 10.13 30.96 67.62 22.99
SS 23.31 32.59 46.67 63.69 81.74 49.60
SA 3.42 7.56 17.23 38.33 68.80 27.07
LSA 8.86 15.57 26.57 45.77 70.95 33.54
SW 39.60 46.58 58.43 74.61 87.30 61.30
SE 1.93 4.05 11.12 31.32 67.96 23.28
SE-0.3 6.05 11.88 22.76 43.11 70.28 30.82
SE-DD 2.93 6.92 16.63 37.82 69.56 26.77
SE-prop 2.06 4.44 13.51 35.43 68.35 24.76

Car noise

None 2.09 4.38 11.39 34.39 81.12 26.67
PMC 2.09 3.82 12.02 37.46 75.51 26.18
SS 7.34 14.35 28.27 50.22 72.17 34.47
SA 1.58 2.80 5.31 14.08 34.30 11.61
LSA 1.70 3.40 6.53 16.10 38.98 13.34
SW 25.14 32.09 41.87 60.93 83.54 48.71
SE 1.70 3.04 6.53 17.54 46.64 15.09
SE-0.3 1.37 2.86 5.25 14.02 34.33 11.57
SE-DD 1.64 2.92 6.05 14.79 36.74 12.43
SE-prop 1.76 2.95 6.35 14.43 35.07 12.11

Exhibition noise

None 3.73 6.97 15.21 38.88 82.14 29.39
PMC 2.41 4.57 12.53 31.22 64.79 23.10
SS 9.69 19.32 35.27 55.14 77.54 39.39
SA 3.70 6.17 13.45 28.51 51.96 20.76
LSA 6.76 9.97 18.82 35.51 57.76 25.76
SW 40.39 48.63 61.28 75.87 86.27 62.49
SE 3.15 5.49 11.88 25.67 54.27 20.09
SE-0.3 4.75 7.56 15.49 31.78 54.92 22.90
SE-DD 3.58 6.33 13.45 29.44 54.12 21.38
SE-prop 3.15 5.58 11.79 26.75 53.69 20.19

Set A averages

None 2.70 5.39 13.86 39.20 81.17 28.47
PMC 2.17 4.21 11.37 31.57 67.20 23.30
SS 12.77 21.52 35.71 55.63 76.55 40.44
SA 2.94 5.27 11.28 24.65 48.69 18.57
LSA 5.31 8.66 15.81 29.58 52.66 22.40
SW 34.17 41.51 52.34 67.77 83.99 55.96
SE 2.44 4.38 9.78 23.54 53.69 18.77
SE-0.3 3.83 6.84 13.39 26.96 50.15 20.23
SE-DD 2.80 5.27 11.35 25.28 50.59 19.06
SE-prop 2.52 4.39 10.09 23.48 49.43 17.98
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its acoustic models are relatively sparse. Spoken digits in
the database consist of zero through nine as well as ‘oh’,
giving a vocabulary size of 11. Testing and training utter-
ances were downsampled to 8 kHz and filtered with G712
characteristics. Finally, utterances have had noise artifi-
cially added at several SNRs. Word-level HMMs are built,
each with 16 states and three Gaussian mixtures per state.
CMS was applied as a standard post-processor. For the
proposed SE SPU estimator we used a scaling factor of
j = 5. ASR WER scores are given in Tables 4 and 5 for
recognition tasks A and B, respectively.

The Aurora2 recognition task was particularly sensitive
to speech distortion. This was immediately apparent when
determining the SPU scaling parameter j. For the Aurora2
task, j was found to be much higher than both the RM and
OLLO2 tasks (5 versus 0.5). As a result, the SPU addition
played a minor role for the Aurora2 task. Here, the SE and
SE SPU estimators performed similarly, only showing sig-
nificant divergence at the 0 dB noise level. The use of a
white noise development set to train the heuristic SPU
worked well for most noise environments. Notable excep-
tions were the restaurant, airport and babble Aurora2
noise tasks, where the heuristic SPU (trained on white
noise) was too aggressive. However this may also reflect
the limitations of using VAD to track non-stationary
noises.



Table 5
Aurora2B ASR word error rates.

Treatment SNR (dB)

20 15 10 5 0 AVG

Restaurant noise

None 2.33 4.70 16.18 45.96 78.97 29.63
PMC 1.93 3.25 7.74 24.65 60.06 19.53
SS 22.51 32.08 45.47 62.27 79.61 48.39
SA 5.13 11.30 23.64 42.03 67.58 29.94
LSA 11.45 18.02 31.01 47.80 71.45 35.95
SW 37.80 46.85 57.48 72.89 86.83 60.37
SE 2.64 5.74 13.94 35.55 65.61 24.70
SE-0.3 8.66 15.17 28.03 45.41 69.42 33.34
SE-DD 4.33 9.27 21.86 41.57 67.73 28.95
SE-prop 2.86 6.17 16.21 38.62 66.84 26.14

Street noise

None 2.60 5.11 13.45 37.64 75.09 26.78
PMC 2.39 4.96 13.36 38.94 72.22 26.37
SS 12.97 24.06 36.55 57.35 76.42 41.47
SA 3.33 5.20 9.95 22.61 47.85 17.79
LSA 4.41 7.65 13.48 28.96 54.38 21.78
SW 32.83 40.08 51.57 67.68 85.07 55.45
SE 2.36 4.17 8.71 23.67 53.75 18.53
SE-0.3 3.75 5.89 11.34 24.97 49.79 19.15
SE-DD 3.48 5.32 10.10 24.67 50.85 18.88
SE-prop 2.54 4.72 8.80 23.07 48.70 17.57

Airport noise

None 1.79 4.09 11.72 37.16 73.90 25.73
PMC 1.55 3.07 7.31 26.16 60.45 19.71
SS 15.96 24.49 38.20 57.23 74.62 42.10
SA 2.54 5.91 13.09 29.76 53.80 21.02
LSA 5.13 9.54 18.70 35.67 58.75 25.56
SW 33.97 39.43 50.91 68.83 84.40 55.51
SE 1.76 3.34 9.54 24.72 54.91 18.85
SE-0.3 4.00 7.72 16.28 34.09 56.49 23.72
SE-DD 2.51 5.64 13.36 31.20 55.95 21.73
SE-prop 1.76 3.67 10.53 27.02 53.12 19.22

Train noise

None 1.54 4.32 11.66 34.74 80.31 26.51
PMC 1.36 3.21 9.94 33.42 69.85 23.56
SS 9.81 17.59 30.85 51.47 72.88 36.52
SA 2.93 4.75 8.05 20.98 40.76 15.49
LSA 4.17 6.39 11.08 24.07 44.99 18.14
SW 28.36 34.37 45.97 64.79 84.94 51.69
SE 1.82 3.89 7.28 20.92 49.40 16.66
SE-0.3 3.67 5.37 9.04 21.88 41.56 16.30
SE-DD 2.62 4.47 8.08 21.51 43.51 16.04
SE-prop 2.07 4.04 7.31 20.12 41.93 15.09

Set B averages

None 2.07 4.56 13.25 38.88 77.07 27.16
PMC 1.81 3.62 9.59 30.79 65.65 22.29
SS 15.31 24.56 37.77 57.08 75.88 42.12
SA 3.48 6.79 13.68 28.85 52.50 21.06
LSA 6.29 10.40 18.57 34.13 57.39 25.36
SW 33.24 40.18 51.48 68.55 85.31 55.76
SE 2.15 4.29 9.87 26.22 55.92 19.69
SE-0.3 5.02 8.54 16.17 31.59 54.32 23.13
SE-DD 3.24 6.17 13.35 29.74 54.51 21.40
SE-prop 2.31 4.65 10.71 27.21 52.65 19.51
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6. Conclusion

In this paper we have investigated the use of the spectral
energy estimator for use in robust ASR. Traditionally, the
spectral energy estimator has suffered from the problem of
residual noise. In order to improve the SE estimator for use
in robust ASR, we identified the causes of the residual
noise. These problems were then addressed with a simple,
heuristic based SPU. Experimental results show a signifi-
cant improvement in robustness, over both the baseline
results and the more common log-spectral amplitude esti-
mator. The improvement gained by the heuristic SPU is
especially evident at lower SNRs, where the standalone
SE estimator typically struggles.
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