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ABSTRACT

This paper addresses the problem of noise robustness of automatic
speech recognition (ASR) systems in various noisy environments
using a Minimum Mean-Square Error Short-Time Spectral Ampli-
tude Estimator (MMSE-STSA). This was accomplished by the in-
tegration of a Perceptual Weighting Filter (PWF) with the MMSE-
STSA algorithm in order to improve the preprocessing speech en-
hancement performance. The proposed PWF-based STSA algo-
rithm is integrated in the front-end of an ASR system in order to
evaluate its robustness in severe interfering noisy environments.
Experiments were conducted using a noisy version of speech sig-
nals extracted from the TIMIT database. The Hidden Markov
model Toolkit (HTK) was used throughout our experiments. Re-
sults show that the proposed approach when included in the front-
end of an HTK-based ASR system, outperforms that of the conven-
tional recognition process in interfering noisy environments for a
wide range of SNRs down to -4 dB.

1. INTRODUCTION

A robust ASR system can be described as a system which can deal
with a broad range of applications and adapt to unknown condi-
tions [1, 2, 3]. In general, the performance of existing speech
recognition systems, whose designs are predicated on relatively
noise-free conditions, degrades rapidly in the presence of a high
level of adverse conditions. However, a recognizer can provide
good performance even in very noisy background conditions if the
exact (same or approximate) testing condition is used to provide
the training material from which the reference patterns of the vo-
cabulary are obtained, which is practically not always the case. In
order to cope with the mismatched (adverse) conditions, different
approaches could be used. The approaches that have been studied
for achieving noise robustness can be summarized into two fun-
damentally different approaches. The first approach attempts to
preprocess the corrupted speech input signal prior to the pattern
matching in an attempt to improve the SNR [4]. The second ap-
proach attempts to modify the pattern matching itself in order to
account for the effects of noise. Methods in this approach include
noise masking, the use of robust distance measures, and HMM de-
composition.

In this paper, the first approach of robustness of ASR systems
in noisy environments is adopted. The speech enhancement ap-

proach that is used to pre-process the speech is based on a modified
version of the MMSE-STSA approach that was proposed in [5].
The MMSE-STSA algorithm has been shown asymptotically near
optimal for signals corrupted by additive white noise [5]. How-
ever, this algorithm does not take advantage of speech perception
knowledge, which was found [1] through several studies, to be
useful to provide insight into defining a potentially useful speech
representation in speech applications such as: coding, enhance-
ment, recognition, etc. This motivated us to integrate a PWF in the
MMSE-STSA algorithm that is used to enhance the noisy speech
before the recognition process, in order to improve its performance
by exploiting the masking properties of the human ear.

The outline of this paper is as follows. In section 2, an overview of
the MMSE-STSA speech enhancement algorithm is given. Then
in section 3, we describe the proposed pre-processing speech en-
hancement approach that is based on the modification of the classi-
cal MMSE-STSA algorithm, which exploits the speech perceptual
knowledge in order to cope with the noise added to the speech in
an optimal manner based on such an important knowledge. Then,
we proceed in section 4 with the description of the database, the
recognition platform used in our experiments and the evaluation
of the proposed recognizer in various noisy environments and the
comparison of such a recognizer to the baseline recognizer in or-
der to evaluate its performance. Finally, in section 5 we conclude
and discuss our present and future work.

2. OPTIMAL SPECTRAL AMPLITUDE ESTIMATOR
FOR SPEECH ENHANCEMENT

Ephraim and Malah presented in [5] an algorithm for enhancing
speech degraded by uncorrelated additive noise when the noisy
speech alone is available. Their basic approach is to optimally
estimate the two components of the short-time Fourier transform
(STFT) separately, rather than estimating the STFT itself. The es-
timation of both the short-time spectral amplitude (STSA) and the
corresponding phase of the speech signal was based on a Minimum
Mean Square Error (MMSE) criterion and an assumed statistical
model. Then the optimal MMSE STSA estimator was combined
with the optimal estimator of the complex exponential of the phase
which does not affect the STSA estimation. The latter constrained
complex exponential estimator was found to be the complex expo-
nential of the noisy phase. Ephraim and Malah derived a Short-
Time Spectral Amplitude (STSA) estimator which minimizes the
mean-square error of the log-spectra under the assumption that the
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Fig. 1. Optimal Spectral Amplitude Estimator block diagram

Fourier expansion coefficients of the original clean signal and the
noise may be modelled as independent, zero-mean, Gaussian ran-
dom signals [6].

The basic building blocks for such a speech enhancement system
are shown in Figure 1. The inputs to the system are 16-kHz sam-
pled noisy speech degraded by uncorrelated additive noise and its
corresponding reference noise. Each frame of input noisy signal
or reference noise is spectrally decomposed by means of a Fast
Fourier Transform (FFT) after a Hanning window. The square val-
ues of spectral amplitudes of reference noise from different frames
are averaged to produce λd(k) as shown in Figure 1. The input
noisy speech undergoes a similar process to produce R2

k as shown
in Figure 1, except that its phase ϑk is also derived and reserved
for the construction of the estimated signal at the end. The a pos-
teriori SNR γk is defined as the ratio of λd(k) to R2

k, while the
a priori SNR ξk is estimated in a slightly more complex recursive
process. For the first frame of noisy speech, an initial estimated
value is given by

ξ1k = α+ (1− α)(γ1
k − 1), (1)

where α is a constant of value 0.98. For the other frames
{m, 1 < m � M} where M is the total number of frames,

ξmk =
αξm−1

k + (1− α)(γm
k − 1) if γm

k > 1
αξm−1

k if γm
k � 1 .

(2)

As shown in Figure 1, the desired STSA estimator Âk is calculated
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Fig. 2. Block diagram of the proposed perceptual weighting Filter

based on the weighting function, H(ξk, γk) which depends on the
a priori and a posteriori SNR values, ξk and γk, respectively. The
weighting function H(ξk, γk) of the MMSE-STSA algorithm was
also referred to as the gain of the estimator and was shown to in-
crease when the SNR values decrease. Âk of each frame is cal-
culated and combined with the complex exponential of the noisy
phase θk. The resulting DFT samples X̂(k) in each analysis frame
are then transformed back into the time domain to obtain x̂(k),
which are used to synthesize the enhanced speech signal using the
overlap-and-add method. For more details see [5].

3. PWF-BASED MMSE-STSA SPEECH ENHANCEMENT
APPROACH

The difference between the clean speech spectrum and noisy
speech spectrum is larger in the spectral valleys than in the spectral
peaks, i.e., formant regions. This motivated us to think about treat-
ing the spectral peaks and the spectral valleys differently. This was
accomplished via the use of a Perceptual Weighting Filter (PWF)
[7, 8]. The PWF is obtained using an IIR filter, which shapes the
overall spectrum of noisy speech to exploit the masking properties
of the human ear. In particular, the PWF exploits the fact that hu-
mans have limited ability to detect small errors in frequency bands
where the speech signal has high energy, such as the formant re-
gions.

It is clear from the above-mentioned algorithm that the worse the
clean speech is corrupted by noise, the more effort of de-noising
the noisy speech is necessary. This is due to the fact that the
weighting function H(ξk, γk) of the MMSE-STSA estimator de-
pends on the a priori and a posteriori SNR values. Thus, the use
of the PWF, which emphasizes the formant regions of the noisy
speech spectrum helps to improve speech enhancement perfor-
mance, if it precedes the MMSE-STSA estimator. That is, the for-
mant regions of the noisy speech spectrum will be less affected (or
enhanced) by the MMSE-STSA algorithm for a given SNR value,



if it is previously emphasized by the PWF. This maintains more
properties of the original clean speech at formant peaks, while
also leaves more noise at the same regions. On the other hand,
ASR systems taking into account the speech perception process
may simulate the masking effect of human ears, so that they are
also more tolerable to the noise at formant regions. This gives the
reason why better ASR results can be expected when the PWF is
combined with the MMSE-STSA estimator.

In this paper, the PWF that was used throughout all our experi-
ments has the following transfer function:

H(z) =
A(z/ρ2)

A(z/ρ1)
=

∑p
i=0 aiρ

i
2z

−i

∑p
i=0 aiρi1z

−i
, (3)

where A(z) is related to the transfer function of the LPC synthesis
filter as follows:

H(z) =
1

A(z)
=

1∑p
i=0 aiz−i

, (4)

p is the LPC order, and {ai, i = 1, 2, . . . , p; a0 ≡ 1} are the
predictor coefficients of Eq. 4. The parameters ρ1 and ρ2 are the
bandwidth expansion factors that can expand formant bandwidths
by moving poles or zeros radially towards the center of the unit
circle. If the bandwidth expansion factor ρ1 is less than unity, the
bandwidths are expanded by shifting the poles towards the origin
of the z plane. If the bandwidth expansion factor ρ2 is less than
unity, the bandwidths are expanded by shifting the zeros towards
the origin of the z plane. The predictor coefficients are scaled di-
rectly according to aiρ

i
1 and aiρ

i
2. This results in a bandwidth ex-

pansion of −(Fs/π) ln(ρ1) Hz and −(Fs/π) ln(ρ2) Hz, respec-
tively, where Fs is the sampling frequency of the speech signal
[8]. In our case, the bandwidth expansion factors ρ1 and ρ2 and
the LPC analysis order p have the following values:

ρ1 = 0.9, ρ2 = 0.85, p = 10.

The PWF is implemented as shown in Figure 2. The most impor-
tant part in constructing the PWF is the LPC analysis. The gener-
ated LPC coefficients {ai} are scaled by multiplying the powers of
the expansion factors ρ1 and ρ2, so as to expand the bandwidth of
the peaks and valleys respectively. The scaled LPC coefficients are
considered as the forward and backward coefficients of the desired
PWF.

4. EXPERIMENTS & RESULTS

4.1. Database

In the following experiments the TIMIT database, described in
[10], was used. The TIMIT corpus contains broadband record-
ings of a total of 6300 sentences, 10 sentences spoken by each of
630 speakers from 8 major dialect regions of the United States,
each reading 10 phonetically rich sentences. The noisy speech is
obtained by adding noise to clean speech sample by sample. Seven
different kinds of noise (air craft cockpit [air], city rain [cra], flat
communications channel noise [fln], helicopter fly-by [hel], large
city [lci], large crowd [lcr] and white gaussian noise [wgn]) were
added artificially to the clean speech at different values of SNR.
These noise files were taken from the Duke noise archive package
of the Robust Speech Processing Laboratory in Duke University
[9]. To study the effect of such noise on the recognition accuracy

of the ASR system that we proposed, the reference templates for
all our experiments were taken from clean speech. On the other
hand, the dr1 subset of the TIMIT database was chosen from the
available database to evaluate the recognition system.

4.2. Recognition Platform

In order to recognize the continuous speech data that has been
enhanced as mentioned above, the HTK toolkit described in [11]
has been used throughout all experiments. This toolkit is used to
build an HMM-based speech recognition system. The HTK toolkit
can be used for isolated or continuous whole-word-based speech
recognition. The toolkit was designed to support continuous-
density HMMs with any numbers of state and mixture compo-
nents. It also implements a general parameter-tying mechanism
which allows the creation of complex model topologies to suit a
variety of speech recognition applications. For more details see
[11].

4.3. Tests & Results

In all our experiments, 12 MFCCs were calculated on a 30-msec
Hamming window advanced by 10 msec each frame. Then, an
FFT is performed to calculate a magnitude spectrum for the frame,
which is averaged into 20 triangular bins arranged at equal Mel-
frequency intervals. Finally, a cosine transform is applied to such
data to calculate the 12 MFCCs. Moreover, the normalized log en-
ergy is also found, which is added to the 12 MFCCs to form a 13-
dimensional (static) vector. This static vector is then expanded to
produce a 39-dimensional vector (including 13 static coefficients,
13 delta coefficients and 13 acceleration coefficients) upon which
the hidden Markov models (HMMs), that model the speech sub-
word units, were trained. The baseline system used for the recog-
nition task uses a triphone Gaussian mixture HMM system.

Applying the overall proposed recognizer to the noisy version of
the TIMIT database under different SNRs, which vary between
almost -4 and 20 dB, and carrying on some experiments proved
that the recognition accuracy has increased significantly. In or-
der to evaluate the performance of our proposed ASR system, we
compared the performance of the PWF-based HTK recognizer to
the baseline HTK recognition system. Table 1 shows a compari-
son of the percent word correctness rate, %CWrd of the MMSE-
STSA, PWF-based MMSE-STSA HTK ASR systems to the base-
line HTK using the dr1 subset of the TIMIT database when conta-
minated by additive car noise for different values of SNR.

Experiments were carried out on the noisy version of TIMIT data-
base. We tested our recognizer using our proposed front-end,
which combines the PWF with the MMSE-STSA algorithm. We
found through experiments that the use of such a front-end leads
to an improvement in the accuracy of the word recognition rate
compared to the one obtained when we used the classical MMSE-
STSA algorithm. Table 1 illustrates the word recognition correct-
ness rates obtained in these tests. Relative improvements up to 4%
were obtained, compared to the use of the MMSE-STSA algorithm
alone. It is clear from this table that our proposed pre-processing
algorithm outperforms the MMSE-STSA algorithm in all noisy en-
vironments for different SNR levels that were under investigation.



Noise Enhancement SNR of Noisy Speech
Type Configuration -4 dB 0 dB 4 dB 8 dB 12 dB 16 dB 20 dB

None (Noisy) 11.35 24.38 43.02 65.62 82.08 87.92 91.56
air MMSE-STSA 41.46 58.65 72.92 81.25 85.52 89.79 92.60

MMSE-STSA-PWF 39.06 58.23 70.83 80.31 85.10 90.21 93.02
None (Noisy) 2.40 5.21 13.85 35.62 60.31 80.42 88.33

cra MMSE-STSA 6.56 15.31 38.75 64.48 75.73 80.94 86.46
MMSE-STSA-PWF 7.40 19.38 40.21 64.58 76.88 82.08 86.77
None (Noisy) 0.73 1.98 5.21 17.29 49.27 74.48 85.73

fln MMSE-STSA 6.46 15.00 38.54 64.69 79.48 84.48 86.77
MMSE-STSA-PWF 6.46 15.62 40.52 67.50 80.00 84.79 87.60
None (Noisy) 4.38 8.54 26.46 52.92 75.83 85.52 89.38

hel MMSE-STSA 11.15 31.88 52.19 68.33 79.17 84.38 90.10
MMSE-STSA-PWF 11.88 30.62 53.65 69.79 79.38 85.21 89.79
None (Noisy) 2.50 5.10 17.19 43.75 70.00 84.27 88.54

lci MMSE-STSA 8.44 19.90 46.56 65.21 77.71 83.85 86.77
MMSE-STSA-PWF 9.48 23.44 51.15 67.92 78.02 83.96 87.92
None (Noisy) 2.81 6.88 16.46 40.52 64.48 82.40 88.23

lcr MMSE-STSA 5.73 13.65 35.94 59.58 76.56 83.75 87.71
MMSE-STSA-PWF 8.12 13.96 37.92 60.62 78.23 85.10 88.65
None (Noisy) 1.15 3.23 5.10 13.85 48.44 70.31 83.85

wgn MMSE-STSA 6.35 17.50 39.48 61.98 77.40 81.46 86.35
MMSE-STSA-PWF 6.88 18.44 39.58 64.69 77.71 82.40 87.19

Table 1. Comparison of the percent word recognition performance (%CWrd) of the MMSE-STSA, PWF-based MMSE-STSA HTK ASR
systems to the baseline HTK using the dr1 subset of the TIMIT database when contaminated by additive car noise for different values of
SNR.

5. CONCLUSION

We have proposed in this paper a pre-processing speech enhance-
ment approach to improve the performance of ASR systems. Re-
sults showed that preceding the classical MMSE-STSA algorithm
with a PWF and integrating them in the front-end of an HMM-
based recognizer leads to an improvement in the recognition per-
formance. Preliminary results showed that combining the PWF
filter with the MMSE-STSA estimator reduces the word error rate
for a wide range of SNR values down to -4 dB, compared to the re-
sults obtained using only the traditional MMSE-STSA algorithm.
This means that the inclusion of perception knowledge presented
in the PWF improves the ASR process in various noisy environ-
ments.

We are currently continuing the effort towards the optimization of
the parameters of the proposed used filter for further improvement.
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