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ABSTRACT

Performance of an automatic speech recognition sys-
tem degrades drastically when there is a mismatch be-
tween training and testing conditions. The aim of ro-
bust speech recognition is to overcome the mismatch
problem so as to result in a moderate and grace-
ful degradation in recognition performance. In this
paper, we provide a brief overview of an automatic
speech recognition system, describe sources of speech
variability that cause mismatch between training and
testing, and discuss some of the current techniques to
achieve robust speech recognition.

1. INTRODUCTION

Automatic speech recognition is a difficult prob-
lem and has a long history with initial papers ap-
pearing in 50’s [1, 2]. However, thanks to signifi-
cant progress made in recent years in this area [3,
4], the speech recognition technology which was con-
fined earlier to the research laboratories is now be-
ing applied to the real-world applications and a num-
ber of commercial speech recognition products (from
Dragon, IBM, Philips, etc.) have appeared in the
market. The main factors that have made it possi-
ble are the advances made in digital signal process-
ing (DSP) techniques and stochastic modeling algo-
rithms. The signal processing techniques are impor-
tant for extracting reliable acoustic features from the
speech signal, and the stochastic modeling algorithms
are useful for representing speech utterances in the
form of efficient models, such as the hidden Markov
models (HMMs), which simplify the task of speech
recognition. The other factors responsible for the
commercial success of the speech recognition technol-
ogy include the availability of fast processors (in the
form of DSP chips) and high density memories at rel-
atively low cost.

With the current state-of-the-art in the speech
recognition technology, it is relatively easy to accom-
plish fairly complex speech recognition tasks reason-
ably well in a controlled laboratory environments.
For example, it is possible to achieve 1% error rate
in a speaker-dependent isolated word recognition task

with 20,000 word vocabulary [5] and less than 0.5%
word error-rate in a speaker independent digit recog-
nition task [6]. Even the continuous speech from any
speaker and from a vocabulary of a few thousand
words can be recognized with a word-error rate of
between 5% and 10% [7]. This high level of speech
recognition performance is achievable only when the
training and the test data are matched. When there
is a mismatch between the training and the test data,
the speech recognition performance degrades drasti-
cally.

The mismatch between the training and test sets
may occur due to changes in acoustic acoustic envi-
ronments (background, channel mismatch, etc.), speak-
ers, task domains, speaking styles, etc. [8]. Each
of these sources of mismatch can cause severe dis-
tortion in recognition performance. For example, an
isolated word recognizer that can recognize 10 En-
glish digits perfectly when spoken in laboratory en-
vironment, recognizes only 30% of the spoken dig-
its when white noise is added to the signal with 10
dB signal-to-noise ratio (SNR) [9]. Similar degrada-
tions in recognition performance are observed due to
channel mismatch. The recognition accuracy of the
SPHINX speech recognition system on a speaker in-
dependent alphanumeric task dropped from 85% cor-
rect to 20% correct when the close-talking Sennheiser
microphone used in training was replaced by the om-
nidirectional Crown desktop microphone [10]. Simi-
larly, when a digit recognition system is trained tested
for a particular speaker, its recognition accuracy can
be easily 100%. But its recognition performance can
go down to as low as 50% when it is tested on a new
speaker.

In order to understand the effect of mismatch be-
tween training and test conditions, we show in Fig.
1 the performance of a speaker-dependent, isolated
word recognition system on speech corrupted by ad-
ditive white noise. The recognition system uses a
a 9-word English e-set alphabet vocabulary where
each word is represented by a single-mixture contin-
uous Gaussian density HMM with five states. Fig-
ure 1 shows the recognition accuracy as a function
of the signal-to-noise ratio (SNR) of the test speech



under the following two types of conditions: 1) Mis-
matched conditions where the recognition system is
trained on clean speech and tested on noisy speech,
and 2) Matched conditions where the training and the
test speech data have the same SNR. It can be seen
from this figure that the additive noise causes a dras-
tic degradation in recognition performance under the
mismatched conditions; but with the matched condi-
tions, the degradation is moderate and graceful. It
may be noted here that if the SNR becomes too low
(such as -10 dB), the system results in a very poor
recognition performance even when it is operated un-
der matched noise conditions. This is because the
signal is completely swamped by noise and no useful
information can be extracted from it neither during
training nor in testing.
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Figure 1: Effect of additive white noise on speech
recognition performance under matched and mis-
matched conditions.

When a speech recognition system is deployed in
practice in a real-life situation, there is bound to be
a mismatch between training and testing. This mis-
match causes severe deterioration in the recognition
performance. The aim of a robust speech recognition
system is to remove the effect of this mismatch and
achieve a recognition performance that is as graceful
as obtained under matched conditions.

In this paper, we provide only a glimpse of robust
speech recognition and describe briefly some of the
currently popular techniques used for this purpose.
(For more details, see [11, 12, 13, 14, 15, 16, 17].)
We will focus here mainly on techniques used to han-
dle mismatches resulting from changes in acoustic en-
vironments (e.g., due to channel and noise distor-
tions). Some of these techniques are equally appli-
cable to mismatches resulting from speaker variabil-
ity. This paper is organized as follows: Section 2
provides a brief overview of the automatic speech
recognition process. Different sources of variability in
the speech signal are discussed in Section 3. Robust

speech recognition techniques are briefly described in
Section 4. Section 5 summarizes the paper.

2. SPEECH RECOGNITION: AN

OVERVIEW

Objective of an automatic speech recognition sys-
tem is to take the speech waveform of an unknown
(input) utterance, and classify it as one of a set of
spoken words, phrases, or sentences. Typically, this
is done in two steps (as shown in Fig. 2). In the
first step, an acoustic front-end is used to perform
feature analysis where the speech signal is analyzed
at the rate of about 100 frames per second (i.e., ev-
ery 10 ms) to extract a set of features. This produces
a sequence of feature vectors that characterizes the
speech utterance sequentially in time. Second step
deals with pattern classification where the sequence
of feature vectors is compared against the machine’s
knowledge of speech (in the form of acoustics, lexicon,
syntax, semantics, etc.) to arrive at a transcription
of the input utterance.
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Figure 2: A block diagram of an automatic speech
recognition system.

Currently, most of the speech recognition systems
use a statistical framework to carry out the pattern
classification task, and they generally recognize the
input speech utterance as a sequence of words. Con-
sider a sequence of feature vectors,

Y = {y1,y2, . . . ,yT },

representing the T frames of the input speech utter-
ance. The task of the speech recognition system is to
find a word sequence,

W = {w1, w2, . . . , wK},

that maximizes the a posteriori probability of the ob-
servation sequence Y; i.e., the recognized word se-
quence,

Ŵ = {ŵ1, ŵ2, . . . , ŵK̂
},

is given by the following equation:

Ŵ = argmax
W

Pr(W |Y). (1)



In this equation, maximization of the a posteriori
probability Pr(W |Y) is done over all possible word
sequences {w1, w2, . . . , wK} for all possible values of
K. For a large vocabulary continuous speech recogni-
tion system, this is a computationally exorbitant task.
Fast search algorithms are available in the literature
to carry out this task [18, 19, 20].

Applying the Bayes rule and noting that Pr(Y) is
independent of W , Eq. (1) can be written as

Ŵ = argmax
W

Pr(Y|W ) · Pr(W ). (2)

This equation is known as the maximum a posteri-
ori probability (MAP) decision rule in the statistical
pattern recognition literature [21].

Equation (2) indicates that we need two probabili-
ties Pr(Y|W ) and Pr(W ) to carry out the recognition
task. These are computed through the acoustic and
the language models, respectively. These models are
briefly described below.

• Acoustic models: The acoustic models are
used to compute the probability Pr(Y|W ). In
order to compute this probability, we need the
probability of an observed sequence of feature
vectors for each of the words in the vocabulary.
This is done by representing each word by a
hidden Markov model (HMM) [23] and estimat-
ing the HMM parameters from an independent
(and preferably large) speech data during the
training phase. In order to capture the sequen-
tial nature of speech, the left-to-right HMMs are
used to model individual words. For a large vo-
cabulary continuous speech recognition system,
it is not possible to have one HMM for each
word, so we seek smaller units (subword units)
to characterize these probabilities. Examples
of these subword units are phonemes, demisyl-
lables and syllables. If there are M phonemes in
the (English) language, we can have M HMMs,
each estimated from the training data belong-
ing to the particular phoneme. These are called
context-independent models. For a large vo-
cabulary speech recognition system, these mod-
els are not adequate and one requires context-
dependent modeling to get good recognition per-
formance. Current recognition systems use HMMs
for all possible left and right contexts for each
phoneme (triphone models). Once the acoustic
models (in the form of HMMs) are available for
individual subword units (e.g., triphones) from
the training phase, the word models are con-
structed from the subword models according to
the transcription of the words (in terms of sub-
word units) contained in the lexicon.

• Language model: The language model is used
to compute the probability Pr(W ). Note that
Pr(W ) is independent of the observed feature

vector sequence Y. Like the acoustic models,
the language model is estimated from an in-
dependent and large corpus of training data.
Among different language models proposed in
the literature, the N -gram model (where N is
typically 2, 3 or 4) is perhaps the most popu-
lar and simple model to represent the syntactic,
semantic and pragmatic sources of knowledge.
In this model, the probability of the current
word depends on N preceding words. Thus, this
model is very effective in capturing local depen-
dencies between words. In an N -gram model,
the probability Pr(wk|w1, w2, . . . , wk−1) is ap-
proximated by Pr(wk|wk−1, wk−2, . . . , wk−N+1).
As an example, we show below the procedure
for calculating the probability Pr(W ) using the
trigram model (N = 3).

Pr(W ) = Pr(w1, w2, . . . , wK)

=

K∏

k=1

Pr(wk|w1, w2, . . . , wk−1)

=
K∏

k=1

Pr(wk|wk−1, wk−2). (3)

Thus, we compute the acoustic and language mod-
els in the training phase from the data available for
training the speech recognizer. Let us denote the set
of acoustic models (i.e.; subword HMMs) by ΛX and
the set of N -gram models by ΥW . Then, the MAP
decision rule (Eq. (2)) can be written in terms of
these models as follows:

Ŵ = argmax
W

Pr(Y|W,ΛX) · Pr(W |ΥW ). (4)

During the test phase, the recognizer uses the acous-
tic and language models to compute the probabili-
ties Pr(Y|W,ΛX) and Pr(W |ΥW ), and carry out the
recognition of the input utterance according to the
MAP decision rule given by Eq. (4).

3. VARIABILITY IN THE SPEECH

SIGNAL

Robust speech recognition deals with the problem
caused by mismatch between the training and testing
conditions. Most of the mismatch occurs due to the
variability in the speech signal resulting from various
sources; some of which are listed below.

• Background noise: When speech is recorded
in a given acoustic environment, the resulting
signal is a sum of speech produced by a speaker
and the background (or ambient) noise. This
additive noise has generally a colored spectrum,
whose shape depends on the source that gen-
erates it. In an office environment, the back-
ground noise results from sources such as com-
puters, printers, typewriters, air-conditioners,



ringing of telephone, fans, persons talking in
the background, etc. In a moving car environ-
ment, it can be due to engine, wind, tires, road,
etc. Similarly, sources of background noise for
other environments (such as telephone booth,
industrial plant, plane cockpit, etc.) can be
easily identified. Depending on the source, the
background noise can be stationary (e.g. fans,
air-conditioners) or non-stationary (e.g., mov-
ing car).

Though the spectral shape as well as the level of
background noise cause a degradation in recog-
nition performance, the later affects the recog-
nition performance more. When the background
noise has a relatively high level, it produces
Lombard effect [24], which changes even the
characteristics of the speech signal produced by
the given speaker.

• Room reverberation: Room reverberation
causes a convolutional distortion; i.e., the re-
verberated speech signal can be modeled as con-
volution of the intended speech signal with the
impulse response characterizing the distortion.
The amount of reverberation distortion is deter-
mined by the room acoustics and the position
of speaker and microphone within the room.
When a speaker is at a relatively large distance
from the microphone, the reverberation distor-
tion becomes serious and can affect the speech
recognition performance significantly [25].

• Microphone characteristics: Microphone acts
on the speech signal as a linear filter and causes
convolution-type of distortion. Since different
types of microphones have different frequency
responses, their mismatch during training and
test conditions causes severe degradation in recog-
nition performance [10].

• Transmission channel: When a speech recog-
nizer is accessed through a telephone or a mo-
bile phone, the transmission channel one gets is
totally unknown and unpredictable. This causes
mismatch between training and testing; and the
speech recognition performance suffers because
of this. Transmission channel acts like a linear
filter on the speech signal and causes convolution-
type of distortion. Mobile telephony introduces
another distortion resulting from speech coders
which also affects the recognition performance
adversely [26].

• Intra-speaker variability: When a person
speaks the same word twice at different times
of a day, the resulting speech utterances show
different acoustic characteristics. This intra-
speaker variability is mainly caused by changes
in the health and emotional states of the speaker.

• Inter-speaker variability: Inter-speaker vari-
ability is one of the main sources of introduc-
ing the mismatch between training and testing
conditions and is a major cause of affecting the
performance of a speech recognizer adversely.
Differences in the length and shape of the vo-
cal tract, dialect, pronunciation and articula-
tory habits are some of the sources of this vari-
ability.

Most of the sources of speech variability discussed
above produce the additive-type distortion (e.g., back-
ground noise) and/or the convolution-type of distor-
tion (e.g., microphone mismatch) in the speech signal.
A common model that describes these distortions and
helps in understanding the robust speech recognition
techniques (discussed in the next section) is as fol-
lows:

y(m,n) = x(m,n) ? h(m,n) + w(m,n) (5)

where the symbol ? denotes the convolution operation
and m is the frame index, n the time index within the
m-th frame, x(m,n) the clean speech signal, y(m,n)
the distorted signal, h(m,n) the impulse response de-
scribing the convolution-type distortion and w(m,n)
the additive noise signal. In this equation, both of the
distortions are non-stationary in nature. If we assume
these distortions to be stationary, Eq. (5) becomes

y(m,n) = x(m,n) ? h(n) + w(n) (6)

If x(m,n), h(n) and w(n) are uncorrelated, it can be
easily shown that

Pyy(m, f) = Pxx(m, f)|H(f)|2 + Pww(f) (7)

where f is the frequency variable, H(f) the Fourier
transform of h(n), and Pyy(m, f), Pxx(m, f) and Pww(f)
are the power spectra of y(m,n), x(m,n) and w(n),
respectively. If there is only the convolution-type of
distortion present in the signal, Eq. (7) can be writ-
ten as

log Pyy(m, f) = log Pxx(m, f) + 2 log |H(f)| (8)

When the signal is corrupted by the additive noise
distortion (i.e., there is no convolutional distortion),
then Eq. (7) can be written as

Pyy(m, f) = Pxx(m, f) + Pww(f) (9)

Equations (7), (8) and (9) form the basis of a number
of the robust speech recognition techniques discussed
in the next section.

4. ROBUST SPEECH RECOGNITION

TECHNIQUES



As mentioned earlier, robust speech recognition
tries to deal with the problem resulting from the mis-
match between training and testing. A speech rec-
ognizer is called robust if it (approximately) main-
tains its good recognition performance even if there
is a mismatch between the training and testing con-
ditions.

Some researchers believe that one can solve the
mismatch problem by increasing the size of the train-
ing data set and including all possible speech varia-
tion into it. Though it solves the problem to some
extent, this belief is not completely true. The models
computed from this large training data will be dif-
fused and diluted; i.e., they will have large variance.
As a result, their performance will be relatively poor
for all the test conditions. By increasing the size of
training data set and including all possible speech
variations into it, one is only improving the gener-
alization capability at the cost of recognition perfor-
mance.

In order to really solve the robust speech recogni-
tion problem, one has to understand the basic char-
acteristics of the speech signal and the effect of dif-
ferent sources of distortion and variability, and then
capture this knowledge during the feature extraction
and acoustic modeling stages. If the mismatch still
remains, then use small amount of adaptation data
prior to testing the recognition system for fine tun-
ing. A number of techniques have been reported in
the literature on these lines for robust speech recog-
nition. Some of these are briefly described below.
We assume here that the clean (undistorted) speech
{x(n)} is used for training the recognition system and
the distorted speech {y(n)} for testing.

4.1. Speech Enhancement Techniques

The aim of a speech enhancement system is to
suppress noise from the noisy speech signal. For ro-
bust speech recognition, it is used as a preprocessor to
a speech recognizer. Since it produces a clean speech
signal, it is not necessary to make any changes in the
recognition system to make it robust. A number of
speech enhancement techniques have been reported
in the literature [27]. These include spectral suppres-
sion [28, 29, 27], Wiener and Kalman filtering [30],
comb filtering [27] and singular value decomposition
(SVD) [31, 32].

These enhancement techniques were originally de-
veloped with the aim of improving the intelligibility
of noisy speech in mind. However, they can be used
for robust speech recognition as well. The technique
that has been used most for this purpose is the spec-
tral subtraction method [33, 34]. In this method,
the power spectrum of clean speech Pxx(m, f) is esti-
mated by explicitly subtracting the noise power spec-
trum Pww(f) from the noisy speech power spectrum
Pyy(f) using Eq. (9). This method requires the infor-
mation about noise power spectrum. This can be esti-
mated from the non-speech frames. However, it is not

always possible to detect the non-speech frames cor-
rectly. This affects the estimation of the noise power
spectrum and may result in poor speech enhancement
performance. When used in combination with other
noise compensation method, the spectral subtraction
method has been found to be very useful for robust
speech recognition [34]. Recently, this method has
been applied in wavelet domain with good results [35].

Another technique of speech enhancement based
on singular value decomposition (SVD) has been re-
cently used for robust speech recognition [36]. In this
method, SVD is applied to an over-determined, over-
extended data matrix formed from the noisy speech
signal and a noise-free, low rank approximation is ob-
tained by retaining a specific number of singular val-
ues. This technique is found to improve the recogni-
tion performance significantly for SNRs less than 15
dB.

4.2. Special Transducer Arrangement

A speech recognizer can be made robust to ad-
verse acoustic environments if the transducers can
be arranged in a favorable fashion. For example, if
we use a unidirectional microphone and place it near
the mouth, we can reduce the distortion due to back-
ground noise and reverberation. This will help in im-
proving the SNR of the recorded speech. If we use two
microphones, one to capture the noise signal and the
other to pick up the noisy speech signal, we can ap-
ply the adaptive filtering algorithms such as the least
mean squares (LMS) algorithm to achieve speech en-
hancement. This helps in canceling both stationary
and nonstationary noises and improves the recogni-
tion performance in the presence of noise [37, 38].

For hands-free speech recognition applications (e.g.,
teleconferencing, speech recognition in a car, etc.), it
is not possible to use a close-talking microphone. In
these applications, an array of microphones is used to
improve the SNR of speech as well as to cope up with
the speaker mobility [39, 40, 41]. The SNR of speech
is increased under both stationary and nonstation-
ary acoustic environments (background noise and re-
verberation) by using an adaptive beam-forming pro-
cedure and the speaker ability is managed by using
a source location procedure working jointly with the
beamformer. Good recognition results are reported in
the literature for mismatched acoustic environments
using a microphone array [42].

4.3. Robust Feature Selection and Extraction

Methods

Selection of proper acoustic features is perhaps
the most important task in the design of a robust
speech recognition system. It directly affects the per-
formance of the recognition system. These features
should be selected with the following criteria in mind:

1. They should contain maximum information nec-
essary for speech recognition.



2. They should be insensitive to speaker charac-
teristics, manner of speaking, background noise,
channel distortion, etc.

3. We should be able to estimate them accurately
and reliably.

4. It should be possible to estimate them through
a computationally efficient procedure.

5. They should have a physical meaning (prefer-
ably consistent with the human auditory per-
ception process).

Obviously, it is very difficult to select a set of acous-
tic features which satisfy all these requirements, and
a great deal of research has been done to identify
these features (see [43] and references given therein
for different front-ends).

Once these features are selected, the task of the
acoustic front-end is to extract these features from the
speech signal. For this, it divides the speech signal
into overlapping time frames and computes the val-
ues of these features for each frame. The complexity
of the acoustic front-end depends on the type of fea-
tures selected. These features may be as simple as the
energy and zero-crossing rate of the waveform during
each frame. A better, but more complex, method
for feature analysis is based on the source/system
model of the speech production system. It is generally
considered that the system part of this model repre-
sents the vocal tract response and it contains most of
the linguistic information necessary for speech recog-
nition. The power spectrum of each speech frame
contains information about the source part (in the
form of fine structure) and vocal tract system part
(in the form smooth spectral envelope). The task of
the acoustic front-end is to compute the smooth spec-
tral envelope from the power spectrum by removing
the fine structure. Once the smooth spectral enve-
lope is estimated, it can be represented in terms of a
few parameters (such as cepstral coefficients). These
parameters are used as acoustic features in a speech
recognition system.

Traditionally, the power spectrum of a speech frame
is computed either by fast Fourier transform (FFT)
algorithm or through filter-bank analysis technique.
The smooth spectral envelope is computed from this
power spectrum by using one of the following two sig-
nal processing techniques: 1) linear prediction (LP)
analysis and 2) homomorphic analysis. In the LP
analysis technique, the smooth spectral envelope is
modeled by an all-pole filter and parameters of this
filter are estimated through a least-squares procedure.
In the homomorphic analysis technique, a logarithmic
function is used on the power spectrum which makes
the source and system components additive in the
log power spectrum. This allows a simple linear fil-
ter to remove the source component (fine structure)

from the log power spectrum. This is done by com-
puting an inverse Fourier transform of the log power
spectrum where a first few terms (called cepstral co-
efficients) represent the smooth spectral envelope.

Most of the speech recognizers reported in the lit-
erature use cepstral features which are derived from
the FFT power spectrum by using the LP analysis
technique. These linear prediction cepstral coeffi-
cients (LPCCs) are known to be very sensitive to ad-
ditive noise and channel mismatch distortions which
are very common in practice. As a result, the perfor-
mance of these recognition systems deteriorates dras-
tically in the presence of these distortions. Human
listeners, on the contrary, can recognize speech even
in the presence of large amount of noise and channel
distortions. Therefore, it is argued that the acoustic
front-end can be made more robust to these distor-
tions by utilizing the properties of human auditory
system. We call these front-ends as auditory front-
ends.

A number of auditory front-ends have been pro-
posed in the literature. These front-ends employ some
property of human auditory system to modify the
power spectrum and then use either the LP analy-
sis technique or the homomorphic analysis technique
to get the smooth spectral envelope which, in turn,
is represented in terms of a few cepstral features.
Some examples of popular auditory front-ends are
Mel filter-bank analysis [44], perceptual linear predic-
tion analysis [46], ensemble interval histogram (EIH)
analysis [47], etc.

The Mel filter-bank analysis procedure [44] is based
on the fact that the frequency sensitivity of the hu-
man ear is higher at low frequencies than at higher
frequencies. Therefore, this method computes the
power spectrum of a given speech frame by using
a nonuniform filter bank where filter bandwidth in-
creases logarithmically with filter frequency (accord-
ing to Mel scale). The Mel frequency cepstral co-
efficients (MFCCs) representing the smooth spectral
envelope are computed from the power spectrum us-
ing the homomorphic analysis technique. The MFCC
features have been found to be more robust to addi-
tive noise and channel mismatch distortions than the
LPCC features [45].

The PLP analysis technique [46] uses more de-
tailed properties of the human auditory system than
the Mel filter-bank analysis technique to compute the
power spectrum. In addition to nonuniform filter-
bank (where filters are spaced according to Bark scale),
it uses equal loudness curve and the intensity-loudness
power law to model the auditory system better. The
cepstral features are estimated from the resulting power
spectrum by using the LP analysis technique. The
EIH analysis technique [47] uses a measure of the
spatial (tonotopic) extent of coherent neural activ-
ity across the stimulated auditory nerve to compute
the power spectrum. The cepstral features are com-



puted from this power spectrum using the LP analysis
technique.

Though the cepstral features (LPCCs or MFCCs)
provide a reasonable recognition performance, one of
the major problems they have is that they are very
sensitive to additive noise distortion. Recently, a
number of techniques for robust extraction of cepstral
features have been reported. These techniques exploit
some special properties of the speech and interfering
noise for their operation. For example, the cumulant-
based LP analysis method [48] assumes that the speech
signal is non-Gaussian and the additive noise signal is
Gaussian. Since Gaussian processes have identically
zero cumulants of all orders greater than two, the cu-
mulants of the noisy speech signal will be insensitive
to noise. The cepstral features are estimated from
these robust cumulants using the all-pole modeling.

Cyclic autocorrelation-based LP analysis provides
another method for robust extraction of cepstral fea-
tures [49]. This method assumes that the speech sig-
nal is cyclostationary and uses cyclic autocorrelation
function for computing LP parameters. Since the
cyclic autocorrelation function of a stationary random
signal is zero, independent of its statistical descrip-
tion, this analysis is robust to additive noise, white
or colored.

If the additive background noise can be assumed
to be a white stationary random noise process, then
its 0-th lag autocorrelation coefficient has a finite pos-
itive value, all other autocorrelation coefficients are
zero. If we compute the LP parameters by solving
the higher-order Yule-Walker equations (which do not
include the 0-th lag autocorrelation coefficient), the
resulting estimate of the cepstral features will be ro-
bust to the noise. This concept has been used in the
past in a number of robust feature extraction tech-
niques [50, 51, 52, 53].

Auditory masking properties have been success-
fully used in the past for improving the performance
of speech and audio coders [54, 55, 56, 57]. These
properties have been used recently for robust extrac-
tion of cepstral features [58]. Using these properties,
auditory masking threshold as a function of frequency
is computed for a given speech frame from its power
spectrum. All those portions of the power spectrum
which are below the auditory threshold are not heard
by the human auditory system due to masking ef-
fects and, hence, are discarded. These portions are
replaced by the corresponding portions in the mask-
ing threshold spectrum. This modified power spec-
trum is processed by the LP analysis procedure to
derive cepstral features for the speech frame.

Though these robust extraction techniques help in
reducing the sensitivity of the cepstral features to ad-
ditive noise distortion, the problem still remains. In
addition, the cepstral features have another problem
that they do not have any physical meaning. This
makes it difficult to incorporate noise masking prop-

erties in cepstral domain during the recognition pro-
cess, though one can go in a round about fashion to
achieve it [59]. Because of these problems, some ef-
forts are currently being made to investigate alternate
features for robust speech recognition.

Addition of white noise to the speech signal affects
the speech power spectrum at all the frequencies, but
the effect is less noticeable in the higher amplitude
(formant) portions of the spectrum (i.e., signal-to-
noise ratio is more in the formant regions than in the
non-formant regions). Since cepstrum features use
formant as well as non-formant regions of the power
spectrum in their computation, they become very sen-
sitive to additive white noise. This problem can be
overcome by using formant frequencies as features, as
the formant locations are not disturbed by the addi-
tive noise distortion. In addition to this robustness
to noise, formants have many other advantages. For
example, they provide most parsimonious represen-
tation of the spectral envelope and have physical in-
terpretation as vocal tract resonances. Because of
these advantages, the formant frequencies were used
as recognition features in the sixties. But they have
been lately abandoned mainly due to the problems
associated with their estimation from the speech sig-
nal. These problems arise due to merging of peaks
in the spectrum and appearance of spurious peaks in
the spectrum. These problems cause gross errors in
formant extraction. If we can overcome these prob-
lems or devise features which have properties similar
to formant frequencies, we can improve the speech
recognition performance. Recently, the spectral sub-
band centroids have been proposed as an alternative
to formant features [60]. Preliminary results indicate
the usefulness of these features for speech recognition.
However, they have to be investigated more rigorously
for robust speech recognition.

Since the filter-bank energies (FBEs) also have
physical meaning, they can be used as recognition fea-
tures. The problem with FBEs is that they are highly
correlated and, therefore, provide poor recognition
performance in comparison to the cepstral features.
Recently, some studies have been reported which pro-
vide methods to decorrelate FBEs [61, 62]. When
decorrelated FBEs are used as features, they perform
better than the cepstral features for noisy speech.

Currently, the MFCCs and their first and second
time derivatives are the most popular features used
for speech recognition. Inclusion of time derivatives in
the feature set improves the recognition performance
in matched as well as mismatched acoustic conditions
[63].

4.4. Feature Enhancement Techniques

Feature enhancement techniques try to suppress
the effect of distorting interferences (such as addi-
tive background noise and channel mismatch) and
are used after the feature extraction stage to achieve
robust speech recognition. These techniques utilize



certain properties of the speech signal and interfer-
ing sources to achieve feature enhancement. Cepstral
liftering is one such technique which uses the prop-
erty that the interfering signals show less variation in
the log-power spectrum than the speech signal. Since
cepstrum is obtained as an inverse Fourier transform
of the log-power spectrum, the interfering signals af-
fect the lower-quefrency cepstral coefficients more. In
cepstral liftering, the lower-quefrency cepstral coeffi-
cients are weighted down with respect to the higher-
quefrency cepstral coefficients [64, 65]. This tech-
nique improves the recognition performance for the
dynamic time warping (DTW) based speech recog-
nizers under the matched as well as mismatched con-
ditions [65, 62]. But, the cepstral liftering does not
offer this improvement when used with a continuous
Gaussian density HMM-based speech recognizer [62].
However, when the FBE features are used with lifter-
ing effect, they provide similar improvement even for
the HMM-based systems [61, 62].

Another feature enhancement technique is the cep-
stral mean normalization [66]. It assumes that the
interfering distortion is stationary and convolutional
(see Eq. (8)), and suppresses it by subtracting the
long-term cepstral mean vector (over the input ut-
terance) from the current cepstral vector. This tech-
nique is currently very popular for overcoming the
channel mismatch distortion. When the channel is
slowly varying with time, its effect can be removed by
highpass filtering (e.g., RASTA) the sequence of cep-
stral feature vectors [67]-[70]. Though this technique
should theoretically improve the speech recognition
performance for mismatched channel conditions, it
provides in practice robustness to both additive back-
ground noise and channel mismatch distortions [71].

4.3. Robust Distortion Measures

In the preceding subsection, the knowledge about
the effect of additive noise on the features of clean
speech has been used to devise feature enhancement
techniques. This knowledge can also be used to de-
fine robust distortion (or similarity) measure. For
example, it has been observed [72] that the presence
of additive white noise in the speech signal causes a
reduction in the norm of its cepstral vector. This ob-
servation, when cast in the perspective of a Euclidean
vector space, leads to a projection distance measure.
This distance measure has been found to be robust
with respect additive white noise distortion when ap-
plied to a DTW-based recognizer [72]. The concept of
cepstral norm reduction has also been incorporated in
the HMM-based speech recognition system and good
performance for noisy speech has been reported [9].

Discriminative similarity measures which are de-
signed through a discriminative training algorithm
have also been found to be robust to additive noise
distortion. For example, the multi-layer perceptron
(MLP) type of neural network classifier is trained
through the back-propagation algorithm and provides

this type of similarity measure. When used in a
single-frame based vowel recognition task with cep-
stral features, the MLP classifier offers much better
performance for noisy speech than the maximum like-
lihood and K-nearest classifiers [73]. Similar results
have been reported for the phonetic classification task
[74].

4.7. Feature and Model Compensation Tech-

niques

Given the acoustic and language models ΛX and
ΥW (computed from the training data), the task of
a speech recognizer is to transcribe the unknown in-
put utterance represented by the feature vector se-
quence Y using the MAP decision rule (Eq. (4)).
In this paper, we are concentrating on the mismatch
between the training and testing conditions resulting
from the variability in the speech signal. This means
that we have to handle the mismatch between the
acoustic models ΛX and the observation sequence Y,
and do not have to worry about the language model
ΥW . We can reduce this mismatch either by modify-
ing the feature sequence Y (feature compensation) or
the acoustic models ΛX (model compensation). Some
of the feature and model compensation techniques are
described below.

4.7.1. Training-based compensation: As mentioned
earlier, one way to achieve robust speech recognition
is to train the recognizer afresh (from the scratch)
every time the test condition changes. This is prac-
tically impossible because every time we have to col-
lect a large amount of training data, and train the
system which is computationally very expensive. An-
other way is to capture some information about the
mismatch during the training phase and use it to per-
form robust speech recognition.

One way to do it is to collect a small set of stereo
training data [75]; i.e., a pair of stereo training sets,
one corresponding to speech utterances recorded in
clean (undistorted) condition and the other corre-
sponding to same utterances recorded simultaneously
in presence of distortion. This stereo training data
can then be used to derive a mapping in the feature
space which can be used to clean the distorted feature
vectors in the test phase. Several methods have been
reported in the literature to derive this mapping. For
example, the probabilistic optimum filtering method
[76] finds the mapping in the form of a piecewise linear
transformation, estimated by quantizing the feature
space into a set of distinct regions and computing a
set of filters optimum in the mean square error sense.
A similar approach has been used to derive a fam-
ily of environment dependent cepstral compensation
methods [75].

It is not always possible to have stereo training
data (e.g., when the mismatch is due to inter-speaker
variability). In such cases, one uses a pair of training
utterances representing the same text, but recorded



separately under two mismatched conditions. The
two training utterances are aligned in time using the
DTW algorithm prior to their use in deriving the
transformation (or mapping) [77, 78].

In the parallel model combination method [79, 80],
a statistical model (e.g., HMM) of the background
noise is constructed during the training phase. Dur-
ing the testing phase, the clean HMMs ΛX are com-
bined with this noise HMM to recognize the sequence
Y. This is done by carrying out Viterbi search in
the combined state-space of two models. Since this
method provides a framework for incorporating in-
dependent concurrent signals (speech and noise), it
can be used to handle non-stationary interfering sig-
nals. For example, a multi-state HMM can used to
capture the changing statistical characteristics of the
non-stationary noise signal. This method is closely
related to the HMM decomposition method [81]. The
main difference between the two methods is that clean
speech features are estimated from the noisy features
during the recognition phase in the HMM decompo-
sition method. Methods reported in [82, 83] are also
related to the HMM decomposition method.

4.7.2. Adaptation-based compensation: The methods
using adaptation-based compensation require a small
amount of data collected at the testing stage for fea-
ture or model adaptation. These methods have been
originally developed for speaker adaptation. How-
ever, they are equally useful for handling other sources
of mismatch (background noise, microphone and chan-
nel mismatch distortion). Here, we describe these
methods in the context of speaker adaptation.

In a typical speaker adaptation scenario, speaker
independent (SI) HMMs are computed during the
training phase from a large collection of data com-
ing from a number of speakers. Adaptation is carried
out for a new speaker (who is going to use the system
during the testing phase) either in feature space or in
model space using a small amount of speaker-specific
adaptation data.

Let us denote this adaptation data by Y. As-
sume that the transcription of this adaptation data
is available. Let us denote this transcription by W.
This data is utilized to design a transformation in the
model space

ΛY = Gη(ΛX), (10)

where G is the transformation whose functional form
can be assumed to be known from our prior knowl-
edge of the source of mismatch and η are the asso-
ciated parameters. These parameters are estimated
in such a way so as to provide best match between
the transformed models ΛY and the adaptation data
Y. In the maximum likelihood formulation, their es-
timates η̂ are found as follows:

η̂ = argmax
η

Pr(Y|η,W,ΛX) · Pr(W|ΥW ). (11)

The maximization in this equation can be carried out
using the expectation-maximization algorithm [84].

We have described above an adaptation procedure
using a transformation in the model space. A similar
procedure can be developed for a feature space based
transformation.

Several functional forms of the transformation in
Eq. (10) have been tried out in the literature and
procedures for estimating their parameters have been
developed. Some of these functional forms include a
simple cepstral bias [84, 85, 86], linear affine transfor-
mation [87, 88, 89] and nonlinear transformation real-
ized through an MLP [90]. The linear affine transfor-
mation is currently the most popular choice and the
resulting formulation (given by Eq. (11)) is called
the maximum likelihood linear regression (MLLR)
method [88, 89].

So far, we have described methods which use the
adaptation speech with its transcription in a batch
mode. It is possible to carry out speaker adapta-
tion with an unlabelled adaptation data (unsuper-
vised mode). We can also update the transformation
parameters as new adaptation data becomes available
(incremental mode).

Instead of using the transformation based adap-
tation, one can adapt the SI HMMs directly using
the MAP algorithm [91, 92]. This algorithm incor-
porates the prior knowledge of SI HMM parameters
to get the MAP estimate for the new speaker us-
ing his/her adaptation data. Though the MAP algo-
rithm provides an optimal solution, it has the prob-
lem that it converges slowly and requires a relatively
large amount of adaptation data. The MAP algo-
rithm can be combined with the transformation-based
methods to get better and fast adaptation perfor-
mance [93, 94, 95, 96]. Recently there has been an in-
terest in fast adaptation techniques (such as the clus-
ter adaptive training [97] and eigenvoice techniques
[98]), which use a very small amount of adaptation
data to adapt to a new speaker or invironment.

4.7.3. Self-adaptation based compensation: In self-
adaptation based compensation, no adaptation data
is available. Here, only information available to the
recognition system is the observed feature sequence Y

and the models (ΛX and ΥW ). The system has to do
the adaptation of the models (ΛX) using the observed
feature sequence Y and at the same time perform
the recognition task. Assuming a model-space based
transformation (Eq. (10), the dual task of adaptation
and recognition can be achieved through the following
equation:

(η̂, Ŵ ) = argmax
(η,W )

Pr(Y|η,W,ΛX) ·Pr(W |ΥW ). (12)

This joint optimization over (η,W ) is a very difficult
task. An iterative suboptimal procedure is generally
used for this purpose where the maximization is car-
ried out sequentially in two steps [84, 85, 71]. In the



first step, the transformation parameters η are as-
sumed to be known from the previous iteration and
are used to carry out maximization over W as follows:

Ŵ = argmax
W

Pr(Y|η,W,ΛX) · Pr(W |ΥW ). (13)

In the second step, the estimated word sequence Ŵ

is used to carry out maximization over η as follows:

η̂ = argmax
η

Pr(Y|η, Ŵ ,ΛX) · Pr(Ŵ |ΥW ). (14)

Thus, the first step does recognition and the second
step performs adaptation. These steps are iterated
until the convergence is reached.

SUMMARY

In this paper, we have addressed the topic of ro-
bust speech recognition. Mismatch between the train-
ing and testing conditions causes a severe degradation
in the speech recognition performance. The aim of
a robust speech recognition is to overcome this mis-
match problem and provide a moderate and graceful
degradation in the recognition performance. We have
concentrated here on the mismatch problem resulting
from the variability of the speech signal. The sources
for this variability include additive background noise,
channel and microphone mismatches, speaker mis-
match, and different accents, stress types and speak-
ing styles. A number of robust speech recognition
techniques have been briefly described.
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