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ABSTRACT

In this paper, we study the problem of robust speech
recognition in adverse environments. We focus our atten-
tion to the following two types of distortions: 1) the addi-
tive noise distortion, 2) the channel mismatch distortion.
The maximum likelihood (ML) equalization technique is
used to compensate for these distortions. Performance of
the ML technique is compared with the following chan-
nel equalization techniques: the global mean subtraction
(GMS) technique, the local mean subtraction (LMS) tech-
nique, the finite impulse response (FIR) highpass filtering
technique, the infinite impulse response (IIR) highpass
filtering technique, the RASTA (bandpass) filtering tech-
nique, and the masking-based filtering technique. These
techniques have been recently proposed in the literature
and are computationally much simpler than the ML equal-
ization technique. It is shown that the ML equalization
technique does not offer any significant advantage over the
other channel equalization techniques in terms of recog-
nition performance.

1. INTRODUCTION

Though the currently-available speech recognizers work
reasonably well in normal environments, their performance
deteriorates drastically when they are deployed in ad-
verse environments. These environments introduce noise,
channel mismatch and other types of distortions in the
speech signal. Since a speech recognizer is designed for
a given acoustic environment, any mismatch in environ-
mental conditions degrades its performance. For example,
an isolated word recognizer that can recognize 10 English
digits perfectly when spoken in laboratory environment,
recognizes only 30% of the spoken digits when white noise
is added to the signal with 10 dB signal-to-noise ratio
(SNR) [1]. Similar degradations in recognition perfor-
mance are observed due to channel mismatch. The recog-
nition accuracy of the SPHINX speech recognition sys-
tem on a speaker-independent alphanumeric task dropped
from 85% correct to 20% correct when the close-talking
Sennheiser microphone used in training was replaced by
the omnidirectional Crown desktop microphone [2].

In the present paper, our aim is to study the problem
of robust speech recognition in adverse environments. We
focus our attention to the following two types of distor-
tions: 1) the additive noise distortion, 2) the channel mis-
match distortion. We propose to use a maximum likeli-
hood (ML) equalization technique to compensate for these
distortions. In the ML equalization technique, the distor-
tion within an input utterance is assumed to be station-
ary. The ML equalization technique transforms the fea-
ture vectors (representing the distorted input speech ut-

terance) in such a way that it maximizes the log-likelihood
function. We use here a hidden Markov model (HMM)
based speech recognition framework. The ML equaliza-
tion technique is consistent with the HMM-based speech
recognizer as likelihood is maximized for the transforma-
tion of the feature vectors in the former case and for the
recognition of the input utterance in the later case. See
references [2, 3, 4, 5, 6] for related work reported in the
literature. In this paper, we compare the performance
of the ML technique with the following channel equaliza-
tion techniques: the global mean subtraction (GMS) tech-
nique [7], the local mean subtraction (LMS) technique [6],
the finite impulse response (FIR) highpass filtering tech-
nique [8], the infinite impulse response (IIR) highpass fil-
tering technique [9], the RASTA (bandpass) filtering tech-
nique [10], and the masking-based filtering technique [11].
These techniques have been recently proposed in the lit-
erature and are computationally much simpler than the
ML equalization technique.

This paper is organized as follows. The maximum
likelihood equalization technique is developed in Section
2. Section 3 describes the data base used for evaluat-
ing the channel equalization techniques for robust speech
recognition under adverse environments. Speech recogni-
tion experiments and results are described in Section 4.
Section 5 summarizes the paper.

2. MAXIMUM LIKELIHOOD EQUALIZATION

TECHNIQUE

Here, we develop the maximum likelihood equalization
procedure for isolated word recognition. However, it is
general enough and can be used for continuous speech
recognition employing sub-word units. We use here the
cepstral coefficients derived through linear prediction anal-
ysis as recognition features.

Let the input utterance to be recognized be repre-
sented by a sequence of observation (cepstral) vectors,
Y = {Y1, Y2, . . . , YT }, where T is the number of frames
in the input utterance. Since this utterance is spoken un-
der adverse conditions, it is distorted. Our aim here is to
clean up this distortion. For this, we transform each vec-
tor of this utterance such that the likelihood function is
minimized. Let Fη denote the transformation (param-
eterized in terms of a parameter vector η), and X =
{X1, X2, . . . , XT } the observation sequence after trans-
formation. Then

Xt = Fη(Yt), for 1 ≤ t ≤ T . (1)

Our goal is to find this transformation such that it
maximizes the likelihood function under the HMM frame-
work. For finding this transformation, consider a con-



tinuous density HMM λ = [N, π, A, B], where N = the
number of states in the model, π = {πi, 1 ≤ i ≤ N}, the
initial state probability vector (πi is the probability that
the model is in state i initially), A = {aij , 1 ≤ i, j ≤ N},
the transition matrix of underlying Markov chain (aij is
the probability of transition from state i to state j), and
B = {bj(Xt), 1 ≤ j ≤ N}, the output probability matrix.
Here bj(Xt) is the probability of outputting the vector
Xt when the model is in state j. In our study, we repre-
sent bj(Xt) as a mixture of M normal probability density
functions (PDFs); i.e.,

bj(Xt) =

M∑

k=1

CjkN(Xt, µjk, σjk) (2)

=

M∑

k=1

Cjk

[(2π)d/2
∏d

i=1
σjki]

exp[−

d∑

i=1

(Xti − µjki)
2/2σ2

jki)], (3)

where d is the number of features in an observation (cep-
stral) vector, Cjk is the mixture weight of k-th mixture
of j-th state, and µjk and σjk are the mean and stan-
dard deviation vectors, respectively, of j-th state and k-th
mixture. Note that we use here only diagonal covariance
matrices (i.e., we assume off-diagonal elements to be zero).

The transformation Fη is estimated by the maximum
likelihood formulation in two steps: segmentation and
maximization. In the segmentation stage, the model λ
is assumed to be known and the Viterbi algorithm is used
to segment the observation sequence into states. Let the
state sequence be given by,

qT
1 = {q1, q2, . . . , qT }.

In the maximization stage, the transformation is obtained
by maximizing the likelihood function which is expressed
as the probability of the sequence X given the model and
state sequence and is written as

P (X | qT
1 , λ) =

T∏

t=1

bqt
(Xt) (4)

Let us denote qt by j. Then, the log-likelihood of the
sequence X is

L(X | qT
1 , λ) = log P (X | qT

1 , λ) (5)

=

T∑

t=1

log(bj(Xt)) (6)

By substituting the value of Xt from Eq. (1) into Eq. (6),
we get the likelihood function in terms of the transforma-
tion Fη. In order to solve for this transformation, we con-
sider two cases. In case 1, we assume that the functional
form of the transformation is known and it is represented
in terms of a few parameters. For example, we know that
the additive noise introduces multiplicative distortion in
the cepstral vector. This means that Xt = αYt, where α
is a constant for a given utterance whose value depends
on the amount of additive noise distortion. Similarly, we
know that the channel mismatch distortion becomes addi-
tive in the cepstral domain. This means that Xt = Yt−B,
where B is the bias vector which remains constant for the
input utterance. The parameters of this transformation

can be computed by minimizing the likelihood function
(Eq. (6)). In case 2, we do not know the functional form
of the transformation. In this case, we use a multilayer
perceptron to approximate this transformation. Note that
the multilayer perceptron can provide nonlinear transfor-
mation. The connection weights of the multilayer percep-
tron can be estimated by the back-propagation algorithm
using the likelihood function (Eq. (6)) as the cost func-
tion.

Note that in this procedure we compute the transfor-
mation for each input utterance we recognize. This may
be computationally expensive in some applications. For
this, we suggest an alternate way where we provide a small
amount of calibration speech to the recognizer before its
use to compute the transformation for a given adverse en-
vironment. Once we have learnt this transformation, we
can use the recognizer with this transformation as long as
our environmental condition does not change.

In the present paper, we assume this transformation
to be linear and it is characterized by an additive bias
vector B in the cepstral domain; i.e.,

Xt = Yt − B. (7)

The bias B is obtained by maximizing the following log
likelihood function:

L(Y | B, qT
1 , λ) =

T∑

t=1

log[

M∑

m=1

Cjm

N(Yt − B, µjm, σjm)], (8)

where state qt is denoted by j, and observation probability
from this state is given by weighted sum of M Gaussian
mixtures. The k-th component of bias vector B, obtained
from this maximization, is given by

Bk =

∑T

t=1

∑M

m=1
{γjmt(Ytk − µjmk)/σ2

jmk}∑T

t=1

∑M

m=1
{γjmt/σ2

jmk}
, (9)

where

γjmt =
CjmN(Yt, µjm, σjm)∑M

l=1
CjlN(Yt, µjl, σjl)

. (10)

3. SPEECH DATA BASE

In this paper, we study the problem of robust speech
recognition under adverse environments using a speaker
independent isolated word recognition system as a test
bed. For this, we use the ISOLET spoken letter database
from Oregon Graduate Institute[12]. Here, the vocabu-
lary consists of 26 English alphabets (A-Z). From this data
base, we use 90 utterances for each word from 90 talkers
(45 male and 45 female) for training and 30 utterances for
each word from 30 talkers (15 male and 15 female, differ-
ent from training talkers) for testing. In the original data
base, these utterances were digitized at 16 kHz sampling
rate. We down-sample the speech utterances from this
data base to 8 kHz using a lowpass filter with cutoff fre-
quency of 3.5 kHz. The speech signal is analyzed every 15
ms with a frame width of 45 ms (with Hamming window
and preemphasis), and each frame is represented in terms
of 10 cepstral features. LP analysis is done through the
autocorrelation method with predictor order of 10.

For studying the speech recognition performance for
noisy speech, we use machine-generated, zero-mean, white
Gaussian noise and add it to each test utterance to get



the desired signal-to-noise ratio. Speech recognition per-
formance is studied here as a function of SNR.

In order to evaluate the recognition performance for
speech with channel mismatch distortion, we need a pro-
cedure to introduce a controlled amount of channel mis-
match distortion in the speech signal. However, to the
best our knowledge, no such procedure is available in the
literature. In order to devise such a procedure, we model
the channel mismatch distortion by a parametric func-
tion. For simplicity, we assume it to be represented by
a half sinusoid cycle, with two ends of the half sinusoid
being at zero and Fs/2 frequencies and maximum of the
half sinusoid being at frequency Fs/4. (Here, Fs is the
sampling frequency of the speech signal.) The channel
mismatch distortion can be controlled by changing the
amplitude of the sinusoid. We design a finite impulse re-
sponse (FIR) digital filter using the windowing technique
which approximates the parametric function representing
the channel mismatch distortion. The input (unknown)
utterance (from the test data) is filtered by this FIR fil-
ter to introduce the channel mismatch distortion. We
measure the distortion by the value of this amplitude in
decibels and evaluate the recognition performance for dif-
ferent dB values. Fig. 1 illustrates the frequency response
of the FIR filter used to introduce a 12 dB channel mis-
match distortion at 8 kHz sampling rate.
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Figure 1: Frequency response of the FIR filter used to
generate 12 dB channel mismatch distortion.

4. RECOGNITION EXPERIMENTS AND RE-

SULTS

In order to see the effectiveness of the equalization tech-
nique for recognizing speech in adverse environments, we
use an isolated-word speech recognition system as a test
bed. We study its recognition performance in speaker
independent mode. The recognition system uses a multi-
mixture continuous density HMM framework. We use a
5-state continuous density HMM recognizer with prob-
ability density functions approximated by a mixture of
5 multivariate normal distributions with diagonal covari-
ance matrices.

In order to put the ML equalization technique in a
proper perspective, we compare its performance with other
channel equalization techniques recently proposed in the
literature. The channel equalization techniques used in

our comparison are as follows: the global mean subtrac-
tion (GMS) technique [7], the local mean subtraction (LMS)
technique [6], the finite impulse response (FIR) highpass
filtering technique [8], the infinite impulse response (IIR)
highpass filtering technique [9], the RASTA (bandpass)
filtering technique [10], and the masking-based filtering
technique [11].

We use 10 cepstral coefficients as recognition features
and evaluate the recognition performance for different noise
and channel mismatch conditions. Here we provide results
for clean speech, 15 dB noisy speech and 12 dB channel
distorted speech. Speech recognition results for differ-
ent channel equalization techniques are shown in Table
1. Note that the ML results are obtained by modeling
the distortion as a constant additive factor (or, bias) in
the input utterance. It can be seen from this table that
all the channel equalization techniques (except for the
masking-based filtering technique) give better results than
the baseline case where no processing is done for channel
equalization. Among the channel equalization techniques
reported in this table, only the ML and GMS techniques
assume the distortion within the input utterance to be
stationary, others assume it to be slowly varying function
of time. The ML equalization technique performs slightly
better than the GMS technique, but its performance is
comparable with other techniques. Inclusion of delta-
cepstrum and delta-delta-cepstrum in the feature set gives
similar results as shown in Tables 2 and 3, respectively.

Table 1: Recognition performance of different channel
equalization techniques using 10 cepstrum features.

Type of Recognition accuracy
Processing Clean Noisy Channel

No processing 74.94 57.63 63.91
GMS 82.37 72.88 80.32
LMS 85.06 74.68 82.50

FIR HPF 84.81 72.50 82.50
IIR HPF 84.10 75.00 82.88

RASTA BPF 84.36 74.94 82.37
Mask 76.22 62.50 66.15
ML 84.88 74.10 82.58

Table 2: Recognition performance of different channel
equalization techniques using 10 cepstrum and 10 delta
cepstrum features.

Type of Recognition accuracy
Processing Clean Noisy Channel

No processing 86.92 73.01 81.22
GMS 88.46 79.87 87.12
LMS 87.69 78.40 86.60

FIR HPF 88.46 79.81 87.56
IIR HPF 89.29 80.45 88.53

RASTA BPF 88.53 79.94 88.08
Mask 86.28 77.18 82.88
ML 88.72 80.15 88.15

We have also studied another version of the ML equal-
ization technique, where effect of distortion on cepstral
feature vectors is assumed to be a multiplicative factor.
This version gives improved recognition results for speech
corrupted by additive white noise. These results are con-
sistent with our earlier results obtained by introducing



Table 3: Recognition performance of different channel
equalization techniques using 10 cepstrum, 10 delta cep-
strum and 10 delta-delta cepstrum features.

Type of Recognition accuracy
Processing Clean Noisy Channel

No processing 88.97 76.86 86.41
GMS 89.29 80.64 88.53
LMS 87.11 78.91 85.13

FIR HPF 89.36 81.73 88.27
IIR HPF 88.91 80.32 88.65

RASTA BPF 88.85 81.86 88.21
Mask 88.97 78.85 84.81
ML 88.91 80.75 88.45

first-order equalization in the HMM framework [1]. These
results will be reported later on in a separate paper.

5. SUMMARY

In this paper, speech recognition in presence of additive
noise distortion and channel mismatch distortion is stud-
ied. The ML equalization technique is used to compen-
sate for these distortions. Performance of the ML tech-
nique is compared with the following channel equaliza-
tion techniques: the global mean subtraction (GMS) tech-
nique, the local mean subtraction (LMS) technique, the
finite impulse response (FIR) highpass filtering technique,
the infinite impulse response (IIR) highpass filtering tech-
nique, the RASTA (bandpass) filtering technique, and the
masking-based filtering technique. These techniques are
computationally much simpler than the ML equalization
technique. It is shown that the ML equalization tech-
nique does not offer any significant advantage over the
other channel equalization techniques in terms of recog-
nition performance.
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