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Regression of Utterance SNR
Xiaodong Cui, Student Member, IEEE, and Abeer Alwan, Senior Member, IEEE

Abstract—A feature compensation (FC) algorithm based on
polynomial regression of utterance signal-to-noise ratio (SNR) for
noise robust automatic speech recognition (ASR) is proposed. In
this algorithm, the bias between clean and noisy speech features
is approximated by a set of polynomials which are estimated
from adaptation data from the new environment by the expecta-
tion-maximization (EM) algorithm under the maximum likelihood
(ML) criterion. In ASR, the utterance SNR for the speech signal is
first estimated and noisy speech features are then compensated for
by regression polynomials. The compensated speech features are
decoded via acoustic HMMs trained with clean data. Comparative
experiments on the Aurora 2 (English) and the German part of
the Aurora 3 databases are performed between FC and maximum
likelihood linear regression (MLLR). With the Aurora 2 experi-
ments, there are two MLLR implementations: pooling adaptation
data across all SNRs, and using three distinct SNR clusters. For
each type of noise, FC achieves, on average, a word error rate
reduction of 16.7% and 16.5% for Set A, and 20.5% and 14.6% for
Set B compared to the first and second MLLR implementations,
respectively. For each SNR condition, FC achieves, on average,
a word error rate reduction of 33.1% and 34.5% for Set A, and
23.6% and 21.4% for Set B. Results using the Aurora 3 database
show that, the best FC performance outperforms MLLR by
15.9%, 3.0% and 14.6% for well-matched, medium-mismatched
and high-mismatched conditions, respectively.

Index Terms—Feature compensation, noise robust speech
recognition, polynomial regression, signal-to-noise ratio (SNR)
estimation.

I. INTRODUCTION

SPEECH recognition systems trained in quiet environments
suffer from performance degradation in the presence of

ambient acoustic noise. The degradation is mainly attributed
to the mismatch between clean acoustic models and noisy
speech data. Considerable efforts have been made to reduce this
mismatch and improve recognition accuracy in noisy conditions
[1]. Generally speaking, noise robust algorithms are applied
in the front-end feature domain and/or in the back-end model
domain.

In the front-end feature domain, spectral subtraction [2]
is a commonly used method for noise suppression where
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additive noise spectrum is estimated and subtracted from the
noisy speech spectrum to recover the clean speech spectrum.
Cepstral mean normalization (CMN) [3] which removes the
mean of cepstral features is another popular approach to deal
with convolutive channel noise. In [4], an signal-to-noise ratio
(SNR)-dependent cepstral normalization (SDCN) algorithm is
proposed to compensate the noisy speech features in the cepstral
domain by removing the compensation vectors from them in a
discrete HMM recognizer. The compensation vectors clustered
by frame SNRs are estimated using “stereo” data which consist
of clean and noisy speech signals recorded simultaneously.
Statistical speech feature enhancement based on conditional
minimum mean square error estimation is investigated in [5]
where the joint prior of static and frame-differential dynamic
cepstral features are utilized. Other research on noise-robust
feature extraction includes RASTA [6] and perceptual linear
predictive (PLP) [7] where noise-robust features are extracted
based on human perceptual characteristics. More recently,
noise robust front-end feature schemes have been widely in-
vestigated for distributed speech recognition (DSR), e.g., [8]
and [9]. In [8], noise robust speech features are obtained using
a combination of SNR-dependent waveform processing, two
passes of Wiener filtering and blind equalization techniques
and achieve impressive performance. In [9], low-complexity
algorithms such as peak isolation [10], harmonic demodulation
[11] and variable frame rate [12] are combined to generate
speech features and result in very good recognition perfor-
mance in adverse environments. The algorithms are inspired by
the observation that in case of noise, peaks in speech spectra
are more noise robust than valleys, and that formant transitions
carry important perceptually-discriminative information.

In the back-end model domain, parallel model combination
(PMC) [13] is widely used to adapt clean acoustic models to
match the acoustic environment. According to the relationship
between clean and noisy speech signals and based on the
estimation of additive and convolutive noise, PMC transforms
the means and covariances of Gaussian mixtures in clean
acoustic HMMs toward the true distributions of the noisy
speech features. The transformation generated by PMC can
be fairly accurate but the computation is expensive since all
acoustic model parameters have to be modified. If the environ-
mental statistics are not stationary, model parameters need to
be changed constantly. The compensation relationship between
the distributions of clean and noisy speech features being
statistically nontrivial, vector Taylor series (VTS) and vector
polynomial approximations (VPS) are proposed in [14] and
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[15], respectively, to approximate the nonlinear compensation
relationship which allow environment adaptation to be carried
out in a tractable way. The Jacobian approach in [16] approxi-
mates PMCs complicated model compensation computation by
linearization using Jacobian matrices between the initial and
test environments. Since the linearization is best performed
within a small neighborhood of the initial conditions, the Jaco-
bian method works best for the cases where training and test
conditions are not much different. Maximum likelihood linear
regression (MLLR) [17] is also an effective way to adapt the
clean acoustic models to a new environment, although it was
originally developed for speaker adaptation. Without having
prior knowledge of the noise, MLLR obtains the environmen-
tally matched models by rotating and shifting the means of the
Gaussian mixtures of clean HMMs using linear regression. In
comparison with PMC, MLLR is computationally attractive. A
modified version of MLLR called piecewise-linear transforma-
tion (PLT) is studied in [18] where various types of noise are
clustered based on their spectral property and one set of noisy
acoustic models is trained for each cluster under a variety of
SNR conditions. In recognition, the best matched HMM set is
selected and further adapted by MLLR.

In [19], significant improvements are achieved in noisy
speech recognition by using variable parameter hidden Markov
models (VPHMM) whose Gaussian mean vectors under dif-
ferent environments are described by polynomial functions of
an environment-dependent continuous variable. In recognition,
one set of HMMs is instantiated according to the environment.
By modeling the trend of the Gaussian means, VPHMM has
smaller Gaussian variances which indicates higher model
discriminative abilities. Typically, the estimation of the state
emission parameter polynomials requires a relatively large
amount of data under the target environments.

In this paper, feature compensation based on polynomial re-
gression of the utterance signal-to-noise ratio (SNR) is inves-
tigated. The bias between the clean and noisy speech features
in the cepstral domain is approximated by a set of polynomials
with respect to utterance SNR. During the recognition stage, ut-
terance SNR is first estimated and compensation bias is then
computed and removed from the noisy speech cepstral feature.
The compensated feature is fed into the clean acoustic HMMs
decoding network. Feature compensation polynomials are esti-
mated under the maximum likelihood (ML) criterion using the
expectation-maximization (EM) algorithm. Depending on the
amount of adaptation data available, the polynomials could be
flexibly tied at different levels of granularity. By learning the
trend of the bias as a function of SNR, the algorithm is able to
predict the biases at unseen SNRs. The biases, not the means,
are approximated by the polynomials in this paper because the
biases allow more flexible tying schemes with limited adapta-
tion data, e.g., global tying or a few tying classes, which is not
easy to perform directly on the means. Furthermore, with the
knowledge of clean acoustic models, biases can achieve more
robust estimation compared with the means.

The remainder of this paper is organized as follows. In Sec-
tion II, the motivation and formulation of feature compensation
utilizing polynomial regression of utterance SNRs is given. The
utterance SNR estimation method based on minimum statistics

tracking is described in Section III. The training and recognition
scheme of the feature compensation algorithm and comparative
experimental results with MLLR are shown in Section IV. Sec-
tion V concludes the paper with a summary.

II. POLYNOMIAL REGRESSION OF SIGNAL-TO-NOISE RATIO

In this section, the motivation of using SNR-based regression
polynomials for feature compensation is introduced. The ML
estimation of the regression polynomials in an EM framework
is also described.

A. Bias Approximation by SNR Polynomials

For additive noise, assuming that clean speech signals and
noise are statistically independent in each filter bin, the power
of a noisy speech signal in the th filter bin of each frame is the
sum of the power of clean speech and noise of the filter bin

(1)

where and denote noisy speech, clean speech
and noise in the linear power domain of the th filter bin re-
spectively. For the th filter bin in the log-power domain, (1)
could be rewritten as

(2)

where and represent noisy and clean speech in the
log-power domain, is the signal-to-noise ratio and

(3)

Applying Discrete Cosine Transform (DCT) on both sides of
(2), we get the th cepstral coefficient as

(4)

Since is a function of the utterance SNR, (4) could be
written as

(5)

where and are the th cepstral component of noisy
and clean speech, ’s are the DCT coefficients and
denotes a function of SNR of the th cepstral coefficient.

From (5), it is clear that the bias between the clean and noisy
features is a nonlinear function of SNR. In this paper, this non-
linear function is approximated by a polynomial of order re-
gressing on SNR, that is

(6)
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where ’s are the coefficients for the th order items of the
th cepstrum. The above relation provides a way to recover the

clean speech feature by compensating the noisy feature
with the polynomial approximated bias if one knows the

utterance SNR

(7)

B. Feature Compensation

Assuming that the clean acoustic models are Gaussian mix-
ture HMMs, the probability density function of observing fea-
ture from state is computed as

(8)

where is the th multivariate
Gaussian mixture in state with weight and and
are the mean vector and covariance matrix associated with it,
respectively.

The feature compensation algorithm removes the polynomial
approximated bias from the noisy speech feature using the esti-
mated SNR during the mixture Gaussian probability calculation,
which is shown in

(9)

In (9), is the noisy speech feature, and are the
mean and covariance of Gaussian mixtures in clean acoustic
HMMs. is the utterance SNR. ’s are the coefficients of
the regression polynomials of state , mixture and polynomial
order . is a vector with the same dimension as the feature
vector which means each component in the feature vector has
its own regression polynomial with coefficients .

Depending on the adaptation data available from the new en-
vironment, the regression polynomials could be tied flexibly at
different levels of granularity-mixtures, states, phonetic classes
or globally shared for all HMMs.

C. Maximum Likelihood Estimation of Regression Polynomials

The ML estimation of the regression polynomials from the
environmental adaptation data is performed under an EM [20]
framework.

We assume that the incorporation of the feature compensation
into the Gaussian mixture calculation does not affect the initial
state probabilities, state transition probabilities and Gaussian
mixture weights. Therefore, define the EM auxiliary function
we are interested in as

(10)

where is the utterance number of adaptation data and is
the frame number of the th utterance. and

are the state and mixture sets, respec-
tively. is the posterior
probability of staying at state mixture at time t given the th
observation sequence .

Without loss of generality, we assume that each Gaussian
mixture has one set of distinct regression polynomials. For other
tying strategies, the derivations follow accordingly utilizing the
collection of the corresponding statistics within each tying set.
The extension to other strategies is straightforward and will be
discussed later.

Optimizing with respect to , one obtains

(11)

By regrouping terms, (11) can be rewritten as

(12)

In a similar way as [19], define

(13)

Equation (12) is simplified into

(14)

The equations in (14) can be expressed in a matrix form

(15)
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In (15), is a dimensional block matrix

...
... (16)

with elements being a matrix where denotes
the feature dimensionality

(17)

(18)

is composed of coefficient vectors ,
each of which is dimensional.

On the right side of the (15), is a dimensional block
vector

(19)

where is a dimensional vector

(20)

From (15), the polynomial coefficients
can be computed by inverting the matrix . This operation is
computationally expensive if the covariance matrices in are
full. However, when the covariance matrices are diagonal
(which is usually the case), the computational load could be
significantly reduced as discussed in [21].

The above describes the formulation for estimating the poly-
nomials that are distinct for each Gaussian mixture. For other
tying schemes, the extension of the above derivation is straight-
forward. Suppose there are classes within
which the regression polynomials of different Gaussian mix-
tures are shared.

The optimization of with respect to
changes to

(21)

where denotes the th Gaussian mixture in state
that belongs to the tying class .

Similarly, the shared polynomial coefficients satisfy

(22)

and ’s can be solved accordingly.
In [22] and [23], the phase relationship between the clean and

noisy speech is investigated. In particular, the phase informa-
tion is incorporated into the minimum mean square error esti-
mation of clean speech features in the log-Mel power domain
in [22] which achieves impressive performance improvements.
The consequent non-Gaussian probability density function in
the estimator is approximated by a single-point, second-order
Taylor series expansion. Unlike the phase-sensitive model in
[22], phase is not taken into account as shown in (1). However,
phase, which is also a function of utterance SNR, is implicitly
represented in the nonlinear bias which is, in turn, approximated
by regression polynomials. Compared with the phase-sensitive
model which uses a single expansion point for all clean speech
mixture components, the regression polynomials can be con-
sidered as expansions at a particular Gaussian mixture mean
(mixture-specific polynomials) or averaged Gaussian mixture
means (tied polynomials) which are also optimized iteratively
under the ML criterion. In addition, the proposed feature com-
pensation algorithm is less computationally expensive than the
phase-sensitive model.

III. UTTERANCE SIGNAL-TO-NOISE RATIO ESTIMATION

SNRs used in the feature compensation algorithm are esti-
mated based on the minimum statistics tracking algorithm pro-
posed in [24]. It is well known that significant portions of speech
signals contain silence. In noisy conditions, silence portions are
contaminated with background noise. Under the assumption that
the power of noisy speech is the summation of the power of
clean speech and background noise, tracking the power spectral
minima can provide a fairly accurate estimate of the background
noise power, and hence, a good estimate of the SNR. In addition,
by tracking the minimum statistics, the algorithm can deal with
nonstationary background noise of slowly changing statistical
characteristics. One disadvantage of this approach is the bias be-
tween the mean and minimum value of the background noise.
In this paper, an empirically determined constant factor of 2.0
is applied to correct for this bias. Power spectral minimum sta-
tistics are searched within a 0.5 second interval preceding each
speech frame. Fig. 1 illustrates the noise power (denoted by “+”)
estimated, without bias correction, from the noisy speech spec-
trum (denoted by “o”) for an utterance labeled 15 dB SNR in
the Aurora 2 database. Power is calculated from each frame.

After the noise power is estimated, the clean speech power is
computed by subtracting the noise power from the noisy speech
power. In case negative values appear, a small positive floor
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Fig. 1. Noise power(+) estimated by minimum statistics tracking from the
noisy speech power spectrum (o) for the utterance “43o6571.” The utterance
is labeled 15 dB SNR in the Aurora 2 database.

Fig. 2. Estimated frame-wise SNR (solid line in top panel), estimated
utterance SNR (dotted line in top panel) and waveform (bottom panel) of the
utterance “43o6571” labeled 15 dB SNR in the Aurora 2 database.

is used. Power estimates of clean speech and of noise lead to
frame-wise SNR estimates

(23)

Fig. 2 demonstrates the estimated frame SNRs (solid line) and
estimated utterance SNR (dotted line) of the same utterance as
in Fig. 1. There is an SNR floor set at 0 dB for all frames since
SNR estimates below 0 dB are assumed to be not reliable. The
utterance SNR used in the polynomial regression feature com-
pensation is the average of the nonzero frame SNRs of the utter-
ance. The reason for employing utterance SNR instead of frame
SNR is that the polynomial approximated bias is only mean-
ingful with respect to the clean speech. Frame SNR reflects the
power variation of different portions within the utterance. For
example, for a clean utterance, there is no need for compensa-
tion although frame SNRs can vary over a wide range. In con-
trast, the averaged utterance SNR reflects how the overall signal
is corrupted by noise.

Fig. 3. Training and recognition scheme.

IV. EXPERIMENTAL RESULTS

A. Experimental Conditions

The proposed feature compensation algorithm by polynomial
regression of the utterance SNR is trained and tested on the con-
nected digits from the Aurora 2 [25] and the German part of the
Aurora 3 databases.

For the Aurora 2 database experiments, there are 8440 clean
utterances from 55 male and 55 female adult speakers in the
clean training set from which the acoustic HMMs are trained.
Speech data in testing sets A and B are used for evaluation.
There are eight types of background noise in the Aurora 2 data-
base, which are subway, babble, car and exhibition noise in Set
A and restaurant, street, airport and station noise in Set B. Noisy
speech data are generated by artificially adding the noise signals
at a variety of SNR levels. Six SNR conditions are evaluated in
the test which are clean, 20 dB, 15 dB, 10 dB, 5 dB, and 0 dB.
For each SNR level and each type of noise in Sets A and B, there
are 1001 utterances from 52 male and 52 female adult speakers.
Thus, in total, each set consists of 24 024 utterances.

For the German part of the Aurora 3 database, the utterances
are recorded in a real car environment that includes four different
conditions:stoppedwithmotor running(SMR), towntraffic(TT),
lowspeedroughroad(LSRR),andhighspeedgoodroad(HSGR).
The data are recorded from different scenarios such as left front
window open or closed, sunroof open or closed, etc. All the data
are recorded by a close-talking microphone and a hands-free mi-
crophone. There are 2929 utterances in the database from which
utterances are selected for three training and testing conditions:
well-matched (WM), medium-mismatched (MM) and high-mis-
matched (HM). The WM experiment utilizes speech from both
microphone types and all driving conditions for both training and
testing. It includes 2032 utterances in training and 897 utterances
in testing. The MM experiment utilizes 997 utterances as training
data from hands-free microphone using all driving conditions ex-
ceptfor theHSGRdrivingcondition,and241utterancesas testing
data from hands-free microphone with HSGR driving condition.
TheHMexperimentutilizes1007utterancesas trainingdata from
the close-talking microphone and all driving conditions, and 394
utterances as testing data from the hands-free microphone for all
drivingconditions except the SMR driving condition. In all cases,
there are 36 male and 43 female talkers in the training set, and 15
male and 18 female talkers in the testing set.

Fig. 3 shows the training and recognition scheme employed in
the experiments. For each utterance, Mel-frequency cepstral co-
efficients (MFCC) features are extracted and the utterance SNR
is estimated from the speech signals. The frame length is 25 ms
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Fig. 4. Histograms of estimated utterance SNRs labeled as clean (left) and 20 dB SNR (right) data in Set A of Aurora 2 database.

Fig. 5. Histograms of estimated utterance SNRs labeled as 15 dB (left) and 10 dB SNR (right) data in Set A of Aurora 2 database.

and the frame shift is 10 ms. The speech feature for each frame
contains 12 static MFCCs (excluding C0) plus log energy (E)
and their first and second order derivatives. Therefore, there are
39 components in each feature vector. In the training stage, re-
gression polynomials are estimated from the adaptation data. In
the recognition stage, for each frame in the utterance, the poly-
nomial approximated bias is computed based on the utterance
SNR and removed from the noisy MFCC features. Cepstral fea-
tures are then decoded using the Viterbi decoding network with
original acoustic HMMs.

The HMMs adopt a left-to-right topology and are word-based
models with 16 emission states for each digit, three states for the
silence model and 1 state for the short pause model. There are
three mixtures in each state of digit models and six mixtures
for silence and short pause models. All the Gaussian mixtures
have diagonal covariance matrices. The above setup follows the
Aurora 2 and 3 specifications.

B. Distribution of Utterance SNRs

It is interesting to compare the estimated utterance SNRs and
the original SNR labels provided by the database. Figs. 4 and 5
show histograms of utterance SNRs in Set A estimated by the

minimum statistics tracking algorithm at four SNR conditions in
the Aurora 2 database. Small variances (2–3 dB) are observed
in the estimated utterance SNRs for each condition in those fig-
ures. Since frames with SNR below 0 dB are not included in the
utterance SNR calculation and bias exists in the minimum sta-
tistics tracking algorithm, the utterance SNRs estimated are not
exactly the same as the labeled SNRs. The calibration with the
database labeling shows good utterance SNR estimation by the
minimum statistics tracking algorithm. Figs. 6–8 indicate the ut-
terance SNR distributions of the training and testing sets under
three experimental conditions of the German part of the Aurora
3 database. For the FC algorithm, the absolute utterance SNR
accuracy is not critical while the consistency of utterance SNR
estimation between training and recognition is.

C. Regression Polynomial Orders

As stated before, the nonlinear bias can be approximated by
polynomials of different orders. The higher the order of the
polynomials, the smaller the approximation errors. However,
higher order polynomials can also result in overfitting and more
parameters to estimate. With limited learning data, nonreliable
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Fig. 6. Histograms of estimated utterance SNRs in training (left) and testing (right) of the well-matched condition of the Aurora 3 German database.

Fig. 7. Histograms of estimated utterance SNRs in training (left) and testing (right) of the medium-mismatched condition of the Aurora 3 German database.

Fig. 8. Histograms of estimated utterance SNRs in training (left) and testing (right) of the high-mismatched condition of the Aurora 3 German database.

parameter estimation may occur. Table I shows the FC perfor-
mance with respect to different regression polynomial orders.
The state-tied regression polynomials are estimated from 300
utterances from Sets A and B (each) in the Aurora 2 database.

For the special case when the polynomial order is 0, it is equal
to a state-based SNR independent bias removal method. From
the table, performance improves when the polynomial order in-
creases from 0 to 2. Third order polynomials give slightly worse
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Fig. 9. Left panel shows estimated global polynomials as a function of SNR and iteration number. The right panel shows average likelihood of 50 utterances as
a function of the number of EM iterations. Both panels use the energy feature component (E) for the airport noise data.

Fig. 10. Left panel shows estimated global polynomials as a function of SNR and iteration number. The right panel shows average likelihood of 50 utterances as
a function of the number of EM iterations. Both panels use the energy feature component (E) for the station noise data.

TABLE I
AVERAGE WORD RECOGNITION ACCURACY (%) FOR SETS A AND B AN

AURORA 2 WITH RESPECT TO POLYNOMIAL ORDER. THE POLYNOMIALS

ARE STATE TIED AND ESTIMATED FROM 300 UTTERANCES

performance due to a larger number of parameters to be esti-
mated. Considering the approximation goodness and number of
parameters, first and second order polynomials are chosen for
the experiments.

D. Estimated Regression Polynomials

The effectiveness of regression polynomial fitting to noisy
speech data can be observed from the change of the average like-
lihood of the adaptation utterances. The effect of the number of
EM iterations is illustrated in Figs. 9 and 10, the figures show

average likelihood of 50 utterances using one to ten EM iter-
ations in the right panels for airport and station noise, respec-
tively. The corresponding polynomials of the energy component
of the features are illustrated on the left. The polynomials are
shared globally and zero polynomials are chosen as the initial
conditions under which no feature compensation is performed.
From the figures, a significant increase of the average likelihood
can be observed after the first iteration which is attributed to the
feature compensation beginning to take effect and the regression
polynomials change from zero polynomials to nonzero polyno-
mials. Afterwards, the average likelihood increases monotoni-
cally until it converges to a stationary point. The monotonicity
and convergence is guaranteed by the EM algorithm. Fast con-
vergence of the FC algorithm can be observed in the figures.
Typically, the algorithm converges after three or four iterations.
The increase of the likelihood indicates a better fit of the fea-
tures to the original models after the compensation.

The effect of the number of utterances is illustrated in Figs. 11
and 12 where the global polynomials are estimated for six EM it-
erations for a variety of feature components with different num-
bers of adaptation utterances with car and subway background
noise. The shape of the polynomials varies dramatically when
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Fig. 11. Left and right panels show estimated global polynomials as a function of SNR and number of utterances for energy (E) and the first cepstral coefficient
(C1), respectively, under car noise. The number of EM iterations is fixed at six.

Fig. 12. Left and right panels show estimated global polynomials as a function of SNR and number of utterances for the sixth (C6) and tenth (C10) cepstral
coefficients, respectively, under subway noise. The number of EM iterations is fixed at six.

the number of adaptation utterances is small. As the adaptation
data size grows, the polynomials become stable since the statis-
tics collected for polynomial estimation become more robust.

As observed from the estimated regression polynomials, bi-
ases exist under clean conditions (e.g., 20 dB). This
will degrade the performance for clean speech to a certain de-
gree. Table II shows the baseline (zero utterances) and FC per-
formance averaged over all the clean conditions in the Aurora
2 database. Ten, 100, and 200 adaptation utterances are uti-
lized which tie the polynomials at the global, state and mix-
ture levels, respectively. Compared with the baseline, the FC
algorithm degrades recognition performance. Therefore, in the
decoding stage of the following experiments on the Aurora 2
database, no compensation is performed for SNRs higher than
20 dB.

E. Recognition Results

1) Aurora 2 Database: Comparative experiments are per-
formed using the proposed feature compensation (FC) algo-
rithm and the maximum likelihood linear regression (MLLR) al-
gorithm. Different amounts of adaptation data are used ranging

TABLE II
WORD RECOGNITION ACCURACY (%) AVERAGED OVER ALL CLEAN

CONDITIONS IN THE AURORA 2 DATABASE. FEATURE COMPENSATION IS

PERFORMED WITH TEN, 100, AND 200 UTTERANCES. CLEARLY, USING FC
WITH CLEAN DATA DEGRADES PERFORMANCE

from five to 300 utterances for each type of noise. Adaptation ut-
terances are randomly chosen from Sets A and B for each type of
noise and are excluded from the testing. The average length for
each utterance is 4.6 digits. Regression polynomials are noise
dependent and depending on the adaptation data size, they are
tied at different levels of granuality: for adaptation sizes of five,
10, and 20 utterances, polynomials are tied globally; for adap-
tation sizes of 50, 100, and 150 utterances, polynomials are tied
within states; for adaptation sizes of 200, 250, and 300 utter-
ances, polynomials are Gaussian mixture specific. The trans-
formations of MLLR are also tied in a similar manner. In the
experiments, two MLLR schemes are tested—the transforma-
tion matrices are estimated by pooling all the adaptation data
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TABLE III
WORD RECOGNITION ACCURACY (%) FOR FC AND MLLR FOR 4 TYPES OF

NOISE IN SET A OF THE AURORA 2 DATABASE. MLLR1 REFERS TO THE CASE

WHERE THE MLLR TRANSFORMATION MATRICES ARE ESTIMATED ACROSS

ALL SNR LEVELS, WHILE MLLR2 REFERS TO MLLR TRANSFORMATION

MATRICES BEING SNR-CLUSTER SPECIFIC. BASELINE MFCC RESULTS ARE

PRESENTED AS ADAPTATION WITH ZERO UTTERANCES

TABLE IV
WORD RECOGNITION ACCURACY (%) FOR FC AND MLLR ON 4 TYPES OF

NOISE IN SET B OF THE AURORA 2 DATABASE. SEE Table III CAPTION FOR THE

DEFINITION OF MLLR1 AND MLLR2. BASELINE MFCC RESULTS ARE

PRESENTED AS ADAPTATION WITH ZERO UTTERANCES

across SNR levels, and by distinct SNR levels, respectively. For
the second case, considering the SNR distinction and amount
of data for robust estimation, three SNR clusters are employed:
clean and 20 dB, 15 dB and 10 dB, and 5 dB and 0 dB. Different
MLLR transformation matrices are estimated for three different
SNR clusters and used to evaluate the corresponding SNR level
utterances. For both MLLR implementations, the transforma-
tion matrices are three-block diagonal. The regression polyno-
mial order is set to two.

Performance of FC and MLLR for each type of noise is pre-
sented in Table III for Set A, and in Table IV for Set B. In the
tables, MLLR1 denotes the case where MLLR transformation
matrices are estimated by all of the adaptation data and MLLR2
denotes the SNR-cluster specific case. The results are averaged
across the 6 SNR levels (clean, 20 dB, 15 dB, 10 dB, 5 dB, and
0 dB) tested.

In most cases, MLLR2 outperforms MLLR1 when the
number of adaptation utterances is small, e.g., five to 150

TABLE V
WORD RECOGNITION ACCURACY (%) FOR FC AND MLLR FOR EACH SNR
LEVEL IN SET A OF THE AURORA 2 DATABASE. SEE Table III CAPTION FOR

THE DEFINITION OF MLLR1 AND MLLR2. BASELINE MFCC RESULTS ARE

PRESENTED AS ADAPTATION WITH ZERO UTTERANCES

utterances, and not as good as MLLR1 when the adaptation
data set has more than 200 utterances. This is due to the number
of parameters to be estimated for the transformation matrices.
When the adaptation data are limited, transformation matrices
are tied in a larger scale, e.g., global or within states. On
the other hand, mixture-specific matrices are employed when
the number of utterances is higher than 200. In this case, the
number of parameters to be estimated becomes larger and the
transformation matrices are estimated less robustly.

Both MLLR and FC obtain improved performance with the
growth of the adaptation data size. Compared with MLLR1, FC
results in 17.3%, 26.9%, 8.4%, and 14.2% WER reduction for
subway, babble, car and exhibition noise. On average, FC out-
performs MLLR1 by 16.7% for Set A. Compared with MLLR2,
FC results in 17.2%, 30.1%, 2.9%, and 16.5% WER reduction
for the four types of noise in Set A, and overall improvement
is 16.5%. Considering the restaurant, street, airport and station
noise in Set B, FC obtains 25.8%, 20.1%, 23.4%, and 20.6%
WER reduction over MLLR1, and 21.6%, 16.1%, 18.3%, and
12.3% over MLLR2. On average, FC outperforms MLLR1 by
20.5% and MLLR2 by 14.6% for Set B over all conditions.
Among the eight types of noise in Sets A and B, FC achieves
the highest improvement over MLLR in babble noise and least
improvement with car noise.

Tables V and VI summarize the performance of FC and
MLLR under each SNR condition for Sets A and B, respec-
tively. For each set, the results are averaged over the 4 types of
noise in the set. On average, FC achieves a WER reduction of
33.1% for MLLR1, 23.6% for MLLR2 for Set A, and 34.5%
for MLLR1, 21.4% for MLLR2 for Set B. Among the six SNR
levels, FC results in best performance for SNRs arranging
from 10 to 20 dB, compared to both MLLR1 and MLLR2.
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TABLE VI
WORD RECOGNITION ACCURACY (%) FOR FC AND MLLR FOR EACH SNR

LEVEL IN SET B OF THE AURORA 2 DATABASE. SEE Table III CAPTION FOR THE

DEFINITION OF MLLR1 AND MLLR2. BASELINE MFCC RESULTS ARE

PRESENTED AS ADAPTATION WITH ZERO UTTERANCES

TABLE VII
WORD RECOGNITION ACCURACY (%) FOR FC AND MLLR OF STATIC-TYING

SCHEMES UNDER HIGH-MISMATCHED (HM), MEDIUM-MISMATCHED (MM)
AND WELL-MATCHED (WM) CONDITIONS OF THE GERMAN PART OF THE

AURORA 3 DATABASE. BASELINE MFCC RESULTS ARE PRESENTED AS

ADAPTATION WITH ZERO UTTERANCES

In Tables V and VI, no compensation is performed on speech
features for utterances with SNRs higher than 20 dB.

2) Aurora 3 Database: For the German part of the Aurora
3 database, 10, 40, and 70 utterances are randomly chosen for
adaptation and excluded from each testing condition. Table VII
shows the performance of MLLR performance and the proposed
FC algorithm. As before, the FC algorithm outperforms MLLR.
To investigate whether dynamically grouping the Gaussians in
the model set is beneficial, a regression tree is constructed for
each condition (WM, MM, and HM) with each mixture being
a leaf utilizing the originally trained acoustic HMMs. Instead
of specifying static-tying classes explicitly in advance as static-
tying strategies, a regression tree is created based on the cen-
troid splitting algorithm using the Euclidean distance between
the Gaussian mixture means as described in [26]. Depending
on the amount of adaptation available, a regression tree can tie

TABLE VIII
WORD RECOGNITION ACCURACY (%) FOR FC(r) AND MLLR(r) OF

DYNAMIC-TYING SCHEMES UNDER HIGH-MISMATCHED (HM),
MEDIUM-MISMATCHED (MM) AND WELL-MATCHED (WM) CONDITIONS OF

THE GERMAN PART OF THE AURORA 3 DATABASE. BASELINE MFCC RESULTS

ARE PRESENTED AS ADAPTATION WITH ZERO UTTERANCES

parameters (transformations in MLLR or polynomials in FC)
at different levels dynamically. To tie the parameters, MLLR
needs node occupations as well as a minimum number of mix-
tures (larger than the feature vector size) within one class for
matrix inversion while FC needs node occupations only. In the
experiments, the node occupation threshold is set to 700 and
three-block transformation matrices are used. Table VIII shows
the performance of MLLR (MLLR(r)) and FC (FC(r)) using the
dynamic tying strategy. From the table, FC(r) gives better re-
sults than MLLR(r) and static tying FC under most cases. On av-
erage, FC(r) obtains performance improvements over the base-
line (no adaptation) by 12.4%, 12.1%, and 46.1% for WM, MM,
and HM conditions, respectively. The most significant improve-
ment is for the HM condition where the original acoustic models
are trained by relatively clean speech and a large mismatch ex-
ists between the training and testing environments. Although the
FC algorithm is originally used to approximate the bias between
clean and noisy speech, improvements are still observed for the
MM and WM conditions where the original HMMs are trained
with noisy speech. The improvements of FC(r) over MLLR(r)
are 15.9%, 3.0%, and 14.6% for the three testing conditions, re-
spectively.

V. CONCLUSION

A feature compensation algorithm based on polynomial re-
gression of utterance signal-to-noise ratio (SNR) for noise-ro-
bust speech recognition is proposed and implemented. In this
algorithm, a set of polynomials regressed on utterance SNRs
are utilized to approximate the bias between the clean and noisy
speech features. The bias is used to compensate noisy features
with respect to clean acoustic models. The maximum likelihood
estimation of the regression polynomials is provided within an
EM algorithm framework.

ASR experiments are performed on the Aurora 2 and the
German part of the Aurora 3 databases. Using the Aurora 2 data-
base, eight types of noise in Sets A and B are tested with dif-
ferent adaptation data sizes. Experiments are designed to com-
pare the performance of the feature compensation algorithm
with two MLLR implementations: transformation matrices es-
timated by pooling all the adaptation data, and by distinct SNR
clusters. Significant improvements over the two MLLR schemes
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are observed for Sets A and B. The evaluation of the algo-
rithm on the German part of the Aurora 3 database shows im-
provements under the well-matched, medium-mismatched and
high-mismatched testing conditions. The most significant im-
provement is observed for the high-mismatched case.
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