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ABSTRACT

In this paper we present an algorithm to com-
pensate the dynamic cepstral coefficients. This
extends the parallel model combination scheme
to more general cases where dynamic cepstral
coefficients are calculated by linear regression of
any length. The algorithm has been applied to a
speech database which was recorded in a car and
improvement was observed. The performance is
improved further by using prefiltering.

1 INTRODUCTION

It has been shown that the performance of
speech recognition systems dramatically de-
creases when they are trained and used in dif-
ferent environments [1]. There have been many
studies for achieving reliable performance in
noisy environments [2}]-[7]. One of the major ap-
proaches is to modify the pattern matching stage
to take the effects of noise into account. Par-
allel model combination (PMC) is one of such
schemes which transforms a set of HMM word
models trained with clean speech into a set of
models which can be used under the noise con-
ditions of interest [5]. This way the laborious
training process can be greatly simplified.

Gales and Young applied PMC to compensate
static cepstral coefficients with the NOISEX-92
database and very good results were observed
[5]. Yang and Haavisto extended the PMC
scheme to more general cases where noise mod-
els have multiple Gaussian mixtures [7]. The
compensation of dynamic cepstral coefficients
in the PMC scheme was studied by Gales and
Young [6]. However, their method is valid only
when the dynamic cepstral coefficients are cal-
culated using the simplest form of linear regres-
sion. Therefore, it is necessary to study noise
compensation for dynamic cepstral coefficients
which are calculated by the longer linear regres-
sion formula used in most current recognition
systems.

In this paper we present an algorithm to com-
pensate the dynamic cepstral coefficients where
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dynamic cepstral coefficients are calculated by
linear regression of any length. The algorithm
has been applied to a car speech database and
the experiment results are reported in the paper.

2 THE ALGORITHM

In the noise compensation algorithm, it is as-
sumed that the speech and noise are additive in
the linear power domain, and the noise is sta-
tionary. Thus a single state noise model is suf-
ficient. Mel-frequency cepstral coefficients are
used in the recognition system. The front-end is
shown in Fig.1.

x(t) OI O1 O°
— FFT log(.) DCT (——
Linear domain Log domain Cepstral

domain
Figure 1: Front-end of the recognition system

In order to make the paper self-contained, we
shall brief review the compensation process for
static cepstral parameters.

Let O°¢, O' and O represent the observation
vectors in the cepstral, log, and linear domain,
respectively. Suppose in the cepstral domain the
signal can be modeled by a set of Gaussian mix-
tures, i.e., the density function has the following
form,

M
fc(Oc) = Z DmN(OC7“Cm7 Ucm) (1)

m=1

where M (O¢, u¢,,,U¢,) denotes the Gaussian
distribution, with p°_ and U¢,, as its mean vec-
tor and covariance matrix for the m-th mixture.
D,, is the scaling coefficient for the m-th mix-
ture.

The mapping from the cepstral domain to the
log domain is a linear transform. This inverse
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discrete cosine transform is represented by a ma-
trix C~1in

o' = Ccloe.

Then the distribution in the log domain is still
a set of Gaussian mixtures, i.e.,

M
FONY =3 DN (O il U, (2)
m=1

with
W =C7lpe,
(3)
Ulm — C—lUcm(C_l)T.

When transforming O’ to O in the linear do-
main, it can be shown that the density function
in the linear domain is a set of log normal mix-
tures, i.e.,

M
0N =3 DnLo! W, ul).  (4)
m=1

where £(O%, u!,,,UL,) denotes the log normal
distribution with p!, and U’,, as mean vector
and covariance matrix of each mixture. They
have the following relationship with the mean
vectors and covariance matrices of Gaussian
mixtures in the log domain:

il (§) = explul, (i) + Lmliady

Uiy ) =l (O (5)(exp(U' (3, 5)) = 1),
5
where the indices in the parentheses refer to t(hg
vector and matrix elements.

The above mapping process suggests that if
the signal can be modeled by a set of Gaussian
mixtures in the cepstral domain, then in the lin-
ear domain its distribution is a mixture of log
normal distributions.

As it is assumed that speech and noise are
additive and independent in the linear domain,
the noisy speech z is of the following form

rT=g*s+n (6)

where s and n denote speech and noise, respec-
tively, ¢ is a gain term.

Thus the compensation process for static cep-
stral coefficients is straightforward. Given the
HMMs for clean speech and noise in the cepstral
domain, their model parameters in the linear do-
main can be calculated using Eq.(3) and Eq.(5).
Then compensation of the clean speech model by
the noise model in the linear domain according
to Eq.(6) is performed to get the model for noisy
speech. The model parameters in the cepstral
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domain can be calculated by inversing Eq.(3)
and Eq.(5).

The fact that most current speech recognition
systems employ the delta cepstral coefficients to
good effect warrants the investigation of meth-
ods for compensating delta cepstral parameters.

Let us start with the simplest case: the delta
cepstral coefficients are calculated by the differ-
ence [6], i.e.

A0 = 0%t +7)-Ot—7)  (7)

It turns out that the compensation process is
in an exact same form as in static parameter
compensation process, except that in the linear
domain the delta parameters of noisy speech z
is given by

Az =g % As+(1—g1)*An (8)

where
N = I7 P

- g*/Lsi‘F,Um"

and p,; and p,; denote the means of speech and
noise for the 7 component, respectively.

For general cases where delta cepstral coeffi-
cients are calculated using linear regression with
certain length, the compensation process de-
scribed above does not apply.

Suppose the following formula is used to cal-
culate the delta cepstral coefficients

N
AO(1) = —;,— S (0%t + 1) - 0%(t-7) (9

where 2N + 1 is the window size and

N
T=2 Z 72,
=1
Let
AR(r)=0(t+71)— 0%t — 7).
Then

1 N
DO(t) == = z_j rAR(T) (10)

We propose the following procedure to compen-
sate the delta cepstral coefficients.
¢ Train the clean speech and noise models.
Each state of these models contains the
mean vector and the covariance matrix for

each AR(r), where r = 1,---, N.
e for 7 =1 to N do the following:
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e Map the means and variances of
AR(7)in the cepstral domain to the
linear domain via the log domain ac-
cording to Eqgs.(3) and (5).
e Add mean vectors and covariance
matrices of the clean speech and
noise models with proper scaling in
the linear domain.
e Map the resulting vector and co-
variance matrix back to the cepstral
domain by inversing Eqs.(3) and (5).
¢ Add compensated means and covariance
matrices (assumed here diagonal) of each
AR(T) terms according to (10).

Note that the algorithm applies also for the
acceleration coefficient (delta-delta) compensa-
tion.

3 EXPERIMENTS

In order to evaluate the performance of the
algorithm, we applied it to a car speech
database. They were speaker-independent
recognition tests and only single digits were used
in the experiments.

3.1 A Car Speech Database

The database was recorded inside a car, Audi 80
(model 1989), when the car was in three different
situations: parked with the motor off, driven
in downtown, and driven on a highway at 120
km/h.

Four microphones were used in the recording.
One of them was a head mounted microphone
to collect data with high SNR. Two of them
were hands-free microphones which were placed
on the right window bar and on the right sun
visor. The last one was behind the driver. Data
from different microphones were stored in sepa-
rate sets.

There were over 50 male and 50 female speak-
ers in the database. Fach speaker uttered over
40 isolated digits of 1-9, including zero and oh,
and digit strings. The utterances were chosen
so that the distributions of the eleven digits and
digit transitions are uniform. The database was
divided into a training set and a test set and all
utterances were hand-labeled.

3.2 Configuration

The training set from parking place was used to
train a set of clean speech models. Each digit
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model had 10 states. Full rank of cepstral coef-
ficients were employed in order to calculate the
inverse Cosine transform later in the compensa-
tion process. These models were trained with
the Baum-Welch method so that the higher or-
der coefficients do not have impact in the train-
ing process. A single-state model was used for
noise and trained from nonspeech segments from
the training set of highway set. As shown in
Fig.2, the recognition system updates the com-
posite models by modifying the clean speech
models according to the noise model, and the
composite models are used to recognize the test
set of highway speech.

HMM
Signal + composite model
. noise clean
Noise model model

Figure 2: Model updating according to the input
noise

Speech data from the hands-free microphone
placed on the sun visor were used in tests.

3.3 Gain Estimation

One practical issue in the compensation process
is to estimate the gain factor. The gain factor g
is determined by

Psn_Pn
=TT )

where P,,, P, and P; denote the power of noisy
speech, noise and clean speech, respectively. In
our experiments we obtained the gain factor by
one-dimensional searching. It was observed that
the recognition accuracy is not so sensitive to the
change of the gain factor. Fig.3 shows the recog-
nition rates at various values where only static
cepstral coefficients were used in recognition.

Improvement was obtained by using adap-
tive gain estimation. The gain factor was es-
timated by Eq.(11) for each test utterance and
subsequently the compensation process was per-
formed. :

A baseline test was carried out to serve as a
reference and the results are listed in Table 1.

The test results with the noise compensation
process are shown in Table 2. Various settings
have been used in the test. The first row shows
the result using only static cepstral coefficient
compensation. The result of 76.9%, compared
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Figure 3: Recognition accuracy with different
gain factor

with about 46% without compensation, shows
that very large improvement is obtain by static
parameter compensation. The second row shows
the result by using both static and delta param-
eter compensation. The recognition result was
increased to 85.3%. In order to see the differ-
ence it makes by using delta parameter compen-
sation, we carried out a test where only static
parameters were compensated and delta param-
eters were not compensated. The result is shown
in the third row. It is interesting to observe that
there is no big difference between the results in
the second and the third row. This may imply
that the dynamic cepstral coefficients are quite
robust to the noise. The last two rows show the
results when combining with adaptive gain esti-
mation and prefiltering with the compensation
process.

Table 1: Baseline test results: P (parking place),
and H (highway). P-H denotes the mismatch
environment test.

No. Mix. P-P H-H P-H
1 97.8% | 93.1% | 45.5%
3 99.0% | 96.1% | 46.0%
5 99.7% | 97.1% | 46.5%

-

4 CONCLUSIONS

A noise compensation scheme was proposed in
the paper. This extends the PMC approach
to more general cases. Experiments have con-
firmed the effectiveness of the algorithm. Ear-
lier experiment results of PMC approach are
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Table 2: Test results with noise compensation

Settings Results
MFCC(PMC) 76.9%
MFCC_D(PMO) 85.3%
MFCC(PMC)_D 84.3%
MFCC_D(PMC)_A+adaptive gain 87.5%
MFCC_D(PMC)_A+adaptive gain+prefiltering | 90.6%

mainly based on speech with some artificially
added noise. The results in the paper confirm
that PMC approach is also applicable to real
noisy speech. However, it has been observed
that there is still a big gap between the results
obtained with PMC and these of the matched
environment test. More effective schemes need
to be developed.
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