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Noise-Compensated Hidden Markov Models

Ivandro SanchedMember, IEEE

Abstract—The technique of hidden Markov models has been  There is not a clear boundary between these two categories,
established as one of the most successful methods applied to theyhich can have their methods combined to improve recogni-
problem of speech recognition. However, its performance is consid- tion performance. Some successful methods of speech enhance-

erably degraded when the speech signal is contaminated by noise. - .
This work presents a technique which improves the performance Ment includespectral subtractioqSS) suggested by Boll [1],

of hidden Markov models when these models are used in different [2]; signal restoration by spectral mappimgroduced by Juang
noise conditions during the speech recognition process. The input and Rabiner [3]; adaptive filtering techniques Kalman fil-

speech signal enters unchanged to the recognition process, whiletering [4] and all-pole modeling of degraded speeginpposed
the models used by the recognition system are compensated acby Lim and Oppenheim [5], that conveniently combines Wiener

cording to the affecting noise characteristics, power and spectral .= . . . . . g . .
shape. Hence, the compensation stage is independent of the recogf-Ilterlng with the linear prediction technique; amabiltiple mi-

nition stage, allowing the models to be continually adjusted. crophone arraysvhich aims to improve the signal-to-noise ratio
The models used in this work are from a continuous density at the input of the recognition system [6].
hidden Markov algorithm, having cepstral coefficients derived Along the boundary of the mentioned categories we have
from linear preqlctlve analysis as state parameters. It is used only cepstral mean subtractiofCMS) [7], [8] which is simple and
static features in the models in order to show that, when prop- ffecti d di . : d db . h d
erly compensated for the noise, these static features contribute e eCt'V.e t? reduce distortions introduce . y microphones an
significantly to improve noisy speech recognition. It is observed transmission channels. Also, robust metrics and features have
from the results that the parameters kept their capability to shown to be very useful and important at improving recognition
discriminate among different classes of signals, indicating that, in rates of noisy speech. Tipgojection-based likelihood measure
the context of speech recognition, the use of autoregressive-derived[g], [10] uses the fact that additive white noise causes the cep-

parameters with noisy signals does not represent an impediment. o - . . )
A matrix-way of converting from autoregressive coefficients to stral vector norm to diminish but leaving its orientation practi-

normalized autocorrelation coefficients is presented. cally intact. Features that exploit the time varying properties of
The affecting noise is assumed additive and statistically in- speech spectra (dynamic features) [11] brought significant im-
dependent of the speech signal. Although the noise dealt with provement to the problem as well as features that exploit the
should also be stationary, good performance was achieved for man auditory perception model, like RASTA-PLP [12] that
nonstationary noise, such as operations room noise and factory . ker ind q q the infl f back
environment noise. The concept of intra-word signal-to-noise ratio Improves Spea erindepen enlcy, reduces then uen(_:eo ack-
is presented and successfully applied. The resulting compensateddround noise, attenuates the influence of the acoustic channel
models revealed to be less dependent on the training data setvariations and deals with noisy Lombard speech [13].
when compared to the trained hidden Markov models. Due to the  This work differs from the mentioned methods in the sense
computational simplicity, the time required to adjust a model is ¢ it depends on the specific noise spectral characteristics (in-
significantly shorter than the time to train it. . . .

_ _ tensity and spectral shape) affecting the recognition procedure.
~ Index Terms—Background noise, hidden Markov models, |n this way, it is similar to other kinds of model compensa-
intra-word signal-to-noise ratio, speech recognition. tion strategies likenoise-adaptive prototypd$4] which trains

a mapping between noisy and clean featustate-based fil-
|. INTRODUCTION tering [15] where Wiener filters, designed for each state of a

e ._hidden Markov model, are used to filter the sequence of noisy
S:LUTIONS to the proplem of speech recggnmon IN NOISE, 66ch observation vectorapdel decompositiofi6] which is
ay fall in two categories, both of them aim to reduce th

" ich bet traini d it tuati o generalization of conventional hidden Markov modeling that
mismatch between training and recognition situations. n€ Cge, iqeg an optimal method of decomposing simultaneous pro-
egory focuses on the restoration of the clean speech signal fr

which is the approach of this work. sentative of the speech in the new acoustic environment given an

estimate of the additive noise. In tHata-driven parallel model
combination(DPMC) [17] the speech models are used to gen-
Manuscript received February 14, 1998; revised November 2, 1999. Tigsate separate samples of speech and noise which are then com-
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approach it could bspectral additionas opposed to the basic Nogﬁ‘éi‘ifﬁfons
principles rulingspectral subtraction.
The next section presents the proposed method, followed g

by the section showing the results achieved employing the
NOISEX-92 database [18]. The work is finished with some
conclusions.

Compensation

Clean Adjusted
HMM = Procedure = HMM

Il. COMPENSATING THEMODELS Fig. 1. Creation of an adjusted model.

In the hidden Markov model (HMM) technique, as in all théind the nature of the experiments, the Lombard effeat not
other techniques of automatic speech recognition, there are t@addressed.
phases involved in the recognition process, a first phase wherdt was observed that the noise influence affects mainly the
the speech recognition system is trained, and a second phasgpettral characterization of a model, leaving its temporal prop-
pattern matching, which is the recognition itself. When trainingrties effectively unaltered. In other words, it is the emission
the system, every set of input signals must have good represeigbabilities of the states of the model that we are interested in
tatives of the word to be modeled, having the least amount@@mpensate for the noise, while the transition probabilities do
extra noise. Models created (trained) with speech signals havii@f need to be altered.
the least amount of noise will be referred in this workct=an As we are employing a continuous density HMM, the
models In the recognition phase an input word is comparegimission probabilities of the states of a model are characterized
with each of the trained models and deemed to be the one day-multivariate Normal distributions, consequently, the model
responding to the model which matches most closely. Howevegmpensation method results in the adjust of the mean vector
in practice the incoming signal in the recognition procedure wigind covariance matrix of each Normal distribution. Next
contain spurious components (noise), not present in the trainii§ show the compensation method for multivariate Normal
phase. As the amount of noise increases, the clean models is&ibutions using cepstral coefficients derived from the linear
the property of characterizing the input signals accurately. Opeedictive analysis as coefficients.
solution to this problem would be to train all the models of the
vocabulary with the corrupted signals. The resulting models Af Adjusting the Means
such training procedure will be referredrasisy modelsthat is, Let r;, a;, and¢i, i = 1, -+, p, be the normalized auto-

models trained by the signals corrupted by the noise affectipgyre|ation coefficientsif, = 1), the linear prediction coeffi-

the current recognition. Such solution could be applied if th§ents (Ipc), and the cepstral coefficients, respectivelycl, et
computational cost of the training procedure was not so exp P ¢, -+ ¢,]T be the mean vector of the multivariate Normal

sive, since a new training session would be required wheneyggyihution. The corresponding vector of linear predictive coef-
the noise spectral properties change. A more practical solutigflents can be obtained from [7]

would be the creation ofeampensatearadjusted modefrom

the clean model, which has the probabilistic information of the a1 =—c,

noise-free speech conveniently combined with information of b1 .

the affecting noise, as illustrated in Fig. 1. The great advantage g, — ¢, — Z <1 - l) ajch_j, 2<k<p (1)
now is the generation of a new model, without the need of an k

expensive training session. It is expected that an adjusted model

will perform better in the degraded situation than a clean modé€Ince the linear prediction coefficienis,, are determined, the
Thus, the performance of a clean model is a lower limit to ttedrresponding normalized autocorrelation coefficients.can
acceptability of an adjusted model, which has as its target the computed by

performance of the corresponding noisy model.

=1

The basis of the method is the fact that the autocorrelation Ar; = —a;, (2)
function of the signal resulting from the addition of two sta- . .
tistically independent signals is equal to the sum of their inditherers = [ry 72 -~ 7]", a; = [ag a2 -~ q,]", and we

vidual autocorrelation functions. Therefore, in adjusting a cledy@ve found thatd can be defined as described in Appendix I.
model, its state spectral representation is transformed from fh@other way of computing:, from a, is to use the recursive
autoregressive, or cepstral, domain to the autocorrelation §&€P-down procedure in conjunction with the Levinson algo-
main. Then, the autocorrelation of the clean model is added t§im [19]. The inverse procedure is done by the well known
a sample of the autocorrelation of the affecting noise, resultifgfation (autocorrelation method)

in the autocorrelation of the noisy signal, which is transformed

back to the original spectral representation. At the end of this Ra, = —r, ®3)
process, an adjusted model results with better capabilities OjcThe natural speaker response to stress the voice when speaking in a noisy
handling the noisy signal. Due to the uncorrelation assumptienvironment.



SANCHES: NOISE-COMPENSATED HIDDEN MARKOV MODELS 535

whereR is the symmetric Toeplitz matrix formed by the values
1,r,may ey rpots Clean = [ <

Assuming zero mean signals, the signal-to-noise ratio can be HMM
defined as
T,
E n
SNR= 10 log =~ 4
2 I (4)
where E, and E,, are the average energy of the speech signal SNR

and noise, respectively. Letting

o= En — 10~ SNR/10
E;
the normalized autocorrelation coefficients of the noisy signal,

Ts+n, CaN be approximated by

& o

Compens.
HMM

Fig. 2. Diagram of the mean compensation process.

Tsgn = (rs + ary)

1+«
wherer,, is the vector with the normalized autocorrelation covherel, andl,, are the log-energy components of clean speech
efficients of the noise, which can be estimated at some inst@fd noise, with the respective covariance matriceando?.
preceding a recognition process. Omgg,, is defined, the cor- Now we show how to combine both of these matrices to get
respondingz, ... is computed by (3), and,... is obtained by o2, the covariance matrix of the noisy signal in the log-energy
the inverse procedure of equation (1), which is explained in [fJomain. Once?, , is determined, the covariance matrix of the
Repeating this procedure to the mean vector of every Norniisy signal in the cepstral domain is computed by

distribution of all the models we complete the process of com- 2 91 2 —T
. ) . 0 (Csqn) =p "C 05,,C7". (6)
pensating the means for the affecting noise. The mean compen-
sation process is illustrated in Fig. 2. It only remains to show how to determing, .. This matrix
is defined by

B. Adjusting the Covariances

2 A — . .
The idea is to transform the covariance matrix of the model ol J) = Bllog(S: + Ni) log(S; + N;)]
from the cepstral domain to the log-energy domain, where we — Eflog(S5i + Ni)|E[log(5; + Nj)l. (7)
can combine it to the covariance matrix of the noise in this dWhereSi, N;, i = 1,2, -, p, represent the components of
main. When this is done, we obtain the noisy covariance matgje energy spectra of clean speech and noise, respectively, sat-
in the log-energy domain, which can be transformed back to tL}ﬁying a given SNR. That is,
cepstral domain as we show now. The transformation from the

cepstral domain to the log-energy domain is effected by the ap- I, =[log Sy log Sy --- log S,]",
plication of the discrete cosine transform (DCT) [20]. The DC&nd

of adiscrete sequeneg¢m),m =0, 1, ---, (M —1) is defined 1, =[log N; log Ns --- log N,]%.
by [21] " r

M—1 Based on the observation that the energy in a frequency band
G.(0) = ﬁ Z z(m), is dominated either by signal (clean speech) energy or by noise
M energy, we model the energy as the larger of the separate ener-

m=0
Gl — 9 J\il ) con (2m + Dker agshgflzl?r?;tl and noise in the band. Mathematically, at band
’ - m=0 o 2M 7
k=12 -, (M—1) ) log(S; + N;) =~ max{log S;, log N;}
whereG,.(k) is thekth DCT coefficient. Representing in a ma-Which is applied to (7) in four digtinpt spectral conditions:
trix form, we have * S; > Ni, S > Nj: 07,,(i, j) = Ellog S; log S;] —
Eflog Si]E[log 5,] = o3(i, j);
G,.=Cx e 5 < Ni7 Sj < le O'§+n(i, J) = E[lOg N; IOg NJ] —
. . Eflog N;]E[log N;| = o7 (i, j);
whereC'is the DCT matrix. _ N «S; > N;, S; < Nj: 02, (i, j) = Ellog S; log N;] —
Let ¢, ande, be the means of the firgtcepstral coefficients Ellog Si]E[log N;] = 0;
qf clean serech (cleaQn model) and noise (esumat_ed), respecs s, < N;, S; > N;: 02,,.(i, j) = Ellog N; log S;] —
tively, ando™(c, ) ando*(c, ) the corresponding covariance ma- B0 ;] Ellog S,] = 0.
trices. As me.ntioned before, the transformation to the log-en-The apove can be visually interpreted in Fig. 3.
ergy domain is done by In Fig. 3, the large square with dotted outline represents the
I, =pCe, o> =p>Co>(c,)CT covariance matrix of the noisy signal in the log-energy domain,

l, =pCec, 02 = p?Co? (cn)CT 2This approximation is also used, for instance, in [14] and [16].
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I I LOG-ENERGY SPECTRA
Clean
MM =
o) i Covarianc
Tin 0*(Cs4n)| | Compens.
(Fig. 3) HMM
%(cn) a;

[ |
Fig. 4. Diagram of the covariance matrix compensation process.

of the actual speech signal energy in the recognition process.
This can be made considering the relationship betweeand

N i
Fig. 3. Composing the noisy covariance matrix, ,,, at a givenS N R. E, = Z WS
i=1

o2, ., and every inner dotted rectangle is the correspondiglich can be regarded as an ensemble average energy of the
block taken froms2 or o2. Rectangles with “0” inside representsignal given by the trained model. Supposing fairly stable
null matrices of the corresponding block dimensions. Sirge acoustic conditions, on average, the ratig/ £; is one. Thus,
ando? are at least positive semi-definite, the same is also trtfee actualntra-word SNR, SNR, for the state of a model can

for the whole matrix. be defined as

If we define theA-function E, E:
SNR, =10 log — =
A_{o, fS/N<l Ly, En E, ‘
i — ; . . e Bt FE, E
1, if Si/Ni > 1 =10 log 5= +10 log —
the covariance matrix of the noisy signal in the log-energy do- =SNR+ AnSNRi ’ 9)

main is computed by
where the last term of (9ASNR;, depends only on values de-

o2 (6 ) = NiNjo (i, )+ (1—A)(1—A))o2(4, j). (8) fined by the model.
Thus, instead of using (4), the intra-word SNRY R;, given
Then, using this last result in (6), we can compsitéc.,). by (9), can be used in the compensating procedures described

If the original cepstral covariance matrices of clean speedh,Sections II-A and II-B. So, each state of the model will be
o?(c,), and noiseg?(c,, ), were assumed diagonal, the resultingompensated according to its particular energy level, which is
matrix o (¢4, ) has the off-diagonal terms set to zero. Fig. felated to the energy level of the corresponding portion of the
illustrates the process of compensating the covariance matrixtterance.

In the next section we present the recognition results when
C. Intra-word SNR the described procedures are applied.

In this section we present the concept of intra-word signal-to-
noise ratio, and how it can be used with advantage in the pro-
posed compensation technigue. A. Experimental Data

. For a given S.NR N & recognition process, we can easily 9" This section shows the results of the application of the tech-
tice that there is a change in SNR along an utterance, for in-

. . . nigue described. The training of clean and noisy models and

stance, due to the different energy levels of voiced and unvoice: .

ortions alona it. the SNR will be hiaher in the voiced orE € recognition process are done through the use of the speech
P Hiong 1L, the g ced p recognition software HTK [22]. Speech and noise signals are
tion than in the unvoiced one. Relying on the capability of th Pom the NOISEX-92 [18] database, which provides a carefully
hidden Markov technique to segment the utterance into distincc—ntrolled set of experi h ' h and noi ianal
. ) ) : ; o p periments where speech and noise signals
tive portions, and including energy information into the states Blve been added together at several values of SNR. It provides

S / X
a model, arintra-word SNR, SN /%;, can be defined for every a set of control data that can be easily used and for which com-

Ill. RESULTS

statei,i =1, 2, ---, IV, of a model . . .
parative experimental results become available.
Ei The speech data is partitioned into training and testing data
SNR = 10 log E' sets. The training data set consists of two sequences of 100
‘ digits, one recorded by a male speaker and one by a female
whereE?,i =1, 2, ---, N,isthe attached energy value of statspeaker. Every sequence of 100 digits is made up by ten rep-

1, which is computed in the training procedure of the model. Tetitions of each one of the ten digits, from zero to nine. The
be practical, this expression should be modified to take accotesting data set is achieved on the same way. In this work we are
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employing the data from the male speaker. So, there are 20 repe- TABLE |
titions of each digit. Half of the repetitions was used to train the OPERATIONSROOM NOISE
models (training data set) and the other half to test the proposed
technique (testing data set).

The noise data was taken from the same database. Every ut-

train

SNR (dB) | noisy intra comp. clean

tered digit corresponds to a defined piece of noise in the noise 18 100 100 100 100
data set. The speech and noise were added together digitally at 12 100 100 100 95
five different signal-to-noise ratios: 18, 12, 6, 0, an@dB. The 6 100 97 97 77
0 dB SNR noisy speech is created simply by adding together the 0 100 89 88 34
provided clean speech and noise signal. For SNRs above 0 dB,
! i ) ) . 6 100 60 59 12
i.e., less noise, 6 dB steps were obtained by successive multi-
plication of the noise signal samples by 0.5 (hence, 0.5, 0.25, fest
0.125, for SNR values of respectively 6, 12, and 18 dB); for SNR (dB) | noisy intra comp. clean
noisy speech at a SNR ef6 dB the noise signal samples were 18 100 100 100 99
multiplied by 2.0, before adding them to the clean speech signal. 12 100 100 97 90
We present the results for operations room and factory noises at 6 100 97
96 70

these values of SNR.

0 94 88 83 22

Both speech and noise were sampled at 16 kHz. The speech
data were pre-processed using a window of 25 ms=( 400 6 58 8% 52 10
samples per window), at every 10 ms, agnd= 20 Ipc-cep-
stral coefficients computed. The autocorrelation of the noise was

TABLE 1l

computed with the same expression as the autocorrelation of FACTORY NOISE
the speech signal in the predictive analysis. The actual normal-
ized autocorrelation coefficients of the noise sigmal, were train
achieved from the average of a number,of normalized auto- SNR (dB) || noisy intra comp. clean
correlgtlon vectors taken randomly from _the noise signal. _In the 18 100 100 100 100
experiments, an averagef = 10 normalized autocorrelation
12 100 100 98 97

vectors produced,,.

The models have ten left-to-right states, and every state with 6 00 9 9% 7
a continuous Normal output probability density. The covariance 0 100 96 93 51
matrices are assumed diagonal. The training process produces, -6 100 69 68 20
for each digit, theclean mode(trained with clean speech) and test

a noisy modelrained with noisy speech for each SNR under

. L . . . SNR (dB) | noisy intra comp. clean
consideration in our experiments in the next section. The clean 4B) Y P

model is used by the compensation technique to prodaoena 18 100 100 100 100
pensated moddbr each SNR, and the noisy model is used to 12 99 100 99 92
have its performance compared to the performance of the com- 6 9% 97 97 77
pensated model. 0 86 89 86 492

-6 5 64 59 20

B. Recognition Results

The tables are divided in two partsain andtest Under
train, we have the recognition percentage when the training datamely, /a/ (lat), /e/ (cgt), /il (she), /o/ (hot), and /u/ (b0). The
set was employed in the recognition process. Urtdset we straight dash-dotted line represents the mean values for the clean
employed the testing data set, which is independent from thmdels for each vowel. The dotted line represents the mean
trained models. As there are a total of 100 digits for trainingalues for the noisy models when the SNR varies from 1860
and 100 digits for testing, the number of correctly recognizetB in steps of 6 dB, for each of three different kinds of noise:
digits represents the recognition percentage. Lynx, F16, and car noises [18]. That is, a total of 75 mean values
Table | shows the recognition percentage results for opefarms the dotted line for all five vowels. Lastly, the solid line are
tions room noise. The ternmpisy, andcleanrefer to the trained the mean values for the compensate models. We can notice that
models with noisy and clean speech, respectively. The terthe mean values of the compensated models are tracking fairly
intra, and comp.refer to the compensated models, where we&ell the means of the noisy models (assumed as target).
applied the concept of intra-word SNR to the former. Table Il Fig. 6 shows the change in the variance values for the same
presents the recognition percentage results for factory noisecoefficient index, in the same experimental situation described
In order to examine further the performance of the proposémt Fig. 5. We see that the tracking is not as precise as for the
compensation technique, we observed the behavior of the valoe=ans, but the variance values of the compensated models are
of the coefficients of mean vector and covariance matrix undglightly bigger than the noisy ones most of the time. This may
different noise conditions. Forinstance, Fig. 5 presents the masplain why the compensated models had superior performance
values of cepstral coefficient of index 4 for five different vowelsto the noisy models in some situations in Table I, when using
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the results however is that, in the context of speech recognition,
representing the signal by such coefficients does not constitute
an impediment to achieving good improvements when compen-
sating techniques are used. It is known that dynamic features
perform better than uncompensated static features under noisy
conditions [23]. Using only static features in this work, and
noting the superior performances of the compensated models
over the clean ones, we have shown that the static features from
the clean models also proved to be useful when appropriately
compensated for the noise.

One advantage of the approach is that the input speech signal
does not need to be pre-processed, making the model compensa-
tion independent of the recognition stage. This allows the com-
Fig.5. Mean values changes of cepstral coefficient of index 4. pensation to be made at moments when the recognition system
is inactive, making the adjusted models compensated for the last
affecting background noise characteristics. Using a second mi-
crophone, directed to the specific source of noise, and a reliable
measure of the current SNR, the compensation can be accom-
plished even during moments of system activity.

The compensation technique @&(p® + pLm) per Normal
probability density, wherg is the linear prediction ordet,
is the number of signal samples in one window ands the
number of normalized autocorrelation vectors averaged to pro-
ducer,,. In O(p® + pLm)

« the termp? is due to the solution of the systempéqua-
tions (3) and the multiplication of matrices as in expres-
sion (6);

 the termp L m is from the estimation of,,, the normal-
ized autocorrelation of noise.

Fig. 6. Variance values changes of cepstral coefficient of index 4. All other transformations in the compensation method are
O(p?) or less. The estimation of,, do not need to be done

the testing data set: a higher value in the variance should all§¥ the compensation of each probability density, but only

more flexibility when dealing with the (independent) testing"C€ in one compensation session, since the sameill be
data set. used to compensate every probability density of all models of

the recognition system. So, the complexity to compengate
probability density functions i©(kp® + pLm).

We believe that the validity of the approach’s principle was
From the results it is clear the advantage in using the compgistified by the experimental results achieved, its computational

sated models over the clean models. It is clear also the supgfinplicity, and the sound potential of its applicability.
ority of the noisy models in relation to the compensated models,

but such superiority is reduced when we employed the testing
data set. We see that there is a loss of performance of the noisy
models when we change from the training data set to the testing
data set. Such loss of performance (from training to testing dataThis appendix is related to Section II-A, expression 2.
set) is less noticed with the compensated models. This showg&xpanding the matrix expression (3), putting thés to the
that the compensated models are less dependent on the traitgftchanded side we have that

data set than the noisy models. Since real data are independent

3.4e-01

5.0e-02 L

8.4e-03

9.9e-04

IV. CONCLUSIONS

APPENDIX
CONVERSION MATRIX

from the training data set, we can infer an almost equivalence "1 ~ @1+ a2+ - Tpoia, = 0
between noisy and compensated models. Theidea of intra-word 7141+ 72+a2 + - 7Tp2ap = 0

SNR seems to be reasonable, since we achieved improvements r5a; +  r1a0 + rp—3a, = 0 (10)
in terms of recognition percentage when we compare the results _ _ n
betweenintra andcomp. models (Tables | and II). It must be : : : =
mentioned that the extra energy coefficients did not participate ,. 14+ rpsaz + o rpta, = 0

in the training and recognition processes as added parameters r
in the computation of output state probabilities. They solely en- Row i of this set of equations, defining
tered in the computation of the intra-word SNR.
It is not asserted that autoregressive-derived coefficients pro- - { 1 fork=20
k=

duce good models of noisy signals. What has been shown by 0 fork<Oork>p (11)
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can be given by

(ai—1 + aig1)r1 + (Gi2 + apo)r2 + - -+ (a0 + ag)r; -
+ (aip + Gigp)rp = (12)

—Q;.

Representing thisset 6= 1, 2, -- -, p equations in a matrix
form, havingr;’s as the independent vector, we obtain

ag + a2 a_1+as G_(p—1) + apt1]
ay +as Qo + ay a_(p—2) T Qpy2
a2 + ayq a1+ as G (p—3) + apt3

Lap—1 +apy1 Ap—2 + Gpi2 ap +azp |
Fr S
72 —az
x |73 = | —a3
L7p L —ay |

The abovey x p matrix can be rewritten as

Qg a_1 a_o a_(p—1) ]
ai [270) a_1 a_(p_g)
a9 a1 [270) a_(p_g)
L ap_l ap_g ap_g [270) i
[ ao as ap py1 ]
as 2 Ap+1 Ap+2
+
ap Ap41 A2p—2 G2p—1
LAp+1  Gp42 A2p—1  G2p

Applying (11) to the above, we arrive to the desired mattix

1 0 0 07
a1 1 0
A= as al 1
Ap—1 p—2 Qap_3 -1
[as as ap 07
az Q4 0 0
+
ap
L O _

539

It can be shown thatt has an inverse i, k=1, 2, ---
are such that the filter

1
P
1+ Z apz
k=1

is stable.

ACKNOWLEDGMENT

The author wishes to thank the reviewers for their valuable
comments and suggestions.

REFERENCES

S. F. Boll, “Suppression of acoustic noise in speech using spectral
subtraction,” IEEE Trans. Acoust., Speech, Signal Processivaj.
ASSP-27, pp. 113-120, Apr. 1979.

——, “Speech enhancement in the 1980s: noise suppression with pattern
matching,” inAdvances in Speech Signal Processi@gFurui and M.

M. Sondhi, Eds. New York: Marcel Decker, 1992.

B. H. Juang and L. R. Rabiner, “Signal restoration by spectral mapping,”
in Proc. IEEE Int. Conf. Acoust. Speech, Signal Procesghpg. 1987,

pp. 2368-2371.

K. Paliwal and A. Basu, “A speech enhancement method based on
Kalman filtering,” in Proc. IEEE Int. Conf. Acoustics, Speech, Signal
ProcessingApr. 1987, pp. 177-180.

J. S. Lim and A. V. Oppenheim, “All-pole modeling of degraded
speech,” inSpeech Enhancemedt S. Lim, Ed.. Englewood Cliffs, NJ,
1983.

R. M. Stern, A. Acero, F.-H. Liu, and Y. Ohshima, “Signal processing for
robust speech recognition,” lutomatic Speech and Speaker Recogni-
tion: Advanced Topic<C.-H. Lee, F. K. Soong, and K. K. Paliwal, Eds.
Norwell, MA, 1997.

B. S. Atal, “Effectiveness of linear prediction characteristics of the
speech wave for automatic speaker identification and verificatidn,”
Acoust. Soc. Amewol. 55, pp. 1304-1312, June 1974.

F.-H. Liu, R. M. Stern, A. Acero, and P. J. Moreno, “Environment nor-
malization for robust speech recognition using direct cepstral compar-
ison,” in Proc. IEEE Int. Conf. Acoustics, Speech, Signal Processing
vol. 2, 1994, pp. 61-64.

B. A. Carlson and M. A. Clements, “Speech recognition in noise using
a projection-based likelihood measure for mixture density HHM'’s,” in
Proc. IEEE Int. Conf. Acoust., Speech, Signal Processiog 1, Mar.
1992, pp. 237-240.

D. Mansour and B. H. Juang, “A family of distortion measures based
upon projection operation for robust speech recognititBEE Trans.
Acoustics, Speech, Signal Processingl. 37, pp. 1659-1671, Nov.
1989.

B. A. Hanson, T. H. Applebaum, and J.-C. Junqua, “Spectral dynamics
for speech recognition under adverse conditionsAutomatic Speech
and Speaker Recognition: Advanced Top@&sH. Lee, F. K. Soong, and

K. K. Paliwal, Eds. Norwell, MA: Kluwer, 1997.

H. Hermansky and N. Morgan, “RASTA processing of speetBEE
Trans. Speech Audio Processingl. 2, pp. 578-589, Oct. 1994.

J.-C. Junqua and J.-P. Hatd®dobusteness in Automatic Speech Recog-
nition: Fundamentals and Applications Norwell, MA: Kluwer, 1996.

A. Nadas, D. Nahamoo, and M. A. Picheny, “Speech recognition using
noise-adaptive prototypeslEEE Trans. Acoust., Speech, Signal Pro-
cessingvol. 37, pp. 1495-1503, Oct. 1989.

V. L. Beattie and S. J. Young, “Noisy speech recognition using hidden
Markov model state-based filtering,” Proc. IEEE Int. Conf. Acoustics,
Speech, Signal Processingl. 2, May 1991, pp. 917-920.

A. P. Varga and R. K. Moore, “Hidden Markov model decomposition
of speech and noise,” iAroc. IEEE Int. Conf. Acoustics Speech, Signal
Processingvol. 2, Apr. 1990, pp. 845-848.

M. J. F. Gales and S. J. Young, “A fast and flexible implementation of
parallel model combination,” iRroc. IEEE Int. Conf. Acoustics, Speech,
Signal Processingvol. 1, May 1995, pp. 133-136.

A. P. Vargeet al,, “The NOISEX-92 study on the effect of additive noise
on automatic speech recognition,” DRA Speech Res. Unit, 1992.

S. M. Kay, Modern Spectral Estimation: Theory and Applica-
tion. Englewood Cliffs, NJ: Prentice-Hall, 1988.

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(20]

[11]

(12]
(13]

[14]

[15]

[16]

(17]

(18]

[19]



540 IEEE TRANSACTIONS ON SPEECH AND AUDIO PROCESSING, VOL. 8, NO. 5, SEPTEMBER 2000

[20] M. J. F. Gales and S. Young, “An improved approach to the hidde
Markov model decomposition of speech and noise,Pioc. IEEE
Int. Conf. Acoustics, Speech, Signal Processuadl 1, Mar. 1992, pp.
233-236.

[21] N. Ahmed, T. Natarajan, and K. R. Rao, “Discrete cosine transform
IEEE Trans. Computvol. C-23, no. 2, pp. 90-93, Jan. 1974.

[22] HTK version 1.2: Reference Many&peech Group, Eng. Dept., Cam-

neering, Escola Politécnica, University of Sé&o

bridge Univ., Cambridge, U.K., 1990. ‘-:
[23] B. A. Hanson and T. H. Applebaum, “Robust speaker-independ :
word recognition using static, dynamic and acceleration featur ‘ ﬁ Paulo, in 1989, where he is currently an Associate
Experiments with Lombard and noisy speech,Pimc. IEEE Int. Conf. i Professor. He was on leave at Imperial College from
Acoust., Speech, Signal Processing. 2, Apr. 1990, pp. 857-860. 1990 to 1994 as a doctoral student with a scholarship from Conselho Nacional
de Desenvolvimento Cientifico e Tecnoldgico, Brazilian Government Founding

Council. His research interests include robust speech recognition, speaker
adaptation and large-vocabulary speech recognition.

Ivandro Sanches (S'89-M'99) was born in Séo
Paulo, Brazil, in 1964. He received the B.S. and
M.S. degrees from Escola Politécnica, University
of Séo Paulo, in 1987 and 1989, respectively, and
the Ph.D. degree from Imperial College of Science,
Technology and Medicine, University of London,
London, U.K., in 1994, all in electrical engineering.
He joined the Department of Electrical Engi-




