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ABSTRACT

In this paper, a new approach to sequential estimation of the time-
varying prior parameters of nonstationary noise is presented us-
ing the log-spectral or cepstral data of the corrupted noisy speech.
Incremental Bayes learning is developed to provide a basis for
noise prior evolution, recursively updating the noise prior statis-
tics (mean and variance) using the approximate Gaussian posterior
computed at the preceding time step. The algorithm for noise prior
evolution is derived in detail, and is evaluated using the Aurora2
database with the root-mean-square (RMS) error measure. Experi-
mental results show that when the time-varying variance and mean
of the nonstationary noise prior are estimated and exploited, supe-
rior performance is achieved compared with using either no noise
prior information or using the time-invariant, fixed mean and vari-
ance in the noise prior distribution.

1. INTRODUCTION

In awide class of speech feature enhancement algorithms, includ-
ing spectral subtraction and Bayesian estimation [4, 3, 5], the es-
timation accuracy of the corrupting noise or of its statistics is the
most crucial factor determining the effectiveness of the enhance-
ment algorithms. Thisis especially true when the corrupting noise
is nonstationary, or varying over time in its statistics. In [2] and
[3], weintroduced the maximum-likelihood (ML) and maximum a
posteriori (MAP) techniques, respectively, for sequential point es-
timation of nonstationary noise using an iteratively linearized non-
linear model for the acoustic environment.! It was demonstrated
in [3] that with the use of a simple Gaussian prior model for the
distribution of the noise, the MAP estimate outperformed the ML
counterpart in the quality of the noise estimate. Thisleadsto better
speech feature enhancement and greater robust speech recognition
accuracy.

In the MAP technique presented in [3], the mean and variance
parameters associated with the Gaussian noise prior are fixed from
a segment of each speech-free test utterance. When the noise is
nonstationary, however, it is natural to expect that the noise prior
should also change as afunction of timein order to reflect realistic
noise prior statistics. Just how to achieve such improved modeling
is the subject of this paper.

A new approach to tracking time-varying parameters of non-
stationary noise is presented in this paper using the log-spectral
data of the corrupted noisy speech. The theoretical basis of the
new sequential estimation algorithm is incremental Bayes learn-
ing, where a time-varying noise prior distribution is assumed and
its hyperparameters (mean and variance) are updated recursively

INon-iterative versions of the ML technique for noise estimation can
befoundin[1, 7].
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using the approximate Gaussian posterior computed at the preced-
ing time step. In contrast to the earlier noise tracking approaches
based on ML and MAP point estimates, the new approach provides
additional uncertainty information regarding thetime-varying vari-
ance of thenoise. Experimental results using the root-mean-square
(RMS) measure show that incorporating the time-varying mean
and variance of the noise estimate gives superior performance com-
pared with the earlier work which uses either no noise prior infor-
mation [2] or uses the time-invariant, fixed mean and variance in
the noise prior distribution [3].

This paper is organized as follows. In Section 2, we provide
a general principle for incremental Bayes learning based on a re-
cursive formulation of Bayes' rule, and its specific application to
tracking noise prior evolution. An agorithm for estimating time-
varying mean and variance in the noise prior distribution, under
the Gaussian assumption of the prior, is derived and presented in
Section 3. Experimental evaluation of the algorithm is included
in Section 4, using the Aurora2 database and the RMS error mea-
sure. Finaly, in Section 5, we provide a summary of the work and
discuss potential use of the estimated noise statistics for speech
feature enhancement.

2. INCREMENTAL BAYESLEARNING OF
NONSTATIONARY NOISE

Let vt = y1,99, ..., Yr, ..., y: be asequence of noisy speech ob-
servation data, expressed in the log domain (such as log-spectra or
cepstra), and are assumed to be scalar-valued without loss of gen-
erality. Datay! are used to sequentially estimate the corrupting
noise sequence ni = ny,no, ..., ..., n; With the same data length
t. Within the Bayesian learning framework, we assume that the
knowledge about noise n (treated as an unknown parameter) is
contained in a given a-priori distribution of p(n). If the noise se-
guence is stationary, i.e., the statistical properties of the noise do
not change over time, then the conventional Bayes inference (i.e.,
computing the posterior) on noise parameter n at any time can be
accomplished viathe “batch-mode” Bayes' rule:

where © is an admissible region of the noise parameter space.
Given p(n|y!), any estimate on noise n is possible in principle.
For example, the conventional MAP point estimate on noise n is
computed as aglobal or local maximum of the posterior p(n|y!).
The minimum mean square error (MMSE) estimate is the expec-
tation over the posterior p(n|yt).

However, when the noise sequence is nonstationary and the
training data of noisy speech y! is presented sequentially as in
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most practical speech feature enhancement applications, new noise
estimation techniques are needed in order to track the noise statis-
ticsthat is changing over time. One common technique, which we
explore in this work, is based on iterative applications of Bayes
rule[8, 6]:

1 - _
p(nelyi) = ap(ytlyf Ln)p(nelyt ),

where Cr = p(yily;™") = [o p(yelyi ™", ne)p(nely; ™" )dne.
Ass.Jmlng condltlonal independency between noisy speech
and its past y; ' given ny, or p(y:lyt ', ne) = p(yi|ni), and as-
suming smoothnessin the posterior: p(n:|y!™") &~ p(ni—1|yt™"),
we obtain
t 1 t—1
p(nelyr) ~ ap(ytlnt)p(mqul )- ()
Incremental learning of nonstationary noise can now be estab-
lished by repeated use of Eq. 1 as follows. Initialy, in absence
of noisy speech data y, the posterior PDF comes from the known
prior p(nolye) = p(no). Then use of Eq. 1 for ¢ = 1 produces:

p(nily) = Cilp(yl [n1)p(no), )]

and for ¢ = 2 it produces:

1
p(nalyt, y2) = o (ya|n2)p(naly1),

using the p(n1 |y:1) aready computed from Eq. 2. For ¢t = 3, Eq. 1
becomes:

1
p(nsly}) ~ G P(alna)p(n2ly:, o),

and so on. This process thus recursively generates a sequence of
posteriors (provided that p(y:|n: ) is available):

o p(nelyt)s o (3)

which provides a basis for making incremental Bayes' inference
on the nonstationary noise sequence nt. The general principle of
incremental Bayes' inference discussed so far will now be applied
to a specific acoustic distortion model, which supplies the frame-
wisedataPDF p(y¢|n:), and under the simplifying assumption that
the noise prior be Gaussian.

p(nilyr), p(nalyi), ..., p(n-|yi),

3. NOISE PRIOR EVOLUTION

3.1. Prior evolution and sequential update of noise hyperpa-
rameters

The essence of incremental Bayeslearning isto update the current
“prior” distribution about the parameter (noise in our case) using
the posterior given the observed data up to the most recent past,
since this posterior is the most complete information about the pa-
rameter preceding the current time. Therefore, the posterior se-
guence in Eq. 3 becomes atime-varying prior sequence (i.e., prior
evolution) for noise distributional parameters of interest (with the
time shift of one framein size).

For data likelihood p(y:|n.), which is non-Gaussian (and will
be described shortly), the posterior is necessarily non-Gaussian.
A successive application of Eq. 1 would result in a fast expand-
ing combination of the previous posteriors and lead to intractable

forms. It is well known that approximations are needed to over-
come the intractability [6]. The approximation that we introduce
in this work is to apply the first-order Taylor series expansion to
linearize the nonlinear relationship between y: and n;. Thisleads
to a Gaussian form of p(y:|n.). Therefore, the time-varying noise
prior PDF p(n,41), which is inherited from the posterior for the
past data history p(n-|y]), can be approximated by the Gaussian:

71 ex —1 Br = Hnr i
2m) g, P13 On.

= Nnspn, 00, (4)

p(n-|y1)

where i, and o, are caled the hyperparameters (mean and
variance) that characterize the prior PDF. Then the posterior se-
guence in Eq. 3 computed from recursive Bayes' rule Eq. 1 offers
aprincipled way of determining the temporal evolution of the hy-
perparameters, which we describe below.

3.2. Acoustic-distortion and clean-speech models for comput-
ing data likelihood p(y:|n:)

We first assume a time-invariant mixture-of-Gaussian model for
log-spectra of clean speech x:

Zp Nz iz (m),

We then use a simple nonlinear acoustic-distortion model in
the log-spectral domain (discussed in more detail in [2]):

oz (m)]. ©®)

exp(y) = exp(z) +exp(n), or y=z+g(n—1z), (6)
where the nonlinear function is:
g(z) = log[1 + exp(z)].

In order to obtain auseful form for thedatalikelihood p(y:|n:),
we employ Taylor series expansion to linearize nonlinearity g in
Eq. 6. This gives the linearized model of

y =z + g(no — pa(mo)) + g'(no — pz(mo))(n — no), (7)

where ng is the Taylor series expansion point and the first-order
series expansion coefficient can be easily computed as:

) = exp(no) .
exp|ptz (mo)] + exp(no)

g'(no = pa(mo

In evaluating functions g and ¢’ in Eq. 7, the clean speech value =
is taken as the mean (u. (o)) of the “optimal” mixture Gaussian
component mq.

Eq. 7 defines alinear transformation from random variables x
to y (after fixing n). Based on this transformation, we obtain the
PDF on y below from the PDF on z (Eq. 5):

plyeme) = Zp

N[thNy(mOat);Uj(mOat)]; (8)

where the optimal mixture component is determined by

N [yes py (m, ), 05 (m, 1)]

Q

mo = arg max Nyi: py (m. 1), 0% (m, 1)],
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and where the mean and variance of the approximate Gaussian are?

ta(Mo) + Gmg + Gme X (e — no)

o3 (mo) +9172;00$Lt- )

Hy (mo, t) =

U; (mo, t) =

3.3. Algorithm for estimating time-varying mean and variance
in thenoise prior

Given the approximate Gaussian form for p(y:|n:) asin Eq. 8 and

for p(n-|y{) asin Eq. 4, we now derive the algorithm for deter-

mining noise prior evolution, expressed as sequential estimates of

time-varying hyperparameters of mean y,,, and variance o, _.
Substituting Egs. 4 and 8 into Eg. 1, we obtain

N (nt; ping s 07,,)
o< Nlyt; py(mo, 1), 05 (mo, )IN (ne—15 pin, 1500, _,)
N Ngneni—1; 1,05 (mo, )N (ne—1; i, 1,07, ;) (10)
where 1 = y¢ — pe (mo) — gmg + grny Mo, and the assumption of
noise smoothness was used. We match the means and variances,

respectively, of the left and right hand sidesin Eq. 10 to obtain the
prior evolution formulas:

g L 0n,_, F i,y 0y (mo,t — 1) 1)
Hne = 912,03, , +02(mo,t —1) ’

ai(mo, t— l)afbt_1
2

92,02, , +03(mo,t —1)’

2 p—
Opny, =

where iy = y¢ — p1e(m0) — gmo + Grngbne_, - 1N establishing
Eq. 11, we used the previous time’ prior mean as the Taylor series
expansion point for Noisg; i.e., ng = fin,_, . Weaso used the well
established result in Gaussian computation (setting a = g;,,, ):

1 _ 2
exp [ (u) + K
2 o

N(az; ur, 03N (&3 p2, 03) =

k]

2mo102
where ) ) 5 o
_ap10; + p207 . 2 0105
a203 + 0} ' a203 + 0%’

4. EVALUATION EXPERIMENTS

The algorithm for noise prior evolution described in the preceding
section has been evaluated on the Aurora2 database. Since the true
noise in the form of log-spectrum is available from the database,
it is possible to quantitatively evaluate exactly how accurate the
estimated noiseis.

4.1. Baseline estimates of nonstationary noise

In order to evaluate the effectiveness of the noise prior evolution al-
gorithm presented in Section 3.3, in addition to baseline estimates,
we also need to establish a corresponding point estimate of noise
based on the estimated prior evolution sequence. Since the mode
of a Gaussian is its mean, the MAP (point) estimate for the time-
varying noise 7; isin the same form as Eq. 11 for prior evolution
of the noise mean:

! MAP _2 ~MAP _2
ﬁMAP _ 9mo1 On,_y T 71 Uy(m07t - 1)
; =

12
9472100'72%—1 +U§(m07t - 1) ’ (12)

2Asanotational shorthand, we use g, to denote g(ng — gz (mo)),
and g/,,, to denote g’ (no — fiz (o).

where 4P =y — pe(mo) — gmg + g;nofz,{vfffp. Using such

a MAP estimate of noise and the true noise in the same form of
log-spectra, we can then compute the RMS error to evaluate the
effectiveness of the noise prior evolution algorithm.

In our experiments, we compare three point estimates of non-
stationary noise in the Aurora2 database:

A. The MAP estimate (247 of Eq. 12, incorporating time-
varying noise prior mean and variance hyperparameters de-
termined by the noise prior evolution agorithm;

B. The MAP estimate (denoted by 7;"“?) of Eq. 12, except
replacing the estimated hyperparameters p,, , (which is
24P and o2, | by fixed, time-invariant values of ji,
and 62 computed from the first 15 speech-free frames in
each of the Aurora2 utterances. This estimate becomes®

Cmap _ Gmo M1 6+ fnay (o)

Ty - 12 52 2

9moTn + ay (mo)
29;10 &72;ﬂn + 0'% (mo)ﬂn + dt

= ~ , (13
2912 62 + 02(mo)

map _

Where;lL1 = Yt — pa(Mo) — Gmo + Yomg fin, @A
dt = GmgOn X [yt — p1z(M0) — gme -

C. The ML estimate (denoted by 7} L), as a specia case of
Eq. 13 by setting o2 — oo and taking the limit of theratio.*

4.2. Experimental results

The new MAP noise estimate (A: 74 computed from Eq. 12,
which incorporates the time-varying noise prior mean and variance
according to Eq. 11, isevaluated by comparing its RMS error with
the RMS errors from two baseline noise estimates (B: 7" or
MAP estimate with a fixed noise prior mean and variance; and C:
ML or ML estimate). The estimates are computed in the Mel log-
spectral domain first, and then converted to the cepstral domain
(13 MFCCs. C0-C12) via the cosine transform. The RMS error
is computed using the MFCCs of true noise via the same cosine
transform on the Mel log-spectra.

The comparative RM S values for the full range of MFCCs are
listed in Table 1, averaged over the utterances from the SNR=0dB
portion of the Exhibition environment condition (N4) in the Au-
rora2’s Set-A. While the new noise estimate A isuniformly better
(i.e., lower RMS errors) than the two baseline estimates, the gresat-
est gain is on CO, resulting in approximately 10% RMS error re-
duction. The higher-order MFCCs tend to have lower gains. Also,
as consistent with the robust speech recognition results published
in[3], the MAP estimate (B) with afixed noise prior is slightly but
consistently better than the ML estimate (C).

The same type of RMS-error comparison for the SNR=10dB
portion of the N4 condition in Set-A is shown in Table 2. Similar
advantages of the new estimate A over that of B or C are demon-
strated. We note that the overall errors of the estimates are dightly
higher for the SNR=10dB than the SNR=0dB conditions.

For a different type of noise, N1 (Subway) of Set-A, in the
Aurora2 database, we aso computed the RMS errors for the three
point estimates of the noise. The results for the SNR=5dB portion

SNote this is a special case of the MAP estimation algorithm in [3],
which also used the samefirst 15 speech-free frames in each of the Aurora2
test utterances to estimate the time-invariant hyperparameters.

“Note thisis aspecial case of the ML estimation algorithm in [2].
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co|cCci1|CcC2|C3|C6|Co|Crz
A|54]32|27|24]23|19| 15
B|59|35|28|25|24|20| 15
C|61|37|29|25|25|20] 15

Table 1. RMS errorsfor the new MAP noise estimate (A: #147)
and the two baseline MAP (B: #7*?) and ML (C: #}'") noise
estimates. A and B differ in whether the noise prior’'s mean and
variance are fixed, or are alowed to change over time according
to Eg. 11. Noise and noisy speech data are from the SNR=0dB
portion of the N4 condition (Exhibition) in the Aurora2’s Set-A.

cojCi1|C2|C3|C6| Co|Crz
A|62]34|30|26|21|18| 16
B |67 |37 |32|27|22| 19| 17
C|69|38|33|27|24|19| 17

Table 2. Data: SNR=10dB portion of the N4 condition of Set-A

of the utterances are listed in Table 3. Sincethe “subway” noisein
N1 is significantly more nonstationary than the “exhibition” noise
in N4, the RMS errors (in CO) are much larger also. This reflects
thewell-known difficulty of estimating highly nonstationary noise.
However, with the use of the time-varying noise prior as proposed
in this paper, again the RM S error in CO has been reduced by about
10% for the more difficult type of noise of N1. The RMS-error re-
sults for the same type of noise but with SNR=15dB are presented
in Table 4. Again, the overall RMS errors are somewhat higher
compared with the condition having alower SNR. But again, the
RMS error reduction with a similar magnitude to Table 3 is ob-
served due to the use of the time-varying noise prior.

COo|Cl|C2|C3|Cb6|Co|C12
A|100|36|31|25|23|16| 14
B | 112|138 (32| 26|24 |17 14
C|115|39|33|26|24| 17| 14

Table 3. Data: SNR=5dB portion of the N1 (Subway) condition

5. SUMMARY AND DISCUSSIONS

In this paper, we propose and evaluate an incremental Bayeslearn-
ing approach to sequential estimating or tracking the time-varying
mean and variance of nonstationary noise, using the log-spectral
or cepstral data of the corrupted noisy speech. This approach gen-
eralizes the earlier noise tracking approaches based on the ML and
MAP point estimates, where either no prior information about the
noise was exploited [2], or such information was assumed to be
fixed over the entire length of the utterance [3].

The main contribution of this paper is to apply incremental
Bayeslearning, which has been successfully used for on-line adap-
tation of HMM parameters [6], to the problem of nonstationary
noise tracking. Key differences, however, exist between these two
types of applications. First, the parameter update interval is sig-
nificantly shorter in noise tracking (frame as the interval) than

CO|CL|jC2|C3|C6|C9|CcC12
A|115|40|31|26| 22| 17| 15
B | 124 | 42| 32| 27| 23|18 15
C|125| 43| 34| 28| 23| 18| 15

Table 4. Data: SNR=15dB portion of the N1 (Subway) condition

in HMM adaptation (utterance as the interval). Second, the data
likelihood for noise tracking is derived from alinearized acoustic
distortion model, while that for HMM adaptation comes from the
HMM likelihood computation. Third, the form of the prior PDF
for noise tracking is assumed with a much simpler form to facil-
itate the tracking algorithm development. Based on a set of sim-
plified yet effective assumptions, we used approximate recursive
Bayes' rule and quadratic term matching to successfully derive the
noise prior evolution formulas as summarized in Eq. 11.

Experimental results show moderate improvement on the noise
tracking accuracy, measured by RMS error reduction, compared
with the two baseline noise tracking algorithms developed from
the previous work [2, 3]. Our future work will focus on utilizing
both the estimated mean and variance in the noise prior to im-
prove the effectiveness of speech feature enhancement within the
framework of phase-sensitive modeling of acoustic environments
established in [3, 5]. The enhancement algorithm presented in [3]
was only able to use the point (mean) estimate of noise. Extension
of the algorithm to make use of the variance information provided
by the prior evolution algorithm presented in this paper is expected
to improve the enhancement performance, thus demonstrating the
practical value of noise prior evolution.
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