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he intelligibility of speech in communication systems. is generally reduced by

interfering noise. This interference, which can take the form of environmental noise,
reverberation, competing speech, or electronic channel noise, reduces intelligibility by
masking the signal of interest. The reduction in intelligibility is particularly troublesome
for listeners with hearing impairments, who have greater difficulty understanding
speech in the presence of noise than do normal-hearing listeners.

Numerous digital signal processing (DSP)-based speech enhancement systems have
been proposed to improve intelligibility in the presence of noise. Several of these
systems have difficulty distinguishing between noise and consonants, and consequently
attenuate both. Other methods, which use imprecise estimates of the noise, create
audible artifacts that further mask consonants. The objective of the present study is to
develop a new noise-reduction method that can reduce additive noise without impairing
intelligibility. The new method could be used to improve intelligibility in a wide variety
of applications, with special attention given to digital hearing aids and other portable
communication systems (e.g., cellular telephones).

In this article, we present a new wavelet-based method for reducing correlated noise in
noisy speech signals. We provide background information on the intelligibility problem and
on previous attempts to address it. A theoretical framework is then proposed for reduction
of correlated noise, along with some preliminary experimental results.

Background

Intelligibility for Hearing-Impaired Subjects

Studies comparing the speech-perception capabilities of normal-hearing and hear-
ing-impaired listeners in noise have shown that under identical testing conditions,
hearing-impaired listeners generally have lower speech-recognition scores, and require
higher speech sound pressure levels (SPLs) to achieve the performance of normal-hear-
ing listeners [1]. In one study, Tillman, Carhart, and Olsen [2] reported that listeners
with normal hearing could understand 50% of word lists (and 95% of sentences) uttered
at a signal-to-noise ratio (SNR) of -5 dB in ambient noise exceeding 60 dB SPL.
Hearing-impaired listeners in comparison, required SNR levels of 9 dB to achieve
similar intelligibility. '

Many of the differences in perception capability of normal-hearing and hearing-impaired
listeners are due to the elevated thresholds of the hearing-impaired listeners. Classic studies
of intelligibility [1, 3, 4] liken the effects of these higher thresholds to those of an “internal”
masking noise. Other sources of intelligibility loss in hearing-impaired listeners include
reduced spectral and temporal distortion, cochlear damage, cognitive processing disorders,
and recruitment of loudness (i.e., an acute increase in a subject’s perception of loudness with
respect to signal Jevel) [5]. The effects of each of these factors (which vary widely from
subject to subject) are often worsened by the low fidelity and limited dynamic range of
conventional analog hearing aids. In particular, for subjects with recruitment of loudness,
volume settings that compensate for elevated thresholds can amplify both the signal and the
background noise to uncomfortable listening levels [5].

Previous Noise Reduction Approaches
Many of the noise reduction algorithms considered in studies related to hearing aids
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fall into one of two classes: multiple-microphone methods, and
single-microphone methods. Multiple-microphone methods ex-
ploit the correlation between signals received at spatially sepa-
rate inputs to identify noise and subtract it from the noisy speech.
In applications affording use of spatially separate inputs (e.g.,
noisy cockpits, automobiles, and some industrial environments),
this approach has been shown to improve intelligibility. (Typical
examples of improvements are given in [6].) Single-microphone
approaches, which rely on statistical models of speech and noise,
are more appropriate for compact portable systems (e.g., digital
hearing aids, cellular telephones) and other applications for
which obtaining spatial information is infeasible.

The results of numerous noise-reduction studies led authors
of several literature reviews (e.g., [7, 81) to conclude that existing
single-microphone noise reduction methods were incapable of
providing consistent improvements in intelligibility. These re-
sults are typified by the recent study of Levitt, et al. [9], who
presented results of experiments evaluating the capabilities of
four noise-reduction algorithms for use as preprocessors for
digital hearing aids. The noise-reduction algorithms included
least-mean-square (LMS) filter-based algorithm [6], short-time
Wiener filtering, low-frequency spectral subtraction [10], and a
sinusoidal-model-based noise-reduction method that reduced
noise by discarding the low-amplitude components of a sinusoi-
dal model of the noisy speech [11]. Each of the four methods was
evaluated by both normal-hearing and hearing-impaired listen-
ers. The results of the study indicated that:

1. Adaptive noise canceling provided significant intelligibil-
ity gains, which decreased in the presence of reverberation and
subject head movement.

2. Wiener filtering increased intelligibility for half of the
hearing-impaired listeners, and reduced intelligibility for all of
the normal-hearing listeners.

3. Spectral subtraction and sinusoidal modeling removed both
interfering noise and crucial high-frequency cues, thereby improv-
ing SNR (and perceived quality) without improving intelligibility.

The first three noise-reduction approaches evaluated by
Levitt, et al. [9], are typical of many approaches in the literature,
in that they attempt to preserve features unique to the speech
waveform and remove features unique to the noise waveform.
An alternative approach to speech enhancement maps segments
of the speech waveform into a set of time-varying parameters
that may be used to synthesize a modified version of the signal
(as with the sinusoidal-model-based approach mentioned above)
or input to subsequent processors, such as hearing-loss compen-
sation systems [12].

Wavelet-based parameterization provides a viable alternative
to conventional short-time processing methods, since the result-
ing parameters provide both time-domain and frequency-domain
information about the signal. The tree-structured wavelet packet
transform of Coifman and Wickerhauser [13] is particularly
well-suited for speech processing, as it allows the signal to be
decomposed into subbands giving appropriate temporal and
spectral resolution for a given application. One potential appli-
cation of wavelet-based parameterization in digital hearing aids
is the TVFD (time-varying, frequency dependent) compensation
algorithm developed by Rutledge and Clements [14] for recruit-
ment of loudness compensation. The TVFD algorithm uses a
parameterization (derived alternately from a sinusoidal model or
from wavelets [15]) to apply time-varying multi-band amplitude
compression to speech signals. An important objective of this
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study is the development of a parametric noise-reduction pre-
processing method for wavelet-based TVFD compensation.

Wavelet-based Noise Reduction

The computational efficiency of wavelet transforms and the
desirable time-frequency localization properties of their basis
functions have motivated intensive research in their use for noise
reduction. Many of the investigated approaches (e.g., [16-18])
resemble a form of principal component analysis, where the
observed signal is projected onto a specially chosen set of basis
functions, and expansion coefficients thought to represent noise
are attenuated. The modified coefficients are then inverse-trans-
formed to provide an estimate of the original signal. Differences
in the various techniques are mainly distinguished by the meth-
ods of choosing the basis functions and the methods of selecting
the coefficients to be preserved. The methods adapted for use in
this work are described below.

Local Discriminant Bases and Noise Reduction

The method proposed in this article uses the local discrimina-
tion bases (LDBs) developed by Saito and Coifman [19] as a
feature extractor for pattern recognition and discrimination.
Their method generalizes the “best-basis” algorithm of Coifman
and Wickerhauser [13], which, for a given signal, produces the
minimum-entropy partition of a tree-structured basis system.

In the LDB formulation, the statistical properties of each of
C classes of patterns are described by C time-frequency-energy
(TFE) maps constructed from sets of training data. For class
€e{1,2....,C} with Ne training signals {x¢(1).Xe(2),....x¢(Ne)},
the TFE map Ie(j,k,m) was defined as:

300k my"x, 0
LG km) = S

where ¢(j,km) is the wavelet-packet basis vector at scale
je{1,2,...,logaN}, frequency band ke {0,1,...,2’—1 }, and position
me {0,1,...,(27)N-1}in the binary tree, and the superscript “H”
denotes Hermitian transposition. For discrimination between
two classes, a “best-basis” algorithm was used to select the basis
partition maximizing the Kullback-Liebler distances:

N p
D({p}.{gh) = X p;log, —
phiq g,p ” ®

between the “probability” distributions {pi}f; and {qi}i1 corre-
sponding to pairwise combinations of each of the C classes. (The
IO . ) 2
probability distribution {p,}" is defined as p, =|¢/x] /Il
where ¢; was the ith of N basis vectors whose subspaces form a
disjoint cover of the binary tree.) The expansion coefficients
were then ranked in order of discrimination ability, and a subset
of the highest-ranked coefficients was used as input to two
conventional pattern-classification algorithms. Saito and Coif-
man also applied the LDB approach to the denoising problem by
selecting bases that maximized discrimination between the
classes of “signal+noise” and “noise.” For the special case of

white noise, the “probability” distribution {qi}i1 for the noise

class becomes a uniform distribution, and the LDB and best-basis
algorithms yield the same basis partition.
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Minimum Deseription Length Criterion

For selection of coefficients, the proposed approach uses the
minimum description length (MDL) criterion developed by Ris-
sanen [20] and applied independently by Saito [17] and by
Pesquet, et al. [21], to enhance signals in additive white noise.
The MDL criterion is an information-theoretic measure that has
been used in a number of applications to estimate the order of
parametric models.

In the framework of MDL and the context of noise reduction,
the noisy observation xe RYis modeled as an output symbol from
a discrete memoryless information source. The description
length of x, defined as the length (in bits) of a theoretical binary
codeword used to describe x, is given as:

LA™y = LO®y + Ln®) 3)

where L(?\,(k)) and L(xl?»(k)) are the lengths of codewords, respec-
tively, describing a kth order parametric model (A®) of x and the
prediction error of that model. L(?»(k)) and L(xl?»(k)) are, respec-
tively, described by a universal prefix coding method proposed
by Rissanen and by the Shannon coding method [22]. Among
admissible parametric models, the model, which produces the
minimum description length, is selected as the model most
representative of the signal. A detailed discussion of the MDL
criterion may be found in [22].
For the model used in this article, Saito showed that:

LMY= %log2 N+C,

“
where C1 was a constant independent of basis and order selection.
For L(Xlk(k)), which essentially described the noise component
of x, the codeword length was given as:

L(xIX™) = ~log, p(R(A” );Ry) (5)
where p(m;RN) was the probability density of the noise (ex-
pressed as a likelihood function of autocorrelation matrix Rn),
and f(A*’) was a noise estimate derived from the observation
and the kth-order model of the signal. For the case of white
Gaussian noise of unknown variance, Saito showed that:

2
L(xiA®) = glng[”X"Z ~[a“ e ]+ G ()
where Q® was a rank-k thresholding matrix preserving the
largest k elements of transform coefficient vector ®¥x and C»
was a constant independent of basis and model order. Detailed
derivations of these results, along with examples of MDL—proc—
essed signals, may be found in [17].

Preliminary observations suggest that the MDL approach
works well for the case of signals corrupted by additive white
Gaussian noise. However, the restriction of the present MDL
algorithm to reduction of white noise limits its appropriateness
in many practical applications.

Reduction of Correlated Noise

In this section, a new approach is proposed for reduction of
correlated noise. This approach transforms the basis vectors
representing the correlated noise into a second set of basis vectors
that is better suited for use with the MDL criterion. The method
is in part motivated by the approach of Kay and Nagesha [23] for
constructing maximum-likelihood (ML) estimates of the pa-
rameters of sinusoidal signalsin autoregressive (AR) noise. Their
approach used a projection of a pth-order prediction-error filter
onto the subspace spanned by the sinusoids to reduce their
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optimization problem to a more tractable linear least-squares
estimation problem.

Notation and Assumptions .

In the prescnt case, we consider a deterministic speech signal
seRN , comprised of a linear combination of w(<N) vectors
chosen from a set of orthonormal basis vectors {q)l.}:; spanning
RN As above, the index set i€ {1,2,...,N}is assumed to represent

. N

a set of space-frequency-position triplets {( jnkum,-)} _, Tepre-
senting a disjoint cover of the binary tree. The projection of the
signal onto the K basis elements is described by parameter vector
As=Ths1 As2 oo XS,N]H, such that:

s= O, Zd)zl - )

where @ is the N x N orthogonal transform matrix [¢1 ¢z .. <|)N]H
and Z, ={z,}
cients in As. The observed signal x equals s + n, where n, the additive
noise, is a sample realization of a multivariate Gaussian process
N(Ox1).RN), which is independent of the signal. The projection of
the observation onto the complete set of N basis elements is de-

scribed by parameter vector Ax = @Y%, The N elements of n are
generated by an AR random process {ne}:

P
==>oan,, +
ZOnlten +l @®)

where {ux} is a white-noise sequence with variance 6.2, The
noise parameters ¢,%, p (<< N), and {o}” are assumed to be

is the set of indices of nonzero expansion coeffi-

known in advance. (For speech signals, this is a reasonable and
practical assumption, since the noise parameters may be esti-
mated during silence intervals.)

We will now use the MDL criterion and the model presented
above to determine Z( and ¥, the index set and number of

nonzero expansion coefficients of the signal estimate.

MDL Model of Correlated Noise
For the model of Eq. (8), the probability density for the vector
n=[nony ... nxci]™is [24]:

pyRY)=p (nli;R)p, (1R

Om,Ry)
207

u

1
=(2no?)" detRﬁ)‘E cxp{—
where:

Om,R )= nHR"ﬁ+,§(§amnlmj

2=p\ m=0

with o, =1n =[”o nl-“np_l:l ,and R = E{ﬁﬁﬂ}. The code-

word length for the prediction error of the kth order estimate of
the signal is then given by:

L(XIN’”) =-log, p( (A %R )

= ;1——2—|iNln(21t0 )+IndetR +G—uQ( ()R )} ©
where A® is unknown. Tt may be shown [24] that, for N >> p,

September/October 1996



the likelihood function px(n;RN) is dominated by the conditional
distribution pﬁ(ﬁ;Rﬁ). Hence, the contributions of terms from

pﬁ(ﬁ;Rﬂ)become negligible, and:

20° 1n2,%(m20a & “) < (10)

where C3 is a constant independent of basis and model order.
Note that the description length Lx®) depends directly on the
value of the unknown parameter vector Ak

L(xl?»"”)

). In minimizing
description length, we will implicitly assume use of the ML
estimate of A%®.

The noise estimate corresponding to the kth-order estimate of -

the signal is:
AAY) =x-PAY =@, - L")

,2( —), + RIS

an
Substituting Eq. (11) into Eq. (10) yields:
r 2
i am(z()‘xii —Nzk,-))q)i,-.l-m + Z Ngj)¢z,,z-m]:|
L(Xl)\fk)) _ Nt m=0] i=1 J=k+1 +C
i 202 1n2 :
- 2
82500, r $3 S |
_ et A 4/ + jekel m=o i +C
e 262102
(12

where ¢;; is the jth element of basis vector ¢;. Equation (12),
which describes the energy in a signal comprised of a linear
combination of filtered basis elements, may be conveniently
written in matrix-vector format as:

we set the gradient of Eq. (13) with respect to As® equal to zero,
obtaining:

R ()= (@, (0" A" () (@, (0" A" @ ()b (Y 1.

The columns in the matrices tlhs(k)HA and CDT](k)HA are seen
to be the projections of N-p shifted versions of a time-reversed
prediction-error filter onto the designated “signal” and “noise”
subspaces. Calculation of these (N-p) x N transform coefficients
may be done quickly and efficiently by means of the shift-invari-
ant wavelet-packet transform. Discussions of the shift-invariant
wavelet and wavelet-packet transforms and their use in denoising
are provided in [21, 25].

Substituting Eq. (14) into Eq. (13) reveals that L(xIA®) is
simply a measure of the energy in the subspace orthogonal to the
column space of Al ®((k). Hence, minimizing L(xl?»(k)) isequiva-
lent to maximizing the expression:

A(AY) =A% (k) (@, (k)" AL D, (5) " D (0)" AA"

2

(15)
Setting A,

simply the squared norm of the projection:

=®_ (k)"x, we see that the above equation is

A(IAY) = A D, (on,,
=1, "0 (k) AARD (L,

(16)

k
which, as shown below, is nearly equal to Y 1’ . HAH% "2 - We
i=1

will now show that this bound is tight enough to be useful in
developing the MDL algomhm

The filtering matrix A" which con51sts of N-p cxrcular shifts
of the pred1ct10n error fllter equals Al SFQAF , where

(Fl,, =e I IN . S= [Mcasvn Ouicpnp ] 2nd Qa is adiago-
nal matrix containing the values of the FFT of the first row of A

L(xIM®) = AT (D (O, (k) + @ (k)A, (k)] +C,
A7) 262 1In 2" (@, (O, () + O (k) ))" (13 divided by JN . We may then write:
where: O"AA"D = (F"®)" Q}Q, (F'®) - (F'®)"O(F'®) (17)
o, o, 1 0 0 where:
AM = 0 &, G b 0 6 =[Ol =4 sinfF-(m—n) jEpenom-m
: - : " ™ T Nsin & (m—n) (18)
0 0 o, o 1 . . . . .
r r with g, being the nth diagonal element of Qa. It is straightfor-
X ward to show, then, that:
7\’ 7\’(1() LRI .
N 2
ARy =[,, 2 P =| e P—4(1 +ia3)
7\’ x(k) N =1 (19)
L™ xe A . .
HEN Sinha and Tewfik [26] have shown that for wavelets with
I b0 iy 0.0 large numbers of vanishing moments, the first matrix in Eq. (17)
e, o, 0, is essentially diagonal. Invoking the bound of Eq. (19), and
o k)= 2 o noting that the second matrix is a quadratic function of an
' ' ’ orthonormal basis, we may then use the Cauchy-Schwarz in-
_¢il R P40 equality to show that each term in the second matrix of Eq. (17)
0. 0. 0. is at least a factor of p/N less than the terms on the diagonal of
q;"”'o q)z“z’o q;"’o the first matrix. Hence, the columns of AR®(k) are nearly
(k)= ! 2! Pt orthogonal, such that:
: : .
¢2,¢+1.N~1 q)zk“,[vq q)i,,.N—l A(X] %k)) = Z‘{Kli‘.z (20)
To find the ML estimate of As% (and, therefore, that of A*),  and
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1
262 1n2

i) = Jansf - 32,
i=1

A%, 2} +C,

o (21)
Equation (21) is analogous to the MDL equation derived by

Saito for the case of white noise, with the transformed basis

system A used in place of the conventional basis system.

Hence, a fast algorithm similar to the one employed by Saito may

be used to select those basis vectors that best represent the signal.

Calculation of TFE Maps

Asnoted above, application of the LDB method to the denois-
ing problem requires knowledge of the statistics of the “sig-
nal+noise” and “noise” classes (denoted as class 1 and 2,
respectively). Acquiring training data for both classes is straight-
forward, since Class 1 is typified by the input signals to the
denoising algorithm, and the AR model of the noise may be used
to provide a TFE map for Class 2 data. Referring to Eq. (1), we
see that as N2, the.cardinality of the set of training signals for the
noise class, approaches infinity:

E{oci. k)] }
,G.km)—»————
R,(0) (22)
The numerator of Eq. (22) may be calculated by generating
the impulse response of the all-pole filter and then computing its
stationary wavelet-packet transform for the binary-tree partition
of maximal decimation. At each level je {1,2,....logaN} of the
transform, E{1p(,k, m)TniZ} may be calculated at each value of k
and m by summing the energy in the coefficients of the corre-
sponding subband. The denominator is then calculated from the
impulse response.

Reduction of Residual Noise

In the previous two sections, we described a wavelet-based
denoising method that extends the approaches of [16, 17, 21] to
the case of autoregressive Gaussian noise. In all of these ap-
proaches, truncation of the N-element series expansion describ-
ing the noisy signal can impose audible artifacts on the enhanced
speech. (The effect is analogous to the “Gibbs effect” observed
in Fourier series expansions.) One approach for reducing the
audible artifacts is the “cycle-spinning” method discussed in
{25]. There, the stationary wavelet transform was used to com-
pute the average of N time-aligned denoised versions of wave-
forms created from the N admissible circular shifts of the noisy
N-sample sequence.

We have adapted the stationary wavelet-packet transform for
use in this work by using the MDL criterion to find a universal
threshold for coefficient selection. As in [27], we accomplish this
by first finding the finite difference of with respect to k:

2

2
H
x5k A ¢2k
2621n2 (23)

AL XYy = Lx, ) - L(x, A V) = %log2 N-

The minimum value of L(x,?x(k)) is seen to occur for the value
k for which AL(x,N")) goes from negative to positive; i.e., the
largest value of k for which:

> —:"—‘/3111 N
%, 24)

Note that each shift-invariant transform coefficient at a given

x.2k
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scale j and frequency k corresponds to a shift-variant transform
coefficient in more than one circularly shifted version of the
signal. Therefore, averaging N denoised, circularly shifted ver-
sions of the signal requires that each coefficient be subjected to
multiple threshold rules. A more practical and efficient method
of combining thresholded transform coefficients over all N cir-
culant shifts is to use an average threshold that selects the
coefficient at (j, k, m) by the rule:

A, (. kom)| 2 . 2<75}_uN«/_131n]\1

Hence, evaluation of L(x,2%) for varying values of k may be
replaced by a simple thresholding operation, similar to those of
[18] and [21]. In contrast to those approaches, however, the
method presented here provides scale-dependent, frequency-de-
pendent thresholding that is more appropriately tailored to the
characteristics of the noise.

Summary of Algorithm

We may now summarize the sequence of operations in our
algorithm, which shares many of the elements of [17, 19, 21]:

1. Construct an average “signal+noise” TFE map from energy
averages of data for circularly shifted versions of the noisy signal.

2. For the “signal+noise” and “noise” maps, find the LDB and
take a stationary wavelet-packet transform, using the partition
returned by the LDB algorithm.

3. Use either the MDL or thresholding approaches presented
in this article to denoise the circularly shifted versions of the
noisy signal.

4. Use the inverse stationary wavelet-packet transform to
resynthesize the signal.

Experimental Results

A preliminary comparison of the capabilities of conventional
and proposed noise-reduction approaches was conducted. A
recording of the sentence, “That hose can wash her feet” (fol-
lowed by 880 ms of silence) was sampled at 8 kHz and combined
with each of 5 correlated Gaussian noise sequences to produce
waveforms with overall SNRs of 0, 5, 10, 15, and 20 dB. The
correlated noise sequences were produced by a fourth-order
all-pole filter of the form:

nr= 1.3733n;1-0.7858n;2+0.11387;3+0.0119%4—a+ux

where {ux}was a sequence of white Gaussian noise. (The filter
parameters were derived from digital recordings of ambient noise
in an automobile traveling at highway speeds.) The speech
signals were processed in 50% overlapped 256-sample segments
by each of 6 algorithms that used the Daubechies-20 wavelet:

1. Conventional MDL denoising (i.e., using the white noise
assumption) averaged over five circular shifts.

2. LDB-based MDL denoising averaged over five circular
shifts, using the true AR model.

3. LDB-based MDL denoising averaged over five circular
shifts, using an estimate of the AR model.

4. Conventional shift-invariant thresholding.

5. LDB-based shift-invariant thresholding, using the true AR
mode].

6. LDB-based shift-invariant thresholding, using an estimate
of the AR model.

For algorithms 3 and 6, Levinson’s recursion [24] was used
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Table 1. Segmental SNR improvements for conventional and proposed MDL
and shift-invariant algorithms (speech region only)
Sentence SNR 0.00 5.00 10.00 15.00 20.00
Mean segmental SNR -10.27 -5.27 -0.27 4.73 9.73
Output of MDL algorithms SNR Improvements (dB)
1. Conventional 6.03 4.79 3.68 2.60 1.04
2. Proposed (true AR model) 11.56 8.72 5.83 2.84 -0.44
3. Proposed (estimated AR model) 11.59 8.74 5.79 2.31 -1.94
Output of shift-invariant algorithms SNR Improvements (dB)
4. Conventional 6.75 5.49 4.18 2.88 1.76
5. Proposed (true AR model) 11.75 9.21 7.12 5.33 3.61
6. Proposed (estimated AR model) 11.68 9.48 7.29 5.45 3.59
Table 2. Background noise reduction capabilities of conventional and proposed MDL.
and shift-invariant algorithms (silence region only)
Sentence SNR 0.00 5.00 10.00 15.00 20.00
Output of MDL algorithms Reduction in noise level (dB)
1. Conventional 9.52 9.85 10.50 12.39 18.34
2. Proposed (true AR model) 24.82 24.82 24.82 24.82 24.82
3. Proposed (estimated AR model) 22,94 26.19 26.90 28.49 28.86
Output of shift-invariant algorithms Reduction in noise level (dB)
4. Conventional 10.98 10.98 11.03 11.28 12.20
5. Proposed (true AR model) 29.21 29.23 29.26 29.30 29.42
6. Proposed (estimated AR model) 23.77 23.93 24.52 2550 30.07

to fit a fourth-order AR model to a 256-sample segment contain-
ing only additive noise. (Coefficient estimates for the resulting
models were —1.34, 0.74, —0.14, and —0.04.) TFE maps for the
“signal+noise” class were derived by averaging coefficient en-
ergies for each frame over five circular shifts; TFE maps for the
“noise” class were derived from AR models as described above.

Segmental SNR measurements were taken over nonoverlap-
ping 256-sample segments and averaged over both speech and
silence regions to produce an objective measure of quality. Data
for both speech and silence regions are respectively shown in
Tables 1 and 2. Both sets of data indicate that the proposed
approaches are better suited for enhancing signals in correlated
noise than the conventional approaches. The minor differences
between outputs for actual and estimated AR models suggest that
the proposed algorithms can be used effectively in practical
applications. The data in Tables 1 and 2 also indicate that the
proposed algorithms have a more modest advantage in the speech
regions than in the silence regions. This is caused, in part, by the
implicit prediction-error filtering of the waveforms, which can
partially decorrelate the speech and make some speech compo-
nents subject to attenuation.

The quality of the output signals varied as a function of SNR.
At the highest SNR level of 20 dB, the output of the proposed
algorithms was difficult to distinguish from the original signal.
In contrast, at 0 dB SNR, both the conventional and proposed
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algorithms produced signals containing substantial residual
noise. The quality of the output speech tended to sound less
natural and more “synthetic,” largely because the number of
retained coefficients had decreased. Overall, the shift-invariant
algorithms enjoyed a slight advantage in measured segmental
SNR, which decreased as the level of the noise increased. Spec-
trograms of the original sentence, the noisy sentence at 5 dB
SNR, and sentences processed by the conventional and proposed
shift-invariant thresholding algorithms are shown in Figs. 1-4.
Inspection of Figs. 3 and 4 shows that the conventional algo-
rithms tended to remove high-frequency features that contributed
to intelligibility, while the proposed algorithms tended to retain
them. Figures 3 and 4 also indicate that the proposed algorithms
attenuate low-frequency noise components that are retained by
the conventional algorithms and become particularly noticeable
in regions between adjacent words. Recent results [28] indicate
that the proposed algorithms’ advantage in nonspeech regions
may be useful in enhancing the perceived quality of the output
speech, as is borne out by informal listening.

Discussion
In interpreting the results of these experiments, we note that
both the conventional and the newly proposed algorithms project
the noisy signal onto a set of basis vectors, and then estimate the
original signal from a subset of the basis vectors with the largest
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energy content. The conventional algorithm uses a standard
wavelet-packet basis (where all basis vectors contain the same
amount of energy), and selects basis vectors solely on the basis
of coefficient size. Since both the original speech and the simu-
lated car noise have most of their energies at low frequencies, the
conventional algorithm is most likely to preserve basis vectors
with substantial energies at low frequencies. In contrast, the
filtering imposed on the the new algorithm’s basis vectors in-
creases the energies in vectors whose spectrum is most severely
compromised by the noise, thereby offseting the low SNRs in
these subspaces. This feature allows the

were observed in our experiments. While these results are en-
couraging, much work remains. We are currently developing a
version of the MDL algorithm that uses a prior distribution
appropriate to transform coefficients of speech signals. We are
also investigating methods for incorporating versions of- the
Articulation Index [3, 30] into the coefficient selection process,
and for using discarded coefficients to update estimates of mask-
ing noise parameters. The resulting algorithm will be evaluated
as a front-end preprocessor for hearing-loss compensation in
digital hearing aids. While the technique is appropriate for a

new algorithm to retain low-level high-

frequency components, which may im- 4000

prove intelligibility.

Several comments are appropriate at
this point. First, we note that the combina-
tion of coefficient attenuation and averag-
ing can produce benign distortion
artifacts, which result in objective meas-
ures with overly pessimistic values. (This -
is particularly true at the 20 dB SNR » 0
level.) Also, the combined use of the LDB

2000 -

Freq. (Hz.)

Time (seconds)

3.064

approach and shift-invariant transforms
can result in transform structures with im-
practical computation requirements. Our

1. “That hose can wash her feet.”

present work is focused on development
of an intelligibility-based LDB algorithm
that addresses this concern. Finally, it
should be noted that, at least on a concep-
tual level, one could choose either to filter
the basis vectors (as is done in this article),
or simply to filter the signal and to apply 0
the conventional algorithm. In the appli- 0
cation of interest, where parameters from
a denoising algorithm may be used as in-

4000

2000

Freq. (Hz.)

Time (seconds)

3.064

put to other algorithms, the first approach
is preferred. Furthermore, the approach

2. “That hose can wash her feet”” in simulated car noise at 5 dB SNR.

taken in this paper may be useful in ex-
4000

tending theoretical results for wavelet-

based reduction in white noise to other ~
applications where an AR noise model is = 2000
appropriate. g
[T
Condlusion 0
We have investigated a new wavelet- 0

based method for extracting speech from

Time (seconds)

3.064

background noise. In particular, we used
the local discriminant bases of Saito and
Coifman [19] to obtain a basis partition
that maximizes discrimination between

noising).

3. Sentence of Figure 2, processed by Algorithm 4 (conventional shift-invariant de-

two classes: speech in noise, and noise

. 4000
alone. In previous work [29], we used the

best-basis criterion of Coifman and Wick-
erhauser [13] and the MDL criterion [17]
to extract signals from a background of
white Gaussian noise. The LDB-based ap- 0

2000+

Freq. (Hz.)

proaches presented in this article work 0
better than conventional approaches when
applied to speech in correlated noise. In

Time (seconds)

3.064

particular, improvements in both speech-
to-noise ratio and retention of consonants
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4. Sentence of Figure 1, processed by Algorithm 5 (proposed shift-invariant denois-
ing using true AR model). '
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variety of compensation processing schemes, it is particularly
well suited for the wavelet-based TVFD algorithm described
above [12, 15]. This technique will also be evaluated for appli-
cability as a front-end processor to general-purpose speech-en-
hancement systems and automatic speech-recognition systems.
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News Notes

1996 Biomedical Engineering Rankings

According to U.S. News and World Report, the following schools
represent the top 20 biomedical engineering programs in the
United States:

Johns Hopkins University

Duke University

Massachusetts Institute of Technology
University of California, San Diego
University of Washington

Case Western Reserve University
University of Pennsylvania

University of Utah

. University of Michigan

0. Georgia Institute of Technology

el

s
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11. University of California, Berkeley
12. Northwestern University

13. Carnegie Mellon University
Rice University
Stanford University

16. Columbia University
University of Virginia

18. Boston University
Rensselaer Polytechnic Institute
University of Texas, Austin
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