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Abstract

In this paper, we propose a speech enhancement system,
which integrates a bark-scaled wavelet packet decomposition (BS-WPD), a soft-decision gain modi cation and
a \magnitude" decision-directed estimation technique.
The BS-WPD provides an overcomplete auditory representation, having a higher frequency resolution than
the critical band decomposition. Speech is estimated
by Wiener ltering in the wavelet packet domain, modi ed by the signal presence probability. We introduce
a \magnitude" decision-directed estimator for the variance of speech, which is closely related to the decisiondirected estimator of Ephraim and Malah. This estimator achieves, in the established process, a better tradeo between noise reduction and signal distortion. The
proposed enhancement algorithm is tested with various
noise types, and compared to a conventional log-spectral
amplitude estimator. We show that noise can be further
suppressed, while preserving its natural structure and the
intelligibility and quality of the speech components.

1. Introduction

Speech enhancement systems must inevitably take into
account aspects of human perception. Of signi cant importance is the particular spectral domain, in which processing of the noisy signal is carried out. Classical enhancement systems are based on uniformly spaced frequency resolutions. However, a nonuniform frequency
resolution, which re ects the human auditory system,
may lead to improved intelligibility and quality of the enhanced signal, when combined with an appropriate spectral gain function.
Some methods have been recently utilized critical
band analysis in subtractive-type enhancement techniques [1]{[5]. Unfortunately, either the subtraction is
still implemented in the short-term Fourier domain [1, 2],
or the spectral resolution may be insucient for dealing
with voiced sounds [3, 6, 7]. Furthermore, subtractivetype techniques introduce a high level of musical residual
noise. This entails large overestimation factor and noiseoor, which limit the overall performance of the speech
enhancement system [1, 3, 4].
In this paper, we propose an enhancement method,
which integrates a bark-scaled wavelet packet decomposition (BS-WPD), a soft-decision gain modi cation and
a \magnitude" decision-directed estimation technique.
The BS-WPD is characterized by a higher frequency resolution than the critical band decomposition, and a higher
time resolution than the conventional WPD. The distance between the center frequency of one subband to the

center frequency of the next subband is 1/4 Bark. The
increased time resolution is obtained by including nondecimated ltering in the expansion tree. Taking into account speech presence uncertainty, the clean signal is estimated by modi ed Wiener ltering in the wavelet packet
domain. We introduce a \magnitude" decision-directed
estimator for the variance of speech, which is closely related to the decision-directed estimator of Ephraim and
Malah [8]. This estimator achieves, in the present procedure, a better tradeo between noise reduction and signal distortion. The proposed enhancement algorithm is
tested with various noise types, and compared to the popular log-spectral amplitude (LSA) estimator [9]. We show
that further noise suppression can be obtained, while preserving its natural structure and the intelligibility and
quality of speech components.

2. The Bark-Scaled WPD

Let f (t) : n 2 ZZ+ g denote a wavelet packet family,
and let E  f(`; n) : 0  ` < L; 0  n < 2 g represent the terminal nodes of a WPD tree [10]. Then
disjoint covers of [0; 1) by dyadic intervals of the form
I = [2; n; 2; (n + 1)) correspond to speci c wavelet
packet expansions (speci c sets of terminal nodes E ). In
particular,
f
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band (subspace) whose center frequency and bandwidth
are roughly given by [10]


f = 2; GC ;1 (n) + 0:5  F =2
(1)
;
 = 2  F =2
(2)
where GC ;1 is the inverse Gray code permutation and
F is the sampling frequency in the signal space. To obtain critical bands with the WPD, we construct a decomposition tree such that the distance between the center
frequency of one subband to the center frequency of the
next subband is 1 Bark. The relation between frequency
f in Hertz and critical band rate z in Bark is approximately given by [11]
z = 26:81=(1 + 1960=f ) ; 0:53 :
(3)
Fig. 1 shows an approximation of the bark scale by
critical-band WPD (CB-WPD). The corresponding decomposition tree is depicted in Fig. 2 by ne lines. The
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Figure 1: Approximation of the bark scale (solid) by CBWPD () and BS-WPS ().
root of the tree (`;n) = (0; 0) refers to the signal space.
Each internal node in the tree (`; n) 2= E is split into
children-nodes (` + 1; 2n) and (` + 1; 2n + 1). The
left and right branches, connecting a given node to its
children-nodes, denote respectively low-pass and highpass wavelet ltering followed by a 2:1 down-sampling.
The CB-WPD splits the frequency range [0 8] kHz
into 21 subbands. For the application of speech enhancement, it is useful to increase the number of subbands (rene the frequency resolution) and to allow some degree
of redundancy (oversampling). Accordingly, we further
decompose the terminal nodes of the CB-WPD tree, each
into four non-decimated subbands, by a two-level overcomplete expansion (Fig. 2). Speci cally,
(`; n) 2 E
) (` + 2; 4n + i) 2 E
(4)
for i = 0; : : : ; 3 , where E and E are the sets of
terminal nodes for the CB-WPD and the BS-WPD, respectively. The additional branches, depicted in Fig. 2
by heavy lines, represent low-pass and high-pass wavelet
ltering without down-sampling. This results in 84 subbands having a redundancy ratio equals to 4. The approximation of the bark scale by the BS-WPD is shown
in Fig. 1.
For a comparison with a uniform-band WPD (UBWPD), we also tested 8-level full tree WPD, having
28 = 256 subbands. The oversampling ratio of 4 was
similarly obtained by excluding the down-sampling at the
two coarsest decomposition levels.
CB

BS

CB

BS

3. Spectral Enhancement

Let x(t) and d(t) denote speech and uncorrelated additive
noise signals. The observed signal y(t) = x(t) + d(t) is
transformed into the wavelet packet domain, where the
clean speech is estimated based on a minimum meansquare error (MMSE) criterion. Subsequently, the estimate for the clean speech is transformed back into the
signal space using an inverse WPD.
The expansion coecients of the noisy signal are
given by
Y (k) = y;
; (`; n) 2 E ; k 2 ZZ (5)
where the oversampling ratio (M ) is 1 for the CB-WPD
and 4 for the BS-WPD and UB-WPD. Taking into ac`;n

`;n;k=M

Figure 2: Wavelet packet expansion tree for the CBWPD (the subtree depicted by ne lines) and BS-WPD.
Fine and heavy lines designate, respectively, decimated
and non-decimated expansions.
count speech presence uncertainty, we have the following
hypothesis testing problem:
H0 : Y (k) = D (k)
H1 : Y (k) = X (k) + D (k)
(6)
where X (k) and D (k) represent the expansion coefcients of the clean and noise signals, respectively, and
H0 and H1 , indicate speech absence and presence in the
time index k of the subband (`;n).
Assuming a Gaussian distribution for both speech
and noise [8], the conditional probability density functions of the observed signal are given by


Y 2 (k )
p(Y (k)jH0 ) = p 1
exp ; 22 (k)
2 (k)
1
p(Y (k)jH1 ) = p
2
2( (k) + 2 (k))


2
 exp ; 2(2 (Yk) +(k)2 (k))
(7)
where 2 (k) = E [D2 (k)] and 2 (k) = E [X 2 (k)]
denote the variances of noise and speech. Hence,
4
the conditional signal presence probability p (k) =
P (H1 jY (k)), obtained using Bayes rule, is given by
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4 P (H ) is the a priori probability for
where q (k) =
0
4 =(1 + ),  =
4 2 =2 is the a
speech absence [12],  =
4
priori SNR, and = Y 2 =2 is the a posteriori SNR.
For simplicity, we assume that expansion coecients
are statistically independent. Accordingly, an estimate
for the clean speech, which minimizes the mean-square
error, satis es X^ (k) = E [X (k)jY (k)]. Based on
the statistical model, this results in a modi ed Wiener
amplitude estimator:
X^ (k) = E [X (k)jY (k); H1 ] p (k)
2 (k)  p (k)
= 2 (k) + 2 (k) Y (k) ;
(9)
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Figure 3: Average Segmental SNR improvement for various noise types and levels: (a) White Gaussian noise; (b) Car interior
noise; (c) F16 cockpit noise; (d) Speech babble noise. The conventional LSA estimator is based on the STFT (dashed). The
proposed estimators are based on CB-WPD (dotted), UB-WPD (dashdot), and BS-WPD (solid).
where we used E [X (k)jY (k); H0 ]  0. Since the
variance of speech is not directly available, it needs to be
estimated from the noisy speech itself. We propose the
following \magnitude" decision-directed estimate:
^ (k) = jX^ (k ; 1)j
+(1 ; ) max fjY (k)j ;  (k); 0g (10)
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where is a forgetting factor, which controls the tradeo
between noise reduction and signal distortion. This estimate is closely related to Ephraim and Malah's decisiondirected estimate for the a priori SNR [8]:
X^ 2 (k ; 1)
^ (k) = 2 (k ; 1) + (1 ; ) max f (k) ; 1; 0g
(11)
However, we found the above formulation (using expression (10) rather than (11)) somehow preferable. Specifically, a lower level of musical residual noise can be
achieved, while retaining the same amount of perceptual
signal distortion.
Finally, the estimate for the clean speech is obtained
by
X
x^(t) = 1
X^ (k) ~
(t)
(12)
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where f ~ (t) : n 2 ZZ+ g is the \dual" (biorthogonal) wavelet packet family of f (t) : n 2 ZZ+ g, and
4 2; 2 ~ (2; t ; k=M ).
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4. Performance Evaluation

The evaluation of the proposed enhancement algorithm,
and a comparison to the LSA estimator [9], consists of an
objective segmental SNR measure, a subjective study of

speech spectrograms and informal listening tests. Four
di erent noise types, taken from Noisex92 database, are
used in our evaluation: white Gaussian noise, car noise,
F16 cockpit noise, and speech babble noise. The performance results are averaged out using six di erent utterances, taken from the TIMIT database. Half of the
utterances are from male speakers, and half are from female speakers.
The speech signals, sampled at 16 kHz, are degraded
by the various noise types with segmental SNR's in the
range [;5; 10] dB. The BS-WPD is implemented with
the discrete Meyer wavelet lters, which provide good
separation of subbands due to their regularity property.
The short-time Fourier transform (STFT), for the LSA
estimator, is implemented with Hanning windows of 512
samples length (32 ms) and 128 samples time step (75%
overlapping). We used a forgetting factor = 0:92,
where the proposed algorithm employs the \magnitude"
decision-directed estimate (Eq. (10)), and the LSA estimator is based on the decision-directed estimate for the
a priori SNR [8]. Additionally, we restricted the spectral
gain to a minimum ;25 dB, and assumed that the noise
statistics is known (in practice, the noise spectrum is estimated using the Minima Controlled Recursive Averaging
approach [13]).
Fig. 3 shows the average segmental SNR improvement obtained with the BS-WPD, CB-WPD, UB-WPD,
and the LSA estimator. The estimator based on the BSWPD yields the best results under all noise conditions.
The UB-WPD provides similar results. However, subjective informal listening tests were in favor of the former,
due to a higher quality of unvoiced sounds. A subjective comparison was also conducted using speech spectrograms (Fig. 4). Generally, spectral enhancement in the
wavelet packet domain may result in some speech distortion, attributable to aliasing. Yet, the BS-WPD enables
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Figure 4: Speech spectrograms. (a) Original clean speech signal: \Draw every outer line rst, then ll in the
interior."; (b) Noisy signal (additive F16 cockpit noise at a SegSNR = 0 dB); (c) Speech enhanced with the
conventional LSA estimator (SegSNR = 8:3 dB); (d) Speech enhanced with the CB-WPD (SegSNR = 6:6 dB);
(e) the UB-WPD (SegSNR = 9:0 dB); and (f) the BS-WPD (SegSNR = 9:1 dB) based estimators.
a reduced level of musical residual noise, while preserving
the perceptual quality of speech components.

5. Conclusion

Re ning the frequency resolution of the critical band decomposition, and introducing a certain amount of redundancy, improve the speech enhancement performance.
Excessive expansion of high frequency subbands, e.g. using the UB-WPD or STFT, not only increases the computational complexity, but also degrades the perceptual
quality of unvoiced sounds. The BS-WPD provides an efcient auditory representation that is combined with the
modi ed Wiener ltering and the \magnitude" decisiondirected estimation technique. It leads to lower residual noise and higher intelligibility and quality of enhanced speech, compared to classical enhancement systems, which are based on uniform spectral decompositions. Furthermore, the redundancy in the BS-WPD can
be exploited to minimize the overlapping between adjacent subbands, thereby eliminating artifacts associated
with aliasing.
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