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Incorporating a Psychoacoustical Model in Frequency
Domain Speech Enhancement

Yi Hu, Student Member, IEEE, and Philipos C. Loizou, Member, IEEE

Abstract—A frequency domain optimal linear estimator is pro-
posed which incorporates the masking properties of the human au-
ditory system to make the residual noise distortion inaudible. The
use of wavelet-thresholded multitaper spectra is also proposed for
frequency-domain speech enhancement methods as an alternative
to the traditional fast Fourier transform (FFT)-based magnitude
spectra. Experiments with multitalker babble noise indicated that
the proposed estimator outperformed the minimum mean-square
error log-spectral amplitude estimator (MMSE-LSA), particularly
when wavelet-thresholded multitaper spectra were used in place of
the FFT spectra.

Index Terms—Multitaper method, musical noise, power spec-
trum estimation, psychoacoustical model, speech enhancement,
wavelet thresholding.

1. INTRODUCTION

HE KNOWN phenomenon of auditory masking has been

successfully applied and used in wideband audio coding.
In an effort to make the residual noise perceptually inaudible,
more speech enhancement methods today are exploiting the au-
ditory masking properties [1]-[4]. In the subtractive-type ap-
proach proposed by Virag [1], for instance, a psychoacoustical
model was used to guide the derivation of the spectral subtrac-
tive parameters. Heuristic rules were used in [2] to derive spec-
tral subtractive equations that incorporated masking thresholds.
A simplified constrained minimization approach was used in [3]
to derive a spectral weighting rule which was a function of the
masking thresholds.

In most of the above speech enhancement methods, the incor-
poration of auditory masking was done heuristically. This letter
formulates speech enhancement in the frequency domain as a
constrained minimization problem and includes the masking
thresholds as the constraints. The psychoacoustical model is
thereby integrated in the derived spectral weighting function.
We further investigate the importance of using good (low vari-
ance) spectrum estimators in speech enhancement.

This letter is organized as follows. In Section II, the proposed
approach is described. Implementation details are presented in
Section III, experimental results are given in Section IV, and the
conclusions are given in Section V.
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II. PROPOSED FREQUENCY DOMAIN SPEECH
ENHANCEMENT METHOD

A. Principles of Proposed Method

We assume that the noise signal is additive and uncorrelated
with the speech signal, i.e., y = x + n, where y, x and n
are the N-dimensional noisy speech, clean speech and noise
vectors, respectively. By denoting the N-point discrete Fourier
transform matrix by £, the Fourier transform of the noisy speech
vector y can then be writtenas Y = F7.y = FH x4 FH.n =
X + N, where X and N are the N X 1 vectors containing the
spectral components of the clean speech vector x and the noise
vector n, respectively.

Let X = G - Y be the linear estimator of X, where G is
a N x N matrix. The error signal obtained in this estimation
is given by € = X — X = &, +¢&,, where &, = (G-1)-X
represents the spectrum of the speech distortion ande, = G-N
represents the spectrum of the residual noise. Next, we define
the energy of the frequency domain speech distortion as £2 =

E(el -&,) and the kth spectral component of the residual noise
as eq = ez - €n, Where ef is a selector choosing the kth

component of £, and is defined as

el =1[0---0---1---0---0]

k

The proposed linear estimator minimizes the frequency do-
main speech distortion subject to constraints on components of
the spectrum of the residual noise. More specifically, we require
that the spectral energy of ey, 1, be smaller than or equal to some
preset threshold a, (ar > 0), for k = 1,..., N. As we will
show later, these thresholds can be set equal to the masking
thresholds. The estimator is obtained by solving the following
constrained optimization problem:

min e2
G

subject to Ei,k < ag, k=1,...,N )

where €2, = E{|enx|?}.

Problem (1) is a convex programming problem, and its solu-
tion can be found using the method of Lagrangian multipliers.
Specifically, G is a stationary feasible point if it satisfies the gra-
dient equation of the objective function

N
J<G7H17H27"'7/1’N) :5i+ZMk (Ei,k _ak) 2
k=1
and
pi (ehp — o) =0, for k=1,..., N 3)
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where pj, > 0 is the kth Lagrangian multiplier for the constraint

on the kth component of €,,. From V¢ J(G, 1, o, ..., un) =
0 we have
N
GFER.F + (Z prerer ) GFER,F=FIR F (4
k=1

Let A, be a diagonal matrix defined as A, = Zi\f:l ukekef =
diag(p1, ..., uN ), then the above equation can be rewritten as

GFHRyF + A, GFYR,F = FERF o)

To simplify matters, we assume that G is a diagonal matrix, i.e.,
we assume that the gain is applied to each frequency component
individually. The matrices F'¥- R, -F and F-R,,-F are asymp-
totically diagonal [5] (assuming that Ry and R,, are Toeplitz)
and the diagonal elements of F' H. R -Fand FZ.R, - F are
the power spectrum components Sy (w) and Sy, (w) of the clean
speech vector x and noise vector n, respectively. Denoting the
kth diagonal element of G by g(k), (5) can be rewritten as
9(k) - (Sx(k) + p - Su(k)) = Sx(k), for k=1,2,....N

The gain function g(k) for the kth frequency component is
therefore obtained by

Sx (k) _ 'Vprio(k)
Sx(k) + pk - Su(k)  Yprio(k) + i

g(k) = (6)

where Yprio(k) = Sx(k)/Sa(k) is defined as the a priori SNR
at frequency wy.

The above equation reduces to the Wiener filter when p;, =
1 for all k. The py values, in general, control the steepness
of the suppression curves (spectral attenuation vs. SNR level)
with large values of y;, producing much attenuation at low SNR
levels and small values of j1j, producing less attenuation. The fiy,
values need therefore to be chosen carefully to avoid speech dis-
tortion. One possibility is to chose 1y, based on the a posteriori

SNR of the kth spectral component. In the following section,
we show how to chose p; based on a psychoacoustic model.

B. Incorporating a Psychoacoustical Model

One can optimally select the . values by exploiting the
masking properties of the human auditory system. The human
listener will not perceive any noise distortion as long as
the power spectrum density of the distortion lies below the
masking threshold (the masking thresholds can be obtained by
performing critical band analysis of the speech signal [6]).

If we constrain the kth spectral component of the residual
noise to be lower than the masking threshold, denoted as T}, in
frequency bin k we can compute the y; values that meet this
constraint. Assuming that the constraints «, in (1) are set equal
to the masking thresholds 7}, and the equality in (1) is satisfied,
then 5121’ r = (v implies that

g*(k) - Su(k) = Ty, for k=1,2,...,N

Plugging (6) into the above equation, with the condition that
i > 0, py can be obtained by

In terms of the a priori SNR, 1, can also be expressed as

- [sek) [ 1 .
M = max T : ’Yprio(k) - 10 '7pr10(k’)' @)

Now, plugging the above equation into (6), g(k) can be rewritten
as

1

Sa(k )
1+max( %—1,0)

g(k) = )

It is clear from the above equation, that if the spectrum of the
residual noise falls below the masking threshold, the gain g(k) is
set to 1, i.e., no attenuation is performed since the kth residual
noise spectral component is masked. It should be noted that a
similar gain function was derived in [3] using a simplified con-
strained minimization approach. Unlike our method, their ap-
proach was heuristic and was not based on the minimization of
an error criterion.

III. IMPLEMENTATION

The computation of the spectral weighting function g(k) in
(8) is critical for the performance of the proposed algorithm.
It depends largely on accurate estimation of the clean speech
spectrum and the noise spectrum. In the following sections, we
discuss the computation of the clean and noise spectra.

A. Spectrum Estimation

Pilot informal listening tests indicated that the computation of
g(k) is sensitive to the type of spectrum estimator used. In this
letter, we focused on finding spectrum estimators that have low
variance. More specifically, we considered using the multitaper
method proposed by Thomson [7] for spectrum estimation. To
further refine the spectrum estimate, the log multitaper spectrum
is wavelet thresholded as in [8].

The multitaper spectrum estimator of a signal vector x is
given by

&
L

St () = St (w) 9)

~ =
kol
Il
o

with
2

N-1
SEt(w) =Y ha(m)z(m)e3<m (10)
m=0

where L is the number of tapers, and hy, is the kth data taper
used for the spectral estimate S;**(-). These tapers are chosen
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to be orthonormal, and in this letter, we chose the sine tapers
proposed by Riedel and Sidorenko [9]

2 wkm
in —— =1,...,N.
N—l—lSlnN—i—l’ m e

hi(m) = (1)

The sine tapers were shown in [9] to produce smaller local bias
than the Slepian tapers [7] with roughly the same spectral con-
centration. It was further shown in [8] that if L is chosen to
be at least 5, for all w (except near w = 0 and 7) the loga-
rithm of the multitaper power spectrum in (9) plus a constant
(log L — ¢(L)) can be written as the true log power spectrum
plus a nearly Gaussian noise 7(w) with zero mean and known
variance [8], where ¢(L) denotes the digamma function. More
specifically, if Z(w) is defined as

Z(w) = log 8™ (w) — ¢(L) + log L (12)

then

Z(w) =log S(w) + n(w) (13)

The model in (13) is well suited for wavelet denoising tech-
niques for eliminating the “noise” term 7(w) and obtaining a
better estimate of the log spectrum. The idea behind refining
the multitaper spectrum by wavelet thresholding can be sum-
marized in the following four steps.

1) Obtain the multitaper spectrum using (9)—(11), and cal-
culate Z(w) using (12).

2) Apply a standard, periodic discrete wavelet transform
(DWT) out to level gg to Z(w) to get the empirical DWT
coefficients z; ;. at each level j, where ¢ is specified in
advance [10].

3) Apply a thresholding procedure to z; 3, (the scaling coef-
ficients are kept intact).

4) Apply the inverse DWT to the thresholded wavelet coef-
ficients to obtain the refined log spectrum.

We denote the wavelet denoised multitaper spectrum as
S¥t(w). It should be pointed out that the wavelet denoising is
not done to remove the additive noise, but rather to obtain a
better (lower variance) estimate of the spectrum.

B. Noise Spectrum Estimation

For nonstationary environments (e.g., multitalker babble)
it is imperative to update the estimate of the noise spectrum
very often. One such noise estimation method, which was
found to work well for nonstationary environments, is the
minimum-statistics method originally proposed by Martin [11]
and later modified by Cohen and Berdugo [12]. Because of
its simplicity, the latter method was chosen in this letter for
noise spectrum tracking. The minimum tracking is based on
a recursively smoothed spectrum which is estimated using
first-order recursive averaging

Sy (k1) = a,Sy (k1 — 1) + (1 — @) Sy (k, 1)

where Sy (k,[) is the kth component of the smoothed noisy
speech spectrum at frame [, a5 (0 < a5 < 1) is a smoothing
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Fig. 1. Comparative performance, in terms of mean MBSD and segmental

SNR measures, for 60 HINT sentences corrupted by multitalker babble at 0-20
dB SNR. The + symbols indicate performance obtained with proposed method
using wavelet-thresholded multitaper spectra, and the open square symbols
indicate performance obtained with the proposed method using FFT magnitude
spectra.

factor, and Sy t is the wavelet-thresholded multitaper spectrum
of the noisy speech [note that a different method was used in [12]
to obtain a smoothed version of the noisy speech spectrum, in
place of 57 (K, 1)]. The noise spectrum is obtained by tracking
the minimum of Sy, (k, ) over P frames using a simplified ver-
sion of the minimum statistics algorithm [12]. The estimated
noise spectrum Sy, (k, 1) at frame [ + 1 is updated according to
Sulk,l+1) = Su(k,1) + [1 — Ga(k, )] S3 (k1) (14)
where aq(k,l) = aq + (1 — aq)p'(k,l) is a time-varying
smoothing factor, oy is an averaging parameter, and p’(k,[) is
the conditional signal presence probability updated as in [12].

IV. EXPERIMENTAL RESULTS

The proposed estimator was applied to 32-ms duration frames
of the noisy signal with 50% overlap between frames. The en-
hanced speech signal was combined using the overlap and add
approach. The masking thresholds T} were computed from the
estimated clean signal spectrum Sy = S;}’t -5, using the ap-
proach outlined in [6].

The following parameter values were used in the noise spec-
trum estimation algorithm: oy = 0.8, g = 0.95, 6 = 5,
a, = 0.2, and the duration of the search window (P) for min-
imum tracking was set to 1 s. Five tapers (L = 5) were used
in multitaper spectrum estimation. Level-dependent soft thresh-
olding was used in the wavelet thresholding procedure as de-
scribed in [8], [13] with the wavelet decomposition level g set
to 5.

For evaluation purposes, we used 60 sentences from the
Hearing in Noise Test (HINT) database [14]. For nonstationary
noise, we used multitalker babble (two male and two female
talkers) added to the clean speech files at 0-20 dB SNR. The
modified bark spectral distortion (MBSD) measure [15] and
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the segmental SNR measures were used for evaluation of
the proposed approach. The MBSD measure is an improved
version of the Bark spectral distortion (BSD) [16], which was
found to be highly correlated with speech quality [15]. For
comparative purposes, we also implemented and evaluated the
MMSE-LSA method proposed by Ephraim and Malah [17].!
In order to make a fair comparison, the same noise spectrum
estimation method was used in the MMSE-LSA estimator.
Finally, in order to assess the individual contribution of the
spectrum estimation method, we implemented the proposed
approach using the fast Fourier transform (FFT) magnitude
spectra in place of the wavelet-thresholded multitaper spectra.

Fig. 1 presents the mean results in terms of the MBSD and
segmental SNR measures for 60 HINT sentences corrupted by
the multitalker babble noise at 0—20 dB SNR. As can be seen, the
proposed approach outperformed the MMSE-LSA estimator in
terms of the MBSD and segmental SNR measures. The benefit
in using wavelet thresholded multitaper spectra in the computa-
tion of the gain function is also evident from Fig. 1, particularly
at low SNR levels (0-5 dB). Informal listening tests confirmed
that the proposed method obtained better quality with signifi-
cantly lower noise distortion than the MMSE-LSA speech en-
hancement method.

V. SUMMARY AND CONCLUSION

An optimal frequency domain estimator was derived based
on the masking properties of the human auditory system. The
use of wavelet-thresholded multitaper spectrum estimators was
shown to yield better performance in low SNR levels compared
to the traditional FFT-based spectrum estimators. This advan-
tage was attributed to the lower variance associated with multi-
taper spectrum estimation. Experiments with multitalker babble
demonstrated improved performance, in terms of objective mea-
sures, over the MMSE-LSA speech enhancement method.

INote that several new algorithms were proposed recently (e.g., [18] and [19])
providing improvements to the MMSE-LSA estimator, however, those algo-
rithms incorporated signal-presence uncertainty in their spectral estimator, and
our proposed estimator does not. For that reason, we only compare the perfor-
mance of our estimator against the performance of the MMSE-LSA estimator.
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