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Abstraci— We present an efficient algorithm for the
enhancement of speech signals which are heavily cor-
rupted by short-time stationary, acoustically or elec-
trically added disturbances. The algorithm is based
on spectral amplitude estimation using an overlap-
add FFT filter bank system. Compared to other sys-
tems, the improved performance of our speech en-
hancement system is achieved by the combination of
the best known spectral amplitude estimators of the
noisy speech signal and a new efficient and reliable
noise spectrum tracker. As a result, our speech en-
hancement system requires no speech pause detection
for noise estimation and needs only 14% — 23% of the
resources of a commercially available digital signal pro-
cessor.

1. INTRODUCTION

HE enhancement of noisy speech is a challenging

research field with applications including sup-
pression of environmental noise in machinery halls,
mobile radio communications systems, noise suppres-
sors for automatic speech recognition systems, and
hearing aids. Depending on the specific applica-
tion, the disturbing noise could be background sounds
like machinery noise, traffic noise, or electrical noise
added during transmission of speech via communica-
tions channels. In all cases, we will deal with the most
difficult situation where only the contaminated signal
is available. No additional signal (e.g. a second mi-
crophone to pick up the noise) is present which can
be used to facilitate the design.

Although there are various approaches for the en-
hancement of noisy speech, only a few offer an ac-
ceptable performance for real-world signals and have
proved to be suited for real-time implementation on
today’s general purpose integrated digital signal pro-
cessors. Among them are methods based on spectral
amplitude estimation and adaptive Wiener filtering.
Due to the use of subsampled FFT filter banks, these
algorithms are computationally very efficient. How-
ever, their plain application suffers from essentially
two drawbacks: First, the enhancement process intro-
duces a perceptually annoying residual noise, called
mustical tones. Second, a noticeable signal distortion
of the low-energy speech portions is present, espe-
cially at high noise levels. The speech enhancement
algorithm presented in this paper takes care of this,
and offers a good tradeoff between residual noise sup-
pression and speech distortion.

The key point in the design of a practicable speech
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enhancement system is the parameter estimation of
the disturbing noise. These parameters must be
extracted from the noisy speech signal. Usually,
the noise measurements are performed during speech
pauses employing an automatic speech pause detec-
tion. However, the detection reliability deteriorates
severely In most cases for input signal-to-noise ra-
tios below 6 dB. In addition, for the tracking of non-
stationary noise the parameter update during speech
pauses is not sufficient. Therefore, we will present
a noise spectrum tracker which is an alternative ap-
proach to [1]. It is computationally more efficient and
it can be easily adjusted to different kinds of noise dis-
turbances by means of only two parameters.

Another important design issue of speech enhance-
ment systems is the proper algorithm selection for
spectral amplitude estimation. Our method is based
on the Ephraim-Malah spectral attenuation functions
(2], [3] with minor modifications regarding function
parameter determination.

II. ALGORITHM DESCRIPTION

The basis of our system is the well known filter
bank overlap addition method with an FFT length of
N = 256, a decimation factor M = 64, and a Ham-
ming (or Hanning) window function w(n) for input
signal weighting. Due to subsampling, an FFT-frame
is processed every M = 64 samples only. The com-
plete system is depicted in some detail in Fig. 1.
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Fig. 1. Block diagram of speech enhancement algorithm (frame
index m, buffer index = n - N+1,...,n+41,n, sampling
index n, frequency index k), with spectral amplitude mod-
ification by gg(m).

According to Fig. 1, we modify the spectral mag-
nitudes only and leave the phases unchanged. The
associated gain factors g;(m) can be obtained by an
mintmum mean square error (MMSE) estimation of
the spectral amplitudes in the presence of additive
noise, where gg(m) depends on the signal powers of
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speech and of noise, respectively, at the individual
frequency index k [2], [3].

Denoting Xp(m) as the k** spectral component
of frame number m of the noisy speech signal (see
Fig. 1), we estimate its short-time power spectrum

by
Pi(m) = aPrp(m — 1) + (1 — o)| Xk (m)]%, (1)

with forgetting factor o between 0.7...0.9 which in-
sures an adequate tracking of the short-time station-
ary speech spectrum. The advantage of power spec-
trum estimation Eq. 1 is its computational simplicity
and the fact that no measurement delay is introduced.
Any additional delay in the speech enhancement algo-
rithm would require a large extra storage space for the
complex-valued spectral components. Furthermore,
the resulting signal delay is normally not acceptable
in telecommunications applications.

The short-time noise spectral power which is also
needed for the spectral amplitude estimation of the
noisy speech signal is computed by our new nonlinear
estimator:

if Ppp(m — 1) < Pp(m) then

Pa(m) = 7Pnk(m—1)+t—; (P (m)—BP p(m—1))
(2)

else

Par(m) = Prr(m). (3)

This noise spectrum estimation performs some type
of temporal minima tracking of P;(m) and is illus-
trated in Fig. 2 for subbands with center frequencies
fo =125 Hz (a), fo = 625 Hz (b), and fo = 1062 Hz
(c).

An alternative noise spectrum estimator has been
presented in [1]. However, our approach is compu-
tationally more efficient. In addition, the estimator
Eq. 2, 3 has a build-in “look-ahead” minimum track-
ing due to the f-term in Eq. 2. Typical parameter
selections are o = 0.7,8 = 0.96,7 = 0.998 which
yield a noise adaptation period of 0.2 to 0.4 seconds.
Thus, our speech enhancement algorithm can be eas-
ily adjusted to short-time stationary disturbances by
means of a few parameters.
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Fig. 2. Examples of spectral power estimation using Eq. 1 - 3
(solid lines for Py, dashed lines for Py) for a noisy speech
signal with SNR = 0 dB, plotted at different subbands with
center frequencies fo = 125 Hz (a}, fo = 625 Hz (b), and
fo = 1062 Hz (c).

In order to achieve the noise reduction of the FFT-
based speech enhancement system, the spectral am-
plitudes | X (m)| are modified by real-valued gain fac-
tors gx(m) (see Fig. 1). Normally, spectral subtrac-
tion or Wiener filtering methods are applied to com-
pute these gain factors using the estimated spectral
powers Pyy(m) and P, (m). However, these basic al-
gorithms suffer from a very pronounced residual noise
(see [4] for a study on the musical tones phenomenon).

A better residual noise behavior can be achieved by
more advanced techniques based on simplified speech
models [5], [2], [3]. We have implemented and com-
pared these methods in our speech enhancement sys-
tem. According to our listening tests, the Ephraim-
Malah gain factors are superior to those of McAulay-
Malpass, since they introduce less speech signal dis-
tortion. However, the original gain factor algorithms
have to be refined to further reduce the residual noise.

We will focus here only on one of the Ephraim-
Malah gain factors which are derived in [3] by min-
imizing a logarithmic spectral amplitude error crite-
rion. With these gain factors, we have obtained the
best musical tone reduction in a variety of applica-
tions. Using this minimization procedure, the follow-
ing gain factors (attenuation curves) can be found:!
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1 The frame index m is omitted for clearness.
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with R
Priop
= _Prick 5
i 1+ Rpriok ( )
and
Vg = (l + Rpostk) k. (6)

The function parameters Rprio = —11;: and Rpost =
% — 1 are called a prior SNR and a posteriori SNR,
respectively [2], [5]. The role of these parameters
is somewhat confusing, especially when the gain fac-
tors of McAulay-Malpass are compared with those of
Ephraim-Malah. Some illumination on this fact can
be found in [6]. In our speech enhancement system
the gain factors of Eq. 4 are precomputed and stored
in tables. A plot of the attenuation curves is shown
in Fig. 3.
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Fig. 3. Example of attenuation curves according to Eq. 4 with
curve parameter Rpos¢ in 2 dB steps.

The problem involved with the gain factor com-
putation given in Eq. 4 — 6 is the estimation of the
parameters Rprio and Rpos;. On one hand, this esti-
mation must take into account the short-time station-
arity of speech signals, and on the other hand it must
allow for sufficient smoothing to reduce the residual
noise. Based on the power estimates given in Eq. 1
— 3 and on our results of extensive listening tests, we
adopted the heuristic approach proposed in {2].

The detailed algorithm which combines the spectral
amplitude minima tracking and the improved gain
factor computation is summarized in Table 1.

The estimation of the a posterior: SNR which re-
quires knowledge of the speech spectral power is per-
formed by subtracting a noise power estimate from
the signal plus noise power (first equation in Table I).
A one-way rectification operation is applied to insure
that this estimate is always greater or equal to zero.
The noise bias factor §; has been included for further
musical tone suppression. This approach to obtain a
speech spectral power estimate is common to spectral
subtraction algorithms. In addition, a small constant
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TABLE I
ALGORITHM FOR COMPUTING GAIN FACTORS gi(m).

for each frame m do
compute Ppp(m), Pyi(m) using Eq. 1 -3
Pposti(m) = max(0, Ppp(m) — 6 Pny(m))
Poriog(m) = (L= n)}Pposty(m) +
+ ng3{m — 1)Poi(m = 1)

Ppostk(m)
Ok Pag(m) +¢

Rprio,(m)
1+ Rpriak(m)

Ppriok(m)

Ppriop,(m) + 6 Prp(m) + ¢
gie(m) = f(Rposty(m), ri(m)).

Rpost 2 (m) =

rg(m) =

€ in the respective equations avoids division by zero
during silence periods.

As argued in [2], the determination of the @ priori
SNR should be chosen as a weighted sum of the cur-
rent a posteriori SNR and an SNR computed with a
speech power estimate of the previous frame. Since
the weighting factor 7 is selected close to one, the
latter term dominates in the equation for Pyrio,(m)
(Table I). The role of 7 on the musical tone suppres-
sion performance is investigated in some detail in [6].

I1I. EXPERIMENTAL RESULTS

In order to visualize the functioning of our speech
enhancement algorithm, a typical spectral power esti-
mation Py (m) and the associated gain factors gz (m)
are presented in Fig. 4 (frame index m plotted on hori-
zontal axis, frequency corresponding to index k& shown
on vertical axis). A relatively high input SNR of 15
dB has been chosen only to clearly illustrate the sys-
tem behavior with a monochrome picture. Our speech
enhancement algorithm can handle input SNRs down
to —8 dB (white gaussian noise disturbance).

The upper image shown in Fig. 4 displays all the in-
formation which is used to compute the gain factors.
Light gray areas correspond to the speech compo-
nents. The dark gray textured background associates
from additive white noise. The lower picture shows
the gain factors g¢(m), where the dark areas are the
suppression regions (gx(m) = 0) and the light gray
bordered parts are the pass band regions (g (m) ~ 1)
in the time-frequency plane. This picture clearly in-
dicates that only speech portions are passed by the
system and the noise is suppressed. Therefore, the
system operation can be interpreted as a time-variant
filtering process matched to the short-time spectrum
of the speech signal. At the beginning of the time
axis, the adaptation phase of the noise suppression is
visible. Light spots in the dark region are fluctuations
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Fig. 4. Example of short-time power spectrum Pri{m)
(above), and gain factors gi(m) (below) (16 kHz sam-
pling frequency, input SNR = 15 dB (additive white noise),
frame index m, frequency index k).

which cause very low residual noise.

A rather hard test for the tracking behavior of a
speech enhancement system is a disturbance with syn-
thetic helicopter noise. Such a signal can be generated
by sinuscidal amplitude modulation of white gaussian
noise, e.g. with a modulation index 0.5 and a mod-
ulation frequency of 7 Hz. An example of this test
situation is shown in Fig. 5. The striped pattern of
the noise spectrum is clearly visible in the upper im-
age. The gain factor image shows that most of the
disturbances are suppressed. However, some speech
signal degradation may be inferred from the lower pic-
ture in Fig. 5. Nevertheless, listening tests indicate
that this distortion is acceptable and that the quality
of the noisy speech is significantly improved.
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Fig. 5. Short-time power spectrum P;;(m) (above), and
gain factors gi(m) (below) (speech signal disturbed by
synthetic helicopter noise with (overall) input SNR = 15
dB).
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In order to optimize and extensively test our speech
enhancement system in real-time operation, we have
implemented it as an assembly language program on
a single integrated floating-point digital signal proces-
sor (Analog Devices’” ADSP-21020). The selection of
a floating-point processor is mainly motivated by the
case of programming. Since there is no large dynamic
range for data representation, a fixed-point arithmetic
would also be sufficient. Be means of the real-time
implementation, we have been able to optimize the
parameters of our speech enhancement system for a
wide variety of noise disturbances. To mention a few,
we can significantly reduce synthetic 1/ f-noise, heli-
copter noise, and real-world noise like cockpit noise
in cars. Due to the highly efficient algorithm, the
processor utilization is only 14% - 23%, depending
on the selected gain factor algorithm. Thus, there
is a large reserve of computer power left for future
improvements and extensions of our speech enhance-
ment system.

IV. CONCLUSIONS

In this paper, we have presented a highly efficient
speech enhancement algorithm with a novel noise es-
timation scheme, combined with an advanced spec-
tral amplitude estimation taken from literature. The
noise estimation performs a spectral minima tracking
in subbands, and thus allows for suppression of short-
time stationary noise disturbances. Furthermore, no
speech pause detection is required.

According to informal listening test with various
speech material, the speech enhancement algorithm
offers a performance superior to conventional spectral
subtraction methods and to Wiener optimum filters.
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