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ABSTRACT

In this paper, we propose a continuous-time audio noise sup-
pression algorithm for reducing stationary background noise in a
_ single microphone signal. The algorithm is targeted for implemen-
tation in sub-threshold analog floating-gate transistor circuits for
extremely low-power systems. The noise suppression algorithm
divides the noisy signal into exponentially spaced sub-bands and
estimates the noisy signal envelope and the noise envelope to cai-
culate a time-varying gain for each sub-band based on each band’s
a posteriori SNR. A sigmoidal gain function in for use in the ana-
log system is introduced and a normalized SNR is also proposed
for consistent noise suppression for different input noise variances.
Simulations of the system show promising results.

1. INTRODUCTION

Audio signal enhancement by removing additive background noise
from corrupted noisy signal is not a new idea; but, with the pros-
perity of the portable communication devices, it has received much
attention recently. While most noise suppression methods focus
on the processing of discrete-time audio signals, we propose a
continuous-time noise suppression method in which the process-
ing is performed on the microphone signal prior to the A/D con-
version, as illustrated in Fig. 1. By performing this significant por-
tion of the processing in low-power analog circuits [1], we hope to
enhance the overall functionality of an entire system, by utilizing
analog/digital computation in mutually beneficial way. A review
of the cooperative analog/digital computing paradigm with its ben-
efits is presented in [2].
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Fig. 1. (a) Typical signal processing system where processing is done
between the A/D and D/A converters. (b) Cooperative analog and digital
signal processing (CADSP). Continuous-time noise suppression is done
before the A/D converter.

The proposed noise suppression algorithm consists of a one-
third octave filter bank with each band containing an envelope de-
tector, a recursive noise estimator, and a non-linear gain function.
The filter bank separates the noisy signal into narrow-band signals;
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at each band we perform envelope detection and averaging. From
the smoothed sub-band signal envelope we estimate the noise en-
velope in each sub-band. The gain function is calculated from: the
noisy signal level (envelope) estimate as well as noise level (en-
velope) estimate using non-linear sigmoid gain function. Finally,
the original band-limited signal in each band is multiplied by the
respective gain and the result is summed to construct the full-band
“clean” signal estimate. The details of analog components and the
implementation of this algorithm are addressed in [3].

This paper is organized as follows. In Section 2, we present
the continuous-time noise suppression algorithm which exploits
the characteristics of the sub-threshold operation of floating-gate
circuits for real-time and low-power implementation. In Section 3,
we present our simulation result, and we conclude this paper in
Section 4.

2. CONTINUOUS-TIME NOISE SUPPRESSION

A common model for a noisy signal, z(t), is a signal, s(t), plus
additive noise, n(t), that is uncorrelated with the signal

z(t) = s(t) + n(t). )

The goal is to design a real-time system that generates some op-
timal estimate, 3(t), of s(¢) from z(t). We assume that the audio
signal is non-stationary and the additive noise is stationary at least
for a long time relative to the speech. Figure 2 shows the structure
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Fig. 2. The block diagram of continuous-time noise suppression system.
The center frequency of filter bank is spaced exponentially. At each sub-
band, gain is calculated from non-linear gain function. To achieve consis-
tent noise suppression for different noise variance, noisy signal estimate,
instead of signal estimate, is used as an input of non-linear gain function.
The gain is then multiplied with sub-band signal and summed to build full-
band signal estimate.

of a continuous-time noise suppression system for real-time imple-
mentation. A bank of band-pass filters break the input noisy signal
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into sub-band signals. At each sub-band, the envelope detection
of band-limited signal z (t) is performed and averaged to provide
a smooth estimation of the envelope and followed by noise level
estimation. Gain computation at each band is performed using
non-linear gain function with each band’s a posteriori SNR. For
simplicity, we abbreviate a posteriori SNR as SNR. The unmodi-
fied band-limited signal, zx(t), is then multiplied by the calculated
gain to obtain the noise suppressed band-limited signal, 3 (t). All
of the §,(t) sub-band signals are summed to build the full-band
signal estimate, §(t), after the synthesis filter bank. The details of
each steps are discussed below.

2.1. Band-pass Filter Bank

The analysis and synthesis filter banks are implemented with Fourier
processor IC [4] that has been developed in our previous research.
It can easily divide the signal into frequency bands spaced ex-
ponentially instead of linearly, as in the typical DFT algorithm.
We set the bandwidth of each band-pass filter equal to the band-
width of the repective critical band in the human ear. By adopting
one-third octave spacing in the filter bank any frequency distor-
tions, whose bandwidth is on the order of the bandwidth of the
each band, also lie almost within the same critical band and can
be minimized for the perceptual impact [5]. Each continuous-
time filter is the transistor-only version of autozeroing floating-
gate amplifier(AFGA), which also referred to as the capacitively
coupled current converyer(G*) [3]. This filter allows both the low-
frequency and high-frequency cutoffs to be controlled electroni-
cally by changing the appropriate bias currents.

2.2. Envelope Extraction and Averaging

An audio signal, zx(t), also can be represented as
zk(t) = ex(t)ur (2), @

where v (t) is a band-limited signal with an approximately con-
stant magnitude and ex(t) represents the envelope variation over
time. Figure 3 shows er(t) and zx(t) = ex(t)vr(t) for a single
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Fig. 3. The gray area is zx(t) = ex(t)vg(t). The dark line is ex(t), the
envelope. Since we use e;(t) as an input of non-linear gain function, we
apply averaging to ey (t) for smoothing gain function.

band from a sentence spoken by a female. Many different algo-
rithms may be used in the simulation to estimate ex (t) from ()
including

e half-wave or full-wave rectification followed by low-pass
filtering of zx(t)

o using the magnitude of the output of Hilbert transform us-
ing FIR filters

o low-pass filtering of % (t)

An initial envelope estimate € (t) is found, for this system, using
a simple diode—capacitor AM demodulation circuit. This envelope
is then smoothed via a low-pass filter. This smoothing helps to
make the final noise-reduced signal more free from artifacts like
musical noise and missing consonants. The averaged noisy signal
envelope estimate in the k-th subband, é; k() is described by

a2zt 2 L) = aat) ®
t

where a is a time constant for noisy signal envelope estimation,
and &,k (t) is the (smoothed) envelope of the noisy signal. Note, if
we average € (t) over too long of a time interval, it might degrade
some accuracy of the level estimate of the noisy signal which is
assumed to be non-stationary. However, if we estimate noise level
from this averaged noisy signal estimate, we can expect that aver-
aging might be benefical to noise level estimate which is assumed
to be stationary. Therefore, the estimate of the noise level is ob-
tained by further filtering of &,  (¢).

2.3. Noise Level Estimation

The average noisc envelope estimate, €,,x(t), may be obtained
in several ways. One way to is by using an inverted peak detec-
tor or “min” detector with a long time constant on the average
envelope signal &, (¢). This method is discussed more in [3].
Another method is to use single-pole recursive averaging with a
time-varying pole as

By %nt® Lz 1) = 2,00, @

where 3(t) is a time constant for noise estimation. Variations of
Eq. 4 are introduced in [6]. Equation 4 has the same structure as
Eq. 3, but while Eq. 3 uses fixed time constant, o, for the averag-
ing, Eq. 4 uses time constant function, 8(t), for the estimation.

2.3.1. Discrete Time Constants

For the best estimation of stationary background noise level, two-
sided single-pole recursion has been investigated [7]. It generally
has separate attack and decay time constants and uses the attack
(decay) time constant if input signal is greater (smaller) than the
noise estimate.

o i B (t) > Eaxlt
po = {7 2@l

Typically the attack time constant, 7, is on the order of second
and the decay time constant, 74, is on the order of milli-second.

2.3.2. Continuous Time Constants

Unlike the discrete-time domain, instantaneous time constant switch-
ing, especially one is much bigger than the other, can be hard to
implement in the continuous-time domain since the time constant
is generally controlled by the bias current [8] and its maximum
change rate might be limited by slew-rate when the current is large
signal. To minimize the quality deterioration of noise suppressed
audio signal in the presence of physical slew-rate limitation, we
propose asymmetric time constant function for the noise level es-
timation, as shown in Fig. 4(b).
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Fig. 4. Time constants, 8(t), for noise estimation. The abscissa is
& k(t) — én r(t). (a) Attack(7, ) and decay time constant(7;) in discrete-
time domain. (b) Asymmetric time constant function in continuous-time
domain. The asymmetric time constant is used to incorporate small 5(t)
when &, j(t) < &g, (t) and a large 5(t) when &; 1 (t) > &,,x(t) and
slew-rate limitation in transition region.

We experimentally observed that the sensitivity of time con-
stant change to the quality of sound increases as the SNR de-
creases. To keep the quality of noise suppressed signal from de-
grading caused by the time constant function, we should make
continuous time constant function, when é; x(t) < &nk(t), be
as small as possible in order for estimator to adapt quickly to
the input noisy signal. When &,x(t) > &nx(t), however, the
maximum change rate of continuous function might be limited
by physical slew-rate. As a model of continuous-time constant
when €, k(t) > €n i(t), we attempt polynomial function or ex-
ponential function, which is parametrized so that the maximum
change rate does not exceed the physical slew-rate limitation. Un-
like the discrete time-constant, the continuous time-constant func-
tion is not designed to have saturation region as &, (t) increases.
This simplifies the implementation and its effect on the resulting
sound quality negligible since quality is insensitive to change of
time constant in this region.

2.4. Non-linear Gain Function

In the discrete-time domain, the Wiener gain is widely used in
noise suppression for its superiority in performance. However,
many other gain functions are possible (e.g. see [9]) and calculat-
ing the Wiener gain can be difficult in the target system. Another
factor is that Wiener filtering for noise suppression is usually per-
formed using block processing whereas our system must operate
on the continuous signal in real-time. We simulated the Wiener
gain and two other gain functions to evaluate them for both perfor-
mance and ease of implementation. The first of the other two non-
linear gain functions is the simple bi-linear gain function [7, 6],

Hy;. ®
. E::,k t
Hus(t) = min1, {7@,.,,: 3 }] 0
where, v is the threshold that specifies the certainty of speech is
declared. A disadvantage of bi-linear gain function is that if we
increase + in order to achieve high noise suppression rate at low
SNR, then we also sacrifice audio signal magnitude up to the re-
gion where the SNR equals . To minimize this signal reduction,
we propose sigmoid gain function, H,;s, which is quite easy to
implement with current mirror circuits in continuous time.

Hiio(®) = %{tanh (a (jn_:% —¢)> }+soo

where, a, ¢, and & are parameters for slope, horizontal, and verti-
cal shift, respectively. :
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Fig. 5. (a) Bi-linear gains and sigmoid gains. (1) bi-linear with v = 5,
(2) bi-linear with vy = 10, (3) sigmoid gain with ¢ = 5,6 = 0.5, and
a = 0.4, and (4) sigmoid gain with ¢ = 5,5 = 0.5,and & = 1. (b)
Wiener gains and sigmoid gains. (1) Wiener gain with oversubtraction
factor = 1, (2) Wiener gain with oversubtraction factor = 7, (3) sigmoid
gain with ¢ = 2.5,§ = 0.5, and @ = 1, and (4) sigmoid gain with
$=25,6=0.5anda =14 ‘

The sigmoidal gain function is superior to bi-linear gain func-
tion in that it not only reduces more noise when SNR < ¢, but also
preserves more signal magnitude when ¢ < SNR < «. Figure 5(a)
shows sigmoid gain functions with § = 0.5, ¢ = /2 = 5 and
bi-linear gain functions with the maximum noise suppression rate
is 20dB (y = 10) and 14dB (y = 5). Figure 5(b) shows the dis-
tinction between Wiener gains with oversubtraction and sigmoid
gains. We can see that sigmoid gains can achieve more noise sup-
pression than Wiener gains when SNR = 1 (normmalized SNR),
while preserving as much signal as Wiener gain at higher SNR.

It is often desirable perceptually to leave some background
noise to minimize the loss of unvoiced consonants that may be
indistinguishable from the added noise. Typical § should satisfy
d > 1/2 to leave some residual background noise.

2.5. Normalized SNR
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Fig. 6. Dynamic range of gain function when the signal is absent. For
the consistent noise suppression when different input noise variances are
applied, SNR, whenever signal is not present, should always be within the
Region L. If it goes into the Region 11, or, in worst case, above the Region
11, the probability of false alarm increases and subsequently it generates
artifacts.

The gain function is a function of the instantancous SNR, but
estimating the SNR is a noisy process. Especially when the added
noise has a high variance. Figure 6 shows two possible dynamic
ranges of SNR when the signal is not present. If the estimated
SNR varies within the region I, most of the background noise will
be suppressed. However, if it goes into or beyond the region II, the
algorithm will preserve considerable background noise and gen-
erate noticeable artifacts. This can be called a false alarm. False
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alarm shows that gain function optimized for specific input noise
level could fail to suppress the noise effectively for diffrent noise
level. To avoid or severely reduce the false alarm, we should guar-
antee that the SNR, when the signal is not present, should be nor-
malized to stay within the region I.

Diethomn [6] estimated the envelope of the noisy and the noise
envelope in parallel from band-limited signal and we experimen-
tally observed this could tends to generate false alarms, as it can
be seen from Fig. 7(b). To overcome this problem, as shown in
Fig. 2, we estimate the noisy signal envelope from band-limited
signal and estimated noise envelope not from the band-limited sig-
nal but from the averaged envelope of the noisy signal. Since the
noise estimator with time-constant function, 3(t), is analogous to
minimum detector, we can achieve more normalized SNR than [6]
and this guarantees reliable noise suppression independent of input
noise variance.
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Fig. 7. Normalized SNR. (a) Noisy signal envelope of a single band. (b)
Normalized SNR (lower line) calculated from proposed method and SNR
calculated from [6] (upper line). When the signal is assumed to be not
present, normalized SNR have SNR =5 1.

3. SIMULATION

The continuous-time noise suppression algorithm has been func-
tionally simulated and is being implemented with floating-gate
transistors for low-power noise suppression IC [3]. In order to
anticipate accurate performance when implemented with circuits,
we tried to include physical limitations as much as possible.

In Fig. 8, original noisy signal, which was corrupted with
background noise, is drawn overlapped with noise suppressed out-
put signal. While it is possible to further suppress the noise by
changing parameters, we experimentally observed that severe noise
suppression can deteriorate the intelligibility of signal.
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Fig. 8. Time-domain waveform of original noisy signal (gray) and noise-
suppressed signal (dark) from our functional circuit simulation.

4. CONCLUSION

We have presented a continuous-time audio noise suppression al-
gorithm for implementation in extremely low-power, real-time ana-
log circuits. For quality and practical issues, we proposed a nor-
malized SNR, non-linear gain function and asymmetric continuous
time constants for estimating the signal and noise respectively.

Even though we use simple, low-complexity building blocks
such as the low-complexity noise estimator and simple gain func-
tion, the simulation results show significant noise suppression while
generating few artifacts. We believe that the choice of filters, noise
estimator, and gain function yield a robust system for a variety
of noise levels and conditions. Also, since each of the functional
modules of proposed algorithm was developed for continuous-time
implementation, we expect to build a programmable noise sup-
pression IC with low cost directly from this algorithm.
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