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Abstract: -
This paper presents a real time low-complexity im-

plementation of a noise reduction method for speech
communication where the input signal is divided into
a number of subbands that are individually weighted
in time domain according to the short time Signal-to-
Noise Ratio estimate (SNR) in each subband at every
time instant. Instead of focusing on suppression the
noise, the method is focusing on speech enhancement.

The method has proven to be advantageous when
implemented in real time since it offers low complex-
ity, low delay and low distortion.
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1 Introduction

Real time implementations of fairly complex algo-
rithms on digital signal processors (DSP) are nowa-
days possible thanks to the rapid development in ac-
cessible computational power during recent decades.
Today, it is possible to exploit this computational
power in order to implement complex algorithms or,
alternatively, widen the bandwidth of the algorithm at
hand.

Human communication of today often occurs via
some communication link. Even in very noisy environ-
ments, it should be possible to communicate reliably.

However, surrounding noise will degrade speech qual-
ity and intelligibility, forcing both the far-end and near-
end user to strain both their hearing and their voices.
An everyday application where low quality speech is
harmless but nevertheless annoying, is the ordinary
cellular phone, which is used in varying noisy envi-
ronments such as in a moving car or in a crowd. Al-
together, this urges for noise reduction methods. In
addition, these noise reduction methods must be com-
putationally efficient since the platforms on which they
are intended to be executed, are rather heavily loaded
by other tasks such as speech coding etcetera.

A digital method for noise reduction in speech com-
munication today, is spectral subtraction [1], [2]. The
method is based on the Fourier Transform and is a non-
linear, yet straightforward way of reducing unwanted
broadband noise acoustically added to a signal. The
noise bias is estimated during non-speech activity and
then subtracted from the noisy speech spectra. Since
the method estimates the noise bias during non-speech
activity, a Voice Activity Detector (VAD) is required.
One problem with spectral subtraction is musical tones
but a number of enhancements of the original algo-
rithm have been proposed during the years [3], [4], [5].

Multi microphone techniques such as microphone
arrays, have also been investigated in order to spatially
suppress a disturbance by adaptive beamforming [6].

In this paper a general, stand-alone, time-domain
method for speech enhancement is implemented on a
DSP. The input signal is presented to a Single-Input-



Single-Output (SISO) system in which the signal is di-
vided into a number of subbands. These subbands are
then individually weighted in time domain according
to the Signal-to-Noise Ratio (SNR) in each subband
at every time instant. The method has proven to be
robust, flexible and versatile and results in speech en-
hancement with low speech distortion without the re-
quirement of a Voice Activity Detector (VAD). The al-
gorithm is implemented on a floating point 32-bit pro-
cessor on which all computations are performed.

2 Problem Formulation and Method

In a typical situation where a speech signal is distorted
by noise , the noise, w(n), is acoustically added to the
speech, s(n), by a microphone. The goal is to suppress
the noise using some speech enhancement method re-
sulting in an output signal, y(n), with a higher SNR.

The basic idea behind the method described in this
paper, is that a speech signal corrupted by bandlimited
noise can be divided into a number of subbands and
that each of these subbands can be individually and
adaptively weighted according to an SNR estimate in
that particular subband signal. A high subband SNR
estimate indicates that the subband signal content is
less corrupted by noise. Hence this subband should be
boosted. A low subband SNR estimate indicates that
the surrounding noise is dominant in the subband at
hand. Hence no boosting of the subband speech should
be performed.

To achieve this speech boosting effect, a slowly
varying noise floor level estimate is calculated in each
subband. A short term average is calculated simulta-
neously. Using the quotient of these quantities, a gain
function can be achieved that weights the subband sig-
nal directly according to the subband signal SNR at
that particular time instant. For example, if only noise
is present in the signal, the noise floor level estimate
and the short time average will be in the same order of
magnitude, hence the quotient of these two measures
will be unity. However, if speech is present, the short
term average will increase but the noise floor level es-
timate will remain approximately unchanged. Hence,
the quotient will become larger than unity, amplify-
ing the signal in the subband at hand. It is also pos-
sible that a subband with a quite low SNR estimate,
may contribute with some speech information during

speech activity. Note that the method is focusing on
speech enhancement rather than noise suppression.

Altogether, the advantages are manyfold when using
this method, including increased speech quality. Also
there is no need for a VAD. The method is flexible and
versatile and in addition robust and stand-alone.

2.1 Mathematical Description

Suppose we have an acoustical noise denoted w(n)
and a speech signal denoted s(n). The noise corrupted
speech signal x(n) can then be written as x(n) =
s(n) + w(n). By filtering the input signal x(n) using
a bank of K bandpass filters, hk(n), the signal is di-
vided into K subbands, each denoted by xk(n) where
k is the subband index. This filtering operation can
be written in time domain as xk(n) = x(n) ∗ hk(n)
where ∗ is the convolution operator. In the ideal case,
the original signal can then be described as

x(n) =
K−1
∑

k=0

xk(n) =
K−1
∑

k=0

sk(n) + wk(n) (1)

i.e. xk(n) = sk(n)+wk(n) where sk(n) is the speech
part subband k and wk(n) is the noise part subband k.
The output y(n) is formed by

y(n) =
K−1
∑

k=0

Gk(n)xk(n) (2)

where Gk(n) is a weighting function that amplifies the
band k during speech activity. Since Gk(n) introduces
a gain to each subband, the function will be denoted
gain function for the remainder of this paper.

Our desire is now to find a gain function that weights
the input signal subbands using the ratio between
sk(n) and wk(n), i.e. a short time SNR estimate. A
block scheme illustrating the subband decomposition,
weighting and final summation is shown in Fig. 1.

The gain function in each subband, is found by us-
ing a ratio of a short term exponential magnitude aver-
age, Ax,k(n) based on |xk(n)|, and an estimate of the
noise floor level, Ax,k(n). The short term average in
subband k, Ax,k(n), is calculated as

Ax,k(n) = αkAx,k(n − 1) + (1 − αk) |xk(n)| (3)

where αk is a small positive constant controlling how
sensitive the algorithm should be to rapid changes in
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Fig. 1. Signal decomposition-weighting-assembly.

subband k input signal amplitude, i.e. a smoothing fac-
tor. A suitable value for αk can be estimated using the
following equation:

αk =
1

Ts,kFs

(4)

where Fs is the sampling frequency and Ts,k is a time
constant.

The slowly varying noise floor level estimate for
each subband k, Ax,k(n), is calculated according to

Ax,k(n) =

{

(1 + βk)Ax,k(n − 1) if case 1
Ax,k(n) if case 2

(5)

where ‘case 1’ corresponds to

Ax,k(n − 1) 6 Ax,k(n) (6)

and ‘case 2’ corresponds to

Ax,k(n − 1) > Ax,k(n) (7)

In (5), βk is a small positive constant controlling how
fast the noise floor level estimate in subband k will
adapt to changes in the noise environment. Note that
Ax,k(n) > Ax,k(n).

The variables Ax,k(n) and Ax,k(n) are used to form
the gain function Gk(n) according to

Gk(n) =

(

Ax,k(n)

Ax,k(n)

)pk

, pk > 0, Ax,k(n) > 0 (8)
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Fig. 2. (Upper plot) The speech signal x5(n) in sub-
band 5 using a 12 band, 64 tap FIR-filter bank. (Mid
plot) The solid line represents the short term average
Ax,5(n) with Ts=30 ms. The dashed line represents
the corresponding noise floor level estimate Ax,5(n)
with β = 10−6. (Lower plot) The resulting gain func-
tion G5(n) limited to a maximum amplification of 10
dB. In all plots T = 1/Fs

where pk decides the amount of gain individually ap-
plied to each of the subband signals.

The resulting speech enhanced output signal y(n) is
then calculated as

y(n) =
K−1
∑

k=0

Gk(n)xk(n) (9)

Since the calculation of Gk(n) involves a division,
care must be taken to ensure that the quotient does not
become excessively large due to a small Ax,k(n). For
example, in a situation with a very high SNR, Gk(n)
will become very large if no limit is imposed on this
function, resulting in an unacceptable high speech am-
plification. A limiter can be imposed on Gk(n) as fol-
lows:

Gk(n) =

{

Gk(n) if Gk(n) 6 Ck

Ck if Gk(n) > Ck
(10)

where Ck is some positive constant.
An example of how the parameters Ax,k(n),

Ax,k(n) and Gk(n) behave in a real situation is shown
in Fig. 2.



Fig. 3. Analog Devices offers a development kit in-
cluding a DSP and convenient peripheral circuits like
a 16-bit stereo ADC/DAC. This facilitates a compact,
stand-alone real-time implementation of the described
algorithm necessary for real-world evaluations in, for
example, a moving car.

3 Hardware

The DSP used for real time implementation was a
ADSP-21061 Sharc processor from Analog Devices
[7].

The ADSP-21061 is a 32-bit floating point proces-
sor. A digital signal processor’s data format deter-
mines its ability to handle signals of differing preci-
sion, dynamic range, and signal-to-noise ratios. How-
ever, ease-of-use and time-to-market considerations
are often equally important. Four reasons for choos-
ing a floating-point processor are listed below:

The number of bits of precision of A/D converters
has continued to increase, and the trend is for both
precision and sampling rates to increase. Another ad-
vantage is the dynamic range and Signal-to-Noise Ra-
tio. Radar, sonar and even commercial applications
like speech recognition require wide dynamic range
in order to discern selected signals from noisy envi-
ronments. In addition 32-bit floating-point DSPs are
in general easier to use and allow a quicker time-to-
market than 16-bit fixed-point processors.

A picture of the board is shown in Fig. 3 and a block
diagram of the development kit used is shown in Fig. 4.

The algorithm is implemented in C and the filter

Fig. 4. Sharc Ez-Kit Lite system block diagram.

bank coefficients are initially, once and for all, calcu-
lated using Matlab and transferred to variables in the
C-code. A flowchart of the algorithm implementation
is shown in Fig. 5.

3.1 Computational Capacity

The ADSP-21061 has a 25 ns instruction cycle time
operating at 40 MIPS. With its on-chip instruction
cache, the processor can execute every instruction in
a single cycle. Tab. 1 shows specified performance
benchmarks for the ADSP-21061.

FIR Filter (per tap) 25 ns 1 cycle
Divide 150 ns 6 cycles
Inverse Square Root 225 ns 9 cycle

Table 1. Specified performance of the ADSP-21061
microprocessor

4 Evaluation

A general mathematical description of the method was
given in section 2.1 where a number of subband de-
pendent parameters were introduced. In this section,
where a practical evaluation is performed, some of
these parameters are individually set to the same value
for all subbands.

All experimental evaluations has been performed on
signals recorded on site at a sampling frequency of 8



Fig. 5. Structure of algorithm implementation.

kHz. The method has been verified in MATLAB1 be-
fore implemented in real-time.

4.1 The Filter Bank

In section 2.1, a bank of bandpass filters was used to
divide the input signal into k subbands. Intentionally,
this was a quite general description.

The FIR filters used in this paper are designed with
the window method using Hamming windows. This
method results in causal, symmetric impulse responses
with linear phase. The filter coefficients are once and
for all calculated using Matlab and then stored in the
DSP memory for further usage.

4.2 The Short Term Average

In order to effectively calculate a short term average
magnitude of the input signal, a recursive structure was
used as described in section 2.1, (3) and (4). A very
small value of Ts results in unnatural sounding speech
and background noise. If Ts is chosen to be much
larger, the short term average reacts to slowly to in-
coming speech resulting in poor speech enhancement
performance. An extremely large Ts will result in a
function approximately equal to the noise floor level
estimate described in section 2.1, (5). Hence, Gk(n)
will be equal to unity in each subband and no speech
amplification will be carried out.

4.3 The Noise Floor Level Estimate

The noise floor level estimate described in section 2.1,
(5), is designed to adaptively track the background
noise level. The value of Ax,k(n) is dependent on
the short term average, Ax,k(n). The positive con-
stant β controls how fast the noise floor level estimate
will adapt to changes in the noise environment. A very
small value of β results in a noise floor level estimate
approximately equal to the short term average while
a very large β results in slow convergence and poor
noise level tracking capabilities in non-stationary en-
vironments.

1MATLAB is a trademark of The MathWorks, Inc.
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Fig. 6. Detailed behavior of short term average (solid
line) and noise floor level estimate (dotted line) during
both speech and non-speech activity.

4.4 The Gain Function

As described in section 2.1, (8), the gain function
Gk(n) is the ratio of the short term average and the
noise floor level estimate. Since we are dealing with
a ratio, care must be taken to avoid singularities caus-
ing numerical overflow in the DSP. In a communica-
tion environment with very little background noise, the
SNR in in some (or all) subbands would become exces-
sively large, resulting in an unacceptable high speech
amplification. The remedy to this problem is to use an
upper limit imposed on the gain function Gk(n) as de-
scribed in section 2.1, (10). Still, samples may be am-
plified by the gain function to a level outside the range
of the DSP. Some sort of signal compression or clip-
ping must then finally be employed to scale samples
into DSP range. In this implementation, any sample
that was outside DSP range was clipped to the maxi-
mum (or minimum) sample value possible.

An exponential weighting of Gk(n) is performed by
raising the ratio Ax,k(n)/Ax,k(n) to a power of p, as
in section 2.1, (8). However, an exponential weighting
will heavily load the DSP. Hence an approximation of
such a weighting by using some sort of lookup table is
a much more efficient solution and will not introduce
any audible distortion to the resulting output signal.

An illustration of the detailed behavior of the short
term average and the noise floor level estimate both
during speech and non-speech activity is shown in
Fig. 6.
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Fig. 7. The short term average (solid lines) and noise
floor level estimate (dotted lines) calculated with four
different values of Ts.

5 Results

Experiments have shown that using subband-
dependent variables has no crucial effect on the final
result. Nevertheless, subband-dependent variables can
prove to be useful when tweaking the method. The
choice of the constants α and β is however of vital
importance to the speech enhancement performance
and the resulting speech quality.

As mentioned before, a small α results in unnatural
sounding speech with remaining artifacts. A very large
α results in a short term average that reacts too slowly
to incoming signal amplitude variations. Hence, the
speech attacks will be cropped and, in addition, the
speech amplification in subbands with a small amount
of noise will be limited.

These conclusions are illustrated in Fig. 7 and Fig. 8.

The parameter β also has a fundamental effect on
the final result. A small β results in a noise floor level
estimate that reacts rapidly to changes in the noise
environment. The disadvantage is that the minimum
noise floor also reacts to incoming speech. A larger β
results in a more stable minimum noise floor estimate
but also in slower convergence and poor noise level
tracking capabilities in non-stationary environments.
The different effects on the noise floor level estimate
when altering the parameter β are illustrated in Fig. 9
and Fig. 10.
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Fig. 8. The gain function for four different values of
the time constant Ts.
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Fig. 9. Effects on the noise floor level estimate when
altering the parameter β.

5.1 Speech Enhancement Performance

As mentioned earlier, the method does not focus on
noise suppression but rather on speech enhancement.
It is important to notice the fact that we are actually not
trying to improve the SNR by removing noise. Instead,
the SNR is improved by amplifying the speech on a
subband basis.

Experimental results shows that the number of sub-
bands is not crucial for most types of noise. Neverthe-
less, a more complex noise environment, e.g. narrow
band noise or even periodic disturbances, may be more
efficiently suppressed using a larger number of sub-
bands. Efficient suppression of car noise has been per-
formed with as few as six subbands whereas a complex
noise source such as people talking or crockery clatter
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Fig. 10. Effects on the gain function when altering the
parameter β.

requires a higher resolution in the subband filter bank.
In this paper, the focus has been on FIR based sub-

band filters. The length of these filters has proven to
be of some importance. As an example, using ten sub-
bands, the noise reduction capabilities increased no-
ticeably when increasing the filter length from 32 to 64
taps. However, computational complexity limits our
choice of filter lengths and frequency resolution to ap-
proximately 64 filter taps when using 10 subbands.

Furthermore, the time constants that controls the
short term average should be kept in the range of
speech pseudo-stationarity time, i.e. about 20–30 ms
[2]. The noise floor level estimate controlling param-
eter, β, can be varied around 10−6 depending on the
desired effects. The upper bounding of the gain func-
tion G(n) affects the resulting speech distortion and
should be kept within 5–20 dB. A larger amplification
of the signal may result in a piercing sounding output
speech.

Before implementing the adaptive gain equalizer in
real-time, the method was evaluated using Matlab. In-
formal listening tests prove that there is negligible or
no audible difference between an off-line Matlab sim-
ulation and an on-line real-time DSP implementation
of the algorithm.

6 Conclusions

A speech enhancement algorithm of today must be
flexible yet robust, easily implemented yet computa-



tionally efficient and, in addition, it must be versatile
and applicable to many different noise situations. The
method described in this paper have been implemented
on a DSP and evaluated in real-time. It has been shown
that the method fulfills all of these above-mentioned
criteria: Thanks to the straightforward basic underly-
ing idea, the method is both flexible, robust and easily
implemented. The filter bank structure used in this pa-
per was an FIR filter bank but principally, any filter
bank could be employed to obtain desired features and
characteristics. In addition, experiments has shown
that the method is easily configured and adapted to dif-
ferent noise situations with a minimum of tweaking,
well suitable for real-time implementation on DSPs.
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