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Abstract: - The proposed method of adaptive thresholding uses probability distribution of additive noise signal, by
which the input signal is corrupted. The additive noise with non-uniformly distributed power spectral density can be
reduced via normalization process. The method is focused on musical signal corrupted by the noise with relative high
input signal-to-noise ratio ranging between 20 and 30 dB. The method uses the thresholding of coefficients of Discrete
Fourier transform (DFT). Minimal signal distortion should be introduced by this method. In conclusion the method is

tested for noise reduction efficiency and size of degradation of processed signal.
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1 Introduction

There are many methods for the reduction of
background noise in noisy signals using an
appropriate  spectrum modification  [1][2][3].
Thresholding is one of the most widely used types
of spectrum modification [4][5][6]. The
fundamentals of threshoding of musical signals
together with the half-soft parabolic thresholding
rule were described in [7] and [8]. In this article,
the thresholding method for noise reduction in
signal with a relative higNRy value between 20
dB and 30 dB with additional requirements is
described.

Three requirements for the proposed method were
introduced. The first requirement was the non-
uniformly distributed power spectral density of
background noise in noisy signal that should be

DFT coefficients. This distribution was taken as
the basis in order that the thresholding maximally
corresponds with the statistic property of additive
noise and that the thresholding causes minimal
degradation of input musical signal.

If the additive background noise in noisy signal is
the white noise, then the estimation of the power of
this noise is sufficient for setting the thresholds
and the waveform of thresholding rule [7]. These
thresholds as well as the waveform of the
thresholding rule are the same for all coefficients
of the tresholded signal.

If the additive background noise has not uniformly
distributed power spectral density, it is necessary
to threshold all coefficients of thresholded signal
separately, with the same thresholding rule but
with differently set thresholds and with a

processed. The most of known methods are based differently set waveform of the thresholding rule.

on reduction of background noise with uniformly
distributed power spectral density (white noise).
The second requirement was the maximum
reduction of additive noise in noisy signal. And the
third requirement was minimal degradation of the
musical signal caused by the proposed method.
Improving the qualities of the proposed method in
the sense of the second requirement is very often
in contradiction with improving the qualities in the
sense of the third requirement. Hence a
compromise is sought between maximal noise
reduction and minimal signal degradation [8].

In this article, a thresholding rule will be proposed
on the basis of the probability distribution of noise
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A better solution is to normalize the thresholding
coefficients [10]. Due to this normalization, the
probability distribution of tresholded coefficients
is changed and the same thresholds and waveform
of thresholding rule can be used, the same as in the
case of white noise. Due to this normalization,
only the coefficients of noisy signal which
“contain” additive noise are tresholded and the
measure of this thresholding is in dependence on
the magnitude of the corresponding coefficients of
additive noise.
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2 Method description

2.1 Method flowchart
The sequencey(n) represents the noisy signal
defined by:

y(n)=x(n)+n( 1,

where x(n) is the input signal andn(n) is the
additive noise. Figure 1 shows the flowchart of
proposed method. The other blocks and signals
will be described in the following sections.

1)

.\;Mj ‘"‘”“

‘ DFT! HReconsmmtim}—f

k)

Yilk)
Thresholding

i)

i) Lk
0 B 0 .
Seguentation

o) LK
| —»{ DFT

Normalization
Nomaliztion =

v.(F
5 AiE)
L{ﬂi] .

() M(k)

mm . SETLRANTE
Bstimations k)0 k)

i), g8

Segmentation
I,

) Mo (k)
Nomalization '

Mk

Fig. 1. Flowchart of noise reduction system with polynomial
thresholding based on probability distribution of noise signal.

2.2 Segmentation

Segmentation is necessary for processing the long-
term sound signal and subsequent application of
the thresholding method. Segmentation divides a
long-term signal into short segments. The current
segment yn) of the signal(n) is defined as

_; w(n)y(n+iNL- V) for n=0,1,...,N- 1
()= 0 fornz0,1,..N-1 (2)
i=0,1,..] -1,

where N is the length of segmemn(n), i is the
index of the segment, is the total number of
segmentsw(n) is the weighting window, and is
the overlap amountv(@d(0,1)), for v=0.5 the

overlap is equal to 50 %. The FFT algorithm is
used solely for calculating the DFT. Thus it is

appropriate to choose the length of the segment as

a power of 2. The overlap amount has to comply
with the conditionyNON". In the text below, all
the variables that belong to the current segment
will be indexed withi. The spectrum of the current
segment of signak(n) will be marked XK).
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The reconstruction of signajny from its segments
yi(n) is defined as

ii y n- |N
i=0

for n=0,1,..

Nl

i=01,..]-1

7<

whereN, is the total length of signg(n), N is the
length of segmenty(n); and Kis a variable
dependent on the type of window and on the
overlap amount used. The following equation must
hold for the weighting windows:

[

ZW(n—

j=—o0

iN@L-V))= K forOndZ (4)

For example, the Hanning window (26) with
overlapv = 0.75 has k= 2.

2.3 Discrete Fourier transform

The number of DFT coefficients is equal to the
length of processed segmeNt This statement
results from equations (5) and (6) for forward and
backward DFT [11].

V(R=0FT{x(n} = v(9 & ®
V(=0 {y( =25y &7 @

2.4 Normalization
After transformation (5) and segmentation (2),
equation (1) could be rewritten as

X(K+M(R.

The coefficientsM;(k) could be interpreted as
stochastic signaM;(k) ~ No(uui(K),omi(K)?), where
No denotes normal probability distribution with
mean valueuy(k) and variancesy;(k)>. In the
following text, the premise will be introduced that
the additive noise is a stationary. Then it holds
Mi(K) ~ Na(um(K), am(k)?). After the normalization
of coefficientsM;(k) by

(7)

M, (k) — 4 (K)

M (k)= e 1)

(8)
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Mni(k) will have the probability distribution
Mn;(K) ~No(0, 1). The mean value and standard
deviation will be independent &f

2.5 Estimations of value and

standard deviation
The estimationy,, (k) could be obtained from the
equation

mean

lo-1

(=18

(k). ©)
wherel, is number of segments from which the
estimation y,, (k) is calculated, andvi(k) is i-th
segment of length N

Similarly ow (k) could be obtained from the
equation

(10)

M, (k )J—sz(k)z.

Mi(K) in equations (9) and (10) could be replaced
by the coefficientsy;(k), but in the “quiet parts”
only, i.e. in parts where only noise signal remains,
i.e. where no input signal is present. It is, for
example, a short section before the input signal
starts.

After normalization according to (8) witp,, (k)

replaced by x4, (k) and ow (k) by o, (k),
equation (8) becomes

M, (K) =y (K)

o (K) -

Mn; (k) =

In a similar way, normalized coefficientén(k)
will be introduced:

YR (K

Yn, (K) = 7o (9 (12)

After normalization it is possible to use definition
for probability density function of stochastic signal
(see [7])

p(|Mn, (k) M, (k)))° . (13)

)=l
V2
where p(Mni(k)|) is the probability density

function of the absolute value of additive noise

ISSN: 1790-5052 392

Ondrej Raso, Miroslav Balik

coefficients Mni(k), and y,(IMni(k)|)* is the Chi-
square distribution [10] with 2 degrees of freedom
shown in figure 2. The probability density function
is independent of &nd iafter normalization.

pMAX

PDF _

15 2

0
0 0507 1

25 3
M K)] -
Fig. 2. Probability density function of stochastic
signal Mn;(K)|.

3 Thresholding

Thresholding in this case could be defined as an
appropriate form of DFT spectrum modification of
noisy signaly(n). The main goal is to find a
function 6 which performs the estimation of the

coefficients X, (k)

X (K)=o(Y(K)=

X(R.

(14)

FirSta the funCtion pmirorred(

Yh, (K)) is defined on

the basis of probability distributiom(|¥h, (K)) of
coefficients M(k)

Yn
pmirorred(Yn (k)|) [Mﬁ-l] (15)

By means of this function, the ideal thresholding
rule is introduced:

Goea (¥ (K)) =
0 for |Yni (k)| <T
=1Y, (k) pnirorred( W, ( @D for '1|'<| L T (o)
Y (K) for v (K)>T

This function is ideal in the sense that the
thresholding between thresholdis and T, exactly
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copies the functiopmi,o,,ed(

(K)[)- In figure 3, the
ideal thresholding rule g dea|(Y.( ))is shown

together with the functiorpmim,,ed(

Yo, (K)).-

T1:0.7, T2:2
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Fig. 3. Ideal thresholding rule.

The funCtion pmirorred(

¥n, (K)|) was approximated
by the 4-order polynomial

B (Y1 ))' - 1599y k) +

+4.071{(Yn, (K)|)° - 3.378f)y n(K)|) + 0.8672

K|) = 0.207¢Y n(k a7

This polynomial was proposed for thresholds=
0.7, T, = 3, and with the help of this polynomial
the polynomial thresholding rule was defined.

Gpay (¥ (K)) =

0 for |Yn k)| (18)
N0 R (4) or < (Y= 7

Y, (K) for |Yn k)| T

In figure 4, the proposed polynomial thresholding
rule J,,, (Re{Y; (K}) for the case oRe{Y, (K} and
for the thresholdg; = 0.7 andT, = 3 is shown. It

should be added, that the coefficieritgk) are
complex numbers and not a real numbers.
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Polynomial thresholding

3| - | === Polynomial thresholding rule 1
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Fig. 4. Polynomial thresholding rule.

In figure 5, the distributions of coefficienté,
and Xn, (k) are shown in the complex plane for

the case of thresholding the' Begment. This
segment contains additive white noise only. In this
figure, the distribution is shown of: 5a)
normalized coefficients  Yny(k) before

thresholding. 5b) normalized coefficieni, (k)

after thresholding.
The additive noise is a real signal
ford n,

m(n 00 (19)

so that its transform in the DFT is symmetrical

Mn, (k) = Mn"(N=-K). (20)
For this reason and for better notation too, only
the first half of sequences of coefficienis; (k)

and Xn, (k) is shown only.

ThresholdT; is shown by the solid-line circle and
thresholdT, is shown by the dashed-line circle.
The thresholding of these coefficients is
performed according to equation (18). The
coefficients with magnitude higher than the
thresholdT, are set to zero. In figure 5a), these
coefficients lie inside the solid-line circle. The
coefficients with magnitude lower than the
thresholdT, are partially reduced. It is apparent
that the coefficientsn¥(k) are moved to the centre
of complex plane in the coordinates [0,0].
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Re -
b)
Fig. 5. Example of thresholding a segment which contains
additive white noise only: a) normalized coefficieivts ( k)

-3 -2

before thresholding. b) normalized coefficier)A(al(k) after
thresholding.

In figure 6, an example of the spectrogram of
additive noise measured in real conditions is
shown. It is a record of sound of a fan in a quiet
street. This noise will be thresholded. Estimation
sequence of mean valueg, (k) and standard

deviations gy (k) are shown in figure 7. From

both pictures, it can be read that the frequency
components are concentrated into the frequency
13 kHz, and most of the energy is in the range
from O to 4 kHz.
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Fig.6. The spectrum of tested additive noise measured in real

conditions, sound recording of a fan in the quiet street.
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Fig.7. Estimated meag,, (k) and standard deviation

O (k) sequences of tested additive noise measured in real
conditions, sound recording of a fan in a quiet street.

For this kind of noise, the progress of thresholding
and normalization is shown in figures 8a) — d) in
the complex plane. In figures 8a) the chosen
segmenti =110 with lengthN =512 samples
before thresholdingy1:oK) is shown. All of these
coefficients represent additive noise, therefore
these coefficients have to be reduced as much as
possible. Figures 8b), these coefficients are shown
after normalizationyn;;(k). The inner solid-lines
circle again represents the threshdld and the
outer dashed-line circle represents the threshald

In figures 8c), the normalized coefficients

Xn,,o(K) after thresholding are shown, and in
figures 8d), the non-normalized coefficients

X0 (K) after thresholding are shown.

Issue 12, Volume 5, December 2009



WSEAS TRANSACTIONS on SIGNAL PROCESSING

1.5¢
o o Y00
1,
[e]
0.5¢
1 [e]
£ o &0
X OOO &
I X 5
o go!o%% ¢
[e]
[¢]
-05/ °
-1t o
i i e
-2 -15 -1 -0.5 0 0.5
Re -
a)
N
3r o Xnyek)
2r o,
I
]
1 O
0.7r- ¥
1 1
]
E O0ny B
x 1 o OO
-0.7F " Qo ©0
' o gB%° o
Y [e]
A}
=2F N )
_3,

-3 2-0.7007 2 3 4 5 6 7 8 91011
Re -

C)

Ondrej Raso, Miroslav Balik

o Ynllo(k)
Os
[
[
' o
i
1
1
1 dDO(%
o
:o S o
] o) &0 )
[} K ©
! o
'
’ o

-3 2-0.7007 2 3 4 5 6 7 8 91011
Re -

b)

1.5¢

0.5¢

*Im -
O

_0.5,

-0.5 0 0.5
Re -

d)

-2 -15 -1

Fig. 8. Example of segment thresholdingYa)(k), coefficients before normalization, W;,((K), coefficients
after normalization, C)A(nm(k) , hormalized coefficientafter thresholding, dﬁm(k) , hon-normalized

coefficientsafter thresholding.

In these figures, the progress of thresholding and
nomalization of a chosen segment containing only
the additive noise is shown. As well as in figures
5a) - b), the coefficients are moved to the centre of
Z-plane in the coordinates [0,0]. Due to

normalization (8), the same waveform of the

thresholding rule with the same thresholds could
be used even for the case of additive noise with
non-uniformly distributed power spectral density.

4 Test results

The proposed polynomial thresholding rule was
tested for additive noise(n) reduction efficiency
and the measure of the degradation of input signal
x(n) was monitored at the same time. The estimate

of mean value z, (k) and standard deviation
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ou (k) sequence of additive noise was calculated
(9)(10) froml, = 610 segments, with lengtN =
2048 samples. These segments are not displayed in
the following spectrograms. These segments were
not included in equations for the calculation of
SNR and SNRE according to (22) (23) and (24)
either.

Signal %(n)is an estimate of the signai(n)

according to
% (n)= DFT'I(X(k)): DFT*(3( Y( #))= A h (21)

The SNRE(24) value, which was calculated from
SNRy (22) andSNRoyt (23), was used to define
the amount of noise reduction in the sigg@l).
The difference between tl8NRvalues before and
after thresholding was calculated.
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> (n)
SNR,, =10log, "2 (22)
> (v(r) (1)
S ()
R,y =10l0g,y " (23)
> (5(n)- (1)
SNRE= SNR,- SNF (24)

The tests were performed on a musical signal
containing viola play. The additive noisa(n) is

the recording of a fan sound in a quiet street. The
musical signal represents the signgh) and
additive noisem(n) in (1). The frequency sampling
of this signal isfs=44.1 kHz, the length of the

whole signal is N, =241 664 samples. Both
polynomial  thresholding (18) and hard
thresholding (25) were tested. The hard
thresholding is shown in figure 9.

a,(% (k) =

[0 for | (K[<T- (25)

Y (k) for |vn, (K[> T,

Hard thresholding
5 ——
4+ -|= = =Linear dependence
3l ™ Hard thresholding rule
i
z 2 e
o 1}
s ! o
T o ya
o ’
g .’
> Ve
g -2 4
>
O _3}
_4,

5 -4 -3 -2 -1 0 1 2 3 4 5
Input coefficient -
Fig. 9. Hard thresholding rule.

The thresholdr,, of the hard thresholding rule was
defined asT, =L2T2. The Hanning window (26)

was used for the segmentation (2).
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n = -_
w(n) = 0.5(1— co{ Zﬁn fom= 0,1,..N (26)
0 fornz0,1,...N-1

The other settings used are specified in Table 1. In
the Table in the case of thresholding rule called
“Polynomial 2, the music noise filte8W(i) with
length equal t&@ samples [8] was used in addition
to the higher value of segment lengtfand higher
overlapv.

TABLEI
NOISE REDUCTION TEST RESULTS
Threshold Settings Thresholds | SNRour SNRE
rule [dB] [dB]
N = 2048 _
Hard V=05 Th=185 223 23
Polynomial N = 2048 T,=07
1 v=05 T,= 3 236 36
Polynomial N = 4096 T.=07
2 V=075 T,= 3 3 53

All of these changes increased the computational
complexity but they also increased the value of
SNREfrom 3.6 dB to the best value 5.3 dB from

Table 1.

In following figures 10 and 11 the spectrograms of

test signals(n), y(n) and x(n) are shown.

4 Hanni ng wi ndow, 2048 sanpl es.

- -60
05 1 i L5 2 25 som)
- x 10
Fig. 10. Spectrogram of tested input sigx(a).
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f(Hz) -

f(H2) —
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_ SG(dB) 1

25
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Fig. 11. Spectrograms of tested signal: a) noisy sigimlto
be processed, b) the sign;e{ n) after “polynomial 1”

thresholding, c) the signé((n) after “polynomial 2”
thresholding.
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In the design of polynomial thresholding, the
requirement was to have the smallest possible
input signal degradation by the thresholding
method. A higher value dNREdoes not always
mean a better listening quality. The higher
harmonic components of musical instruments can
be suppressed by thresholding or these higher
harmonic components in the spectrum can even be
totally removed. For listeners this spectrum
modification is a much more disturbing effect than
background noise.

To test the degradation caused by the thresholding
rule, the input signak(n) without the presence of
noise signal is thresholded in order to show the
degradation measure in the spectrograms. The
spectrograms of the signé(n) after thresholding

are shown in figures 12 and 13. The thresholds

were set to the same value as in the case of white
noise with SNR = 25 dB [7].

In comparison with figure 10, the input sigrxéh)

was in both case degraded as a result of
thresholding a clear signal by the thresholding rule.

4 ) .
x 10 Hanni ng wi ndow, 2048 sanpl es.

15

f(Hz) -

0.5

-60

05 1 15 2 25 o)

n- x 10

Fig. 12. Comparison of signal degradation caused by the
thresholding rule (settings for the white noise) after the
polynomial thresholding
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Fig. 13. Comparison of signal degradation caused by the

thresholding rule (settings for the white noise) after hard
thresholding

From a comparison of the two spectrograms
(figures 12 and 13)), it can be seen that the
spectrum after polynomial thresholding is more
detailed. In polynomial thresholding, there are no
such sharp changes and the higher part of the
spectrum is much more detailed.

In figure 14, the spectrogram of input sigmxéh)
after processing by “polynomial 1” thresholding is

shown.
X 104 Hanni ng wi ndow, 2048 sanpl es.

15

f(Hz) -

05 1

15 2

-  SG(dB) 1

x 10
Fig. 14. Degradation of the input signal caused by the
polynomial thresholding rule (setting for the noise from a fan
in a quiet street).

The sound of a fan in the quiet street is used as
noise signal to set the thresholds in this case. The
thresholds were set faBNRy =20 dB. Due to
nomalization (12), only the coefficient§(k) that
contain noisy component are tresholded.
Comparing figures 10 and 14, it is possible to see
that frequency components from 13 kHz upwards
are left almost without change.
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6 Conclusion

In the article the method for additive background
noise reduction in noisy musical signal was
described. The method chosen is the polynomial
thresholding of DFT coefficients. The method is
always used for the current segment of the signal
being processed. The process of segmentation, the
weighting of segments and the process of
backward reconstruction were described. Further
the probability distribution of additive noise was
mathematically described and the polynomial
thresholding rule was proposed on the basis of this
probability distribution. Because normalization
process was used, the proposed polynomial
thresholding rule could be applied to the additive
noise with non-uniformly distributed power
spectral density.

The rest of the article deals with the testing the
proposed polynomial thresholding rule on musical
signals to which the real noise type was added.
This real noise type was the sound of a fan on a
quiet street and it had non-uniformly distributed
power spectral density.

During a testing, the noise reduction efficiency
was tested and then the measure of signal
degradation caused by the thresholding rule was
monitored at the same time. TIE®NRE value,
which was calculated from SWNRand SNByt, was
used to define the size of noise reduction in the
signal y(n). Hard thresholding together with
polynomial thresholding was tested too. After the
tests are done, it is possible to see that polynomial
thresholding marked as “Polynomial 2“reached the
highest SNREalue.

In the second part of testing, the degradation
caused by the threshold rule was tested. The input
signal x(n) without the presence of noise signal
was tresholded in order to show the measure of
degradation in the spectrograms. Because the
polynomial thresholding rule was proposed on the
basis of probability distribution of additive noise,
the spectrogram after thresholding by this
thresholding rule is more detailed in comparison to
hard thresholding.
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