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Abstract

The aim of this paper is to investigate the effect of impulsive noise on the performance
of the speech denoising using Discrete Wavelet Transform (DWT). The employed model of
impulsive noise consists of Bernoulli distributed impulse arrivals and Gaussian distributed
amplitudes of the impulses.

In this study DWT algorithm has been applied for the suppression of ambient noise.
This method is based on thresholding the wavelet coefficients, that can be done by standard
deviation method for each frame by level dependent thresholding using different types of
threshold (semisoft, hard soft and super soft) in channel contains impulsive and Gaussian
noise together.

The results of simulation indicate that using discrete wavelet transform in speech
denoising application provides a good quality and semisoft threshold gives the best
performance.
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1. Introduction
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In many speech processing applications, speech has to be processed in the presence of
undesirable background noise. One of the most important branches of speech processing is
speech enhancement which focuses on finding an optimal estimate of clean speech from noisy
speech signal.

Application areas include the reduction of noise for listening purpose, the preprocessing
of speech coding or recognition systems. Noise reduction or speech enhancement has always
been a non-trivial problem for communication engineers. The total removal of background
noise is practically impossible and distortion of the speech content is inevitable ™).

The discrete wavelet transform distinguishes itself in the analysis of non-stationary
signals such as speech. The wavelet shrinkage is a powerful tool in denoising signal corrupted
by noise. Speech denoising using Discrete Wavelet Transform (DWT) is studied in !,

In the real wireless communications scenarios besides from Additive White Gaussian
Noise (AWGN) there are impulsive man-made noises from ignition of automobiles or other
sources such as power transport lines which affect the performance of the system. The
modeling of impulsive noise has been carried out for years !,

In this study AWGN and Bernoulli-Gaussian model for impulsive noise are employed.
DWT using different types of thresholding will also be considered.

2. Impulsive Noise Model

The model discussed in the following is a Bernoulli-Gaussian (BG) model of an
Impulsive Noise (IN) process. The random time of occurrence of the impulsive is modeled by
a Bernoulli process b(k), where k is the time point and b(k) is a binary-valued process that
takes a value of “1” with a probability of o and a value of “0” with probability of (1-o.). The
amplitude of the impulsive is modeled by a Gaussian process g(k) with mean zero and

variance o2. Each impulsive is shaped by a filter with the impulsive response h(k). The
Bernoulli-Gaussian model of impulsive noise is illustrated in Fig.(1). The IN can be
expressed as :

n(k)=Zh(i)g(k—i)b(k—i) .......................................................... )

where: P is the length of the impulsive response of the impulsive shaping filter.
In a Bernoulli-Gaussian model the probability density function (pdf) of impulsive noise
n(k) is given by
pdf 2°(n(K)) = (1= a)3(N(K)) + tpdf  (N(K)) veeeerrneerrnneeernneeerneeereneeeennnnn (2)

where: d(n(k)) is the Kronecker delta function and
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L)
P (1K) = e P 7 3)

is the probability density function of a zero Gaussian process.

Binary sequence b(k) Sequence g(k) b(k)
Amplitude —_— V\/\ /\/] /\\% o
modulated |

sequence g(K)
/\ N\ ,\K Impulse shaping
WV filter

Figure (1) Impulsive noise model

The value of o is a measure of impulsivity of the impulsive noise. By decreasing o the
noise becomes more impulsive. Typical values for o, used in the simulations are o =1, 0.5,
0.1, 0.01, 0.001, and 0.0001. In the real world there is no impulsive noise only but a mixture
of impulsive noise and AWGN. Accordingly, as shown in Fig.(2) in the simulation both IN
and AWGN are considered. In this regard we also define a parameter that controls the power
ratio of the AWGN part and the “impulsive” part of the total noise as &

_ pover (impulsive _component )
power (AWGN _component )

with the definition of vy, the noise impinging the system consists of IN and AWGN with a
manageable ratio of power. The whole set-up of the simulation is illustrated in Fig.(2).

IN AWGN

Clean speech \ Denoised
i e . speech signal
signal Denoising Algorithm
=< } ’ Based DWT >
Noisy
speech signal

Figure (2) Block diagram of the simulation set-up
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3. Discrete Wavelet Transform (DWT)

The general form of an L-level DWT is written in terms of L detail sequences,
d;(k)forj=1,2,....,L, and the L-th level approximation sequence, ¢ (k) as follows [91:

ft)=> c (k) ¢L(t)+ZZdj(k)wj(t) .............................................. (5)

where: ¢, (t) is the L-th level scaling function and \pj(t) for j=1,2,...,L are wavelet function

sequences for L different levels.

In order to work directly with the wavelet transform coefficients, the relationship
between the detailed coefficients at a given level in terms of those at previous level is used. In
general, the discrete signal assumes the highest achievable approximation sequence, referred
to as O-th level scaling coefficients. The approximation and detail sequences at level j are
given by

€1 (K) = NG (M = 2K)C M) wrrervrenrereneeeeeaeesenseseeeeeeaseseasesensseeseans (6)

and

di (K) =D hy (M= 2K)Ci(M) cevrenreenrieniienieciieee et (7)

Egs. (6) and (7) state that approximation sequence at higher scale (lower level index),
with the wavelet and scaling filters, ho(t) and hy(t) respectively, can be used to calculate the
detail and approximation sequences (or discrete wavelet transform coefficients) at lower
scales.

The scaling coefficients are related to wavelet coefficients by:

(M) = (1) N, (N =N ettt ettt ettt saeesaee e (8)

where: N is a finite odd length of quadrature mirror filter.

Let the function f(t) be a discretely sampled function. The decomposition of f(t) in the
wavelet basis is done by recursive filtering with H, and H; with down-sampling of factor of
two in each set. A lower resolution signal is delivered by low pass filtering with half-band
low pass filter H, followed by down-sampled by two. The higher resolution (or detail) is
computed by a high pass filter H; followed by down- sampling by two 2°!.

The coefficients ho(n) and hi(n), used to construct the set of scaling and wavelet basis,
are low pass (Ho) and high pass (H;)FIR filter coefficients respectively. Ho={ho(n)} and
H.={hs1(n)}. According to the Equation (8), H; is the reverse of Ho.
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Figure (3) shows filter bank of discrete wavelet transform. The symbol § 2 is a down-
sampler (decimator) that takes a signal x(n) as input and produces an output of y(n)=x(2n),
which means half of the data is discarded 2.

Hi
SEHONERYP T > dy (K)
f(t) ™ H, » hy(n) —>»l2 ) » d2(k)
ho(n) ba{{p H, —| hy(n) b2 > ds(k)
ho(n) =2 P Ho
| hy(n) (» lg > C3(k)

Figure (3) Filter bank of discrete wavelet transform

3-1 Wavelet Reconstruction

The wavelet reconstruction process consists of upsampling and filtering. In the
upsampling process, the input signal is stretched twice its original length and zeros are
inserted in the even numbered samples.

The inverse discrete wavelet transform is illustrated in Fig.(4). The j scale coefficients
sequence ¢; is up-sampled, by doubling its length (inserting zeros between each term), then
convoluting it with the scaling coefficients h(n), the same is done to the j level wavelet
coefficient dj sequence and the results are added to give the j+1 level scaling function
coefficients 2.

hy(n) |

A 4

hg
v

$2
hy(n) |—— H—>ciu
2

dj-1 —» T2

A 4

ho(n)

A 4

ho(n)

A 4

Cj-1 — TZ

Figure (4) Two stage two-band tree signal synthesis tree of IDWT

179



Journal of Engineering and Development, Vol. 10, No. 2, June (2006) ISSN 1813-7822

3-2 Wavelet Thresholding

Donoho proposed a powerful approach for noise reduction .It is based on the
thresholding of the wavelet coefficients. Let y be a finite length observation sequence of the
signal x that is corrupted by zero-mean white Gaussian noise (G) and impulsive noise (1) ):

Y T XFGH] it rrcr e c e e s e s e s s e s e e s aens 9)
o, D G (10)
where: n=G+I

Let W(.) and W™(.) denote the forward and inverse wavelet transform operators. Let
D(.,,A) denote the thresholding operator with threshold A. The practice of thresholding
denoising consists of the following three steps:

1 YEWW(Y) rerereeeereereereeseeeeeseeseeseesessessessessessessessessessessessessessennes (11)
2 X DY, ) cvveereerereeessessesssessessesssessesssessessesssessessessessesssessessesen (12)
3 X 2 WV X) teeteeteee et eeeeeeee et eete et eeaeeeaeseaeeeeeneeeneeeseesnesnnenns (13)

where: X represents the wavelet coefficients after thresholding.
In this paper the following types of threshold are introduced:

3-2-1 Hard Soft-Thresholding

The hard soft-thresholding is given by **:

[y 1Y 22
D(Y, ) _{pY e (14)

where: p is the attenuation factor.

3-2-2 Super Soft-Thresholding
Super soft-thresholding is given by [

Y —sign(Y)L-pA  |Y[2A

D(Y’Mz{ oY Y] <&

where: A >0 is the threshold value
0<p<1 isthe attenuation factor.
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3-2-3 Semisoft-Thresholding
The semisoft-thresholding function is given by &

r

0 Y|<A,
D(Y, A A,) =1 sgn(Y)M M<[YISA, (16)
7"2 _7"1
Y Y|>2,

where: D(Y,A1,A2) represents the output value after thresholding the wavelet coefficients
and Aq and Ao denote lower and upper threshold respectively. Thresholding value A1 is

determined by Equation (18) and A is given by:

4. Discrete Wavelet Transform Based Denoising Technique

In this study the level dependent threshold is based on thresholding detailed coefficients
for each level is used. Figure (5) shows the block diagram of speech denoising using level
dependent threshold .

Noisy . y Y | Level Dependent | X Denoising
—H Framing |\ = DWT Threshold IDWT [ speech

A\ 4
A 4

Speech

Figure (5) block diagram of speech denoising using level dependent threshold

The noisy speech signal is sectioned into frames (typical value of frame length is 256
samples). Then, the discrete wavelet transform is taken for noisy speech, after that the wavelet
transform coefficients are filtered using different types of threshold (that is discussed in
previous section). The threshold value (A ) can be determined by [14]:

A=02100N; ceerriiiiiiiiiini (18)

_ MAD (d,)
WIth, 6= 07 ettt ettt st enns (19)
0.6745

where: MAD(d;) is median absolute deviation of detail coefficients for each level, and N; is
the data length for each level.
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Finally, the inverse discrete wavelet transform is used to recover the clean speech signal.
This procedure is repeated for each frame.

5. Objective Measures

The frequency signal-to-noise ratio (SNR) is the most widely used objective measure of
speech quality. The SNR measure in frequency domain for k™ frame is defined by ™°!:

A
r [dB]
3 [x (m- X, mf

SNR, =10log,,

where: Xi(n) is the DFT of the k™ frame of the clean speech, and )~(k(n) is the DFT of the

corresponding frame of the denoised speech signal. These SNRy for different frames are
averaged to give the over all SNR.
The SNR enhancement (in dB) is obtained by:

SNR Enhancement= SNRy-SNRj . ciitiiiiiiiiiieiiieeieienenenenenenenans (21)

where: SNR, represents the output signal to noise ratio, and SNR j represents the input signal

to noise ratio.

6. Simulation Results

Simulations of speech denoising using DWT and different types of thresholding over
AWGN plus IN channel were carried out. Various values of SNR; from -10 dB to 10 dB is
used for performance evaluation. Various impulsivities (o) and power of impulsive noise
with respect to AWGN (i.e., y) are considered and the SNR performance are evaluated. The
effect of different impulsive noise sources is simulated by changing the impulse-shaping filter
of the IN model.

The sentence that is used in the recording is “cuellall o) & 22l The data is sampled at
8KHz using a computer sound blaster (in normal room conditions). The data samples are
quantized into 16 bit. Figure (6) shows the waveform of the clean speech signal.
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Amplitude

Samples No.

Figure (6) The waveform of the clean speech signal

6-1 Filter Shape of The Impulse Noise {h(n)}
In order to investigate how the shape of the filter h(t) affects the SNR enhancement of

the denoising algorithm over the impulsive noise channel, two different impulse-shaping
filters. The filter hny(t) is a High Pass Butterworth filter with cutoff frequency 4KHz. The
second filter hipe(t) is a Low Pass Butterworth filter with a cutoff frequency 4KHz.

Figure (7) shows the SNR enhancement results using hard soft-thresholding over
impulsive noise only db6, a=0.01 and p= 0.1. This figure shows the effect of the impulse-
shaping filter on the SNR enhancement. It is seen that for the impulse filter hiy(t) provides a
worse SNR enhancement than hnpe(t) for low SNRj (from —10 to 0 dB). In this study, all the

results that is discussed later depends on hyy(t) filter.

3 i
: |
§ :
- :
2 :
= :
_5 1 1 1 1 i 1 1 i 1
-10 8 &G - 2 u} 2 £ 5 =} 10
SNRi (dB)

Figure (7) SNR Enhancement results using DWT based hard soft-thresholding
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6-2 Hard soft-thresholding Results

Figure (8) shows the SNR enhancement results using hard soft-thresholding with
different types of wavelet (db4, db6, db8, db10 and db12) for o =0.1. From this figure, all
Duabechies types give approximately the same results.

SR Enhancement (dB)

" sNAi (dB)

Figure (8) SNR Enhancement results using DWT based hard
soft-thresholding, for o.=0.1

Figure (9) shows the effective of the impulsivity of noise on the performance of SNR,
using db4 (only effect of impulse noise is taken). Form this figure, some points can be
noticed:

+ For givena, when the performance of SNR, remains the same for all values of SNR;, this
mean that no effect of noise on the speech signal (that is clear for o0 =0.0001 and 0.001).

+ When o increases, it approaches to Gaussian noise.

+ For o=1, the impulsive noise appears to be the same of Gaussian noise.

SNRo (d B)

———————————————————————————

—&— Al PHA=D.0001
—— Al PHA=D.001
—— ALPHA=0.01
B ALPHA=DA
—& A PHA=DS
-~ ALPHA=1
-~ ALPHA=GuUaSSIEN

) -10 -8 -G -4 = u] 2 £ 4] =] 10
SNRi (d B)

Figure (9) The influence of impulsive noise on the performance
of SNR, using db4
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Figure (10) shows the SNR enhancement results using hard soft-thresholding for
o.=0.1 and db6 with different values of y (y=0, 0.1, 1, 5 and 10). From this figure, when

v =0 only effect of Gaussian noise is appeared. When v is less than 1, the impulsive noise is
slightly affects the SNR enhancement. When vis increased, the SNR enhancement is
decreased.

18 T T T T T T T h T
-8 CGamma=10

- - —— Gamma=5
—— Gamma=1

_ | B Gammza=0.1

SMR Enhancement (dB)

" snRi (dB)

Figure (10) SNR enhancement results using DWT based hard
soft- thresholding with db6 and o =0.1

Figure (11) shows the SNR enhancement versus o for different values of y and
SNR;=5 dB. From this figure, two points can be noticed:
£ When y=0 no effect of impulsive noise on the results (only Gaussian noise exist),
therefore changes the values of o does not affect the SNR enhancement.
+ For giveny, when q increases, SNR enhancement is decreased.

---------------------------------------------------

————————————————————————————————————————————————————

SR Enhancement {dB)

| I |
=€~ Gamma=0
B Gamma=0.1 i i H i i
G- —#— Gamma=1 [T"-otr-ooodmooo- e
=& Gamma=5 ! ! ! ! ! !

—— Gamma=10

_SD D.I‘l D.I2 D.IS D.I4 D.I5 D.IG D.I? D.IEI D.IQ 1
a

Figure (11) SNR enhancement results using hard soft-thresholding

with db6 and different values of y
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All previous results are obtained for p=0.1. Figure (12) shows SNR enhancement
results using DWT based hard soft-thresholding for different value of p and various values of
SNR; when db6, y =1, and o.=0.1 are used. From this figure, select p gives the best results
depends on SNR;. For low SNR; select values of p near O (i.e. 0.1, 0.2 and 0.3) gives the best
SNR enhancement, also changes p slightly effect on SNR enhancement. While for high SNR;
(more than 0 dB) certain value of pgives the best SNR enhancement, for examples, for
SNR;=2 dB the best choice of p is 0.1, for SNR;=4 dB the best choice of pis 0.4 and for
SNR;=10 dB the best choice is 0.8.

35 T T T T
' ' ' '

T T T T T
&~ SMRi=-10 H H
—+— SNRi=6

8

___________________________

-8 SNRi=4
—& SNRi=2
- SMRi=D
—&— SMRI=2
—— SNRi=4
__| - SNRi=E |
—f- SMRi=10

: :

i)
[41]

_____________

SNR Enhancement {dB)

Figure (12) SNR enhancement r@sults using DWT based hard
soft-thresholding for different value of pwhen db6, y=1, and o.=0.1 are used

6-3 Super soft-thresholding Results
Figure (13) shows the SNR enhancement results using super soft-thresholding with
different types of wavelet (db4, db6, db8, db10 and db12) for a.=0.1, y=1 and p=0.1. For

low SNR;, db12 gives the best results and for high SNR;, db4 gives the best results. It can be
seen from this figure that changing in using duabechies order affects slightly on the SNR
enhancement except for SNR;=0, 2 and 4 dB.

Figure (14) shows SNR enhancement results using DWT based super soft-thresholding
for various value of p and different values of SNRi when db6, y=1, and o =0.1 are used.

From this figure, selection of p gives the best results depends on SNR;. For low SNR; (less
than 0 dB) selecting any value of p gives approximately the same performance. While for
high SNR; (more than 0 dB) certain value of pgives the best SNR enhancement, for
examples, for SNR;=2 dB the best choice of p is 0.1, for SNR;=4 dB the best choice of pis
0.4 and for SNR;=10 dB the best choice is 0.8 and so on.
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20

_—
o

—
o

SNE Enhancement (dB)

Figure (13) SNR Enhancement results using DWT based super
soft-thresholding, for 0.=0.1, y=1 and p=0.1

|6 I I I : - SNRI=10
—— SMRi=6
—— SMRi=4
-8 SNRi=2
—&~ SNRi=D
-~ SMNRI=2
-8 SNRi=4
—— SMNRI=E
—— SHRI=10
1 1 1

SNE Enhancement (dB)

————————————————————————————————————————————

Figure (14) SNR enhancement results using DWT based super
soft-thresholding for different value of p and different values of SNRi

when db6, y=1, and a=0.1 are used

Figure (15) shows the SNR enhancement for various values of o and different values
of v when SNR;=5 dB. When v increases, worst SNR enhancement can be obtained. For

o =0 no effect of impulsive noise on the SNR enhancement. For y =0 effect of impulsive is

negligible (energy of impulsive noise=0), the variation of SNR enhancement is not from
impulsive but from Gaussian channel.
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o

————————————————————————————

L]

___________________________

1 1
& Gamma=0
- Gamm==0.1 , 3 , . .
5] = Gamma=1 |----- L . R e UL
—— Gamma=5 ! ! ! ! ! !

—— Samm==10

SNE Enhancement (dB)

10 : : : : : : : : :
u] 0.1 0.2 0.3 0.4 0.5 0.6 0.7 o.a 0.9 1

Figure (15) SNR enhancement results using super soft-thresholding with
different values of y and o when db6 and p=0.1 are used

6-4 Semisoft-thresholding Results
Figure (16) shows the effect of the impulsivity of noise on the performance of SNR,
using db6 (only effect of impulse noise is taken). The same discussion for Fig.(9) is

considered here.
Figure (17) shows the SNR enhancement for DWT based semisoft-thresholding using

various values of ., different values of y and SNR;=5 dB. Comparing these results with hard
soft-thresholding, then semisoft-thresholding gives more SNR enhancement than super
soft-thresholding.

25 T T T T T T T T T

————————————————————————————

—— ALPHA=0.0001
—— ALPHA=0.001
—— ALPHA=D.01
-~ ALPHA=D1
—A& ALPHA=DS
—— ALPHA=

SNRo (dB)

SNRi (dB)

Figure (16) The influence of impulsive noise on the performance
of SNR, using db6

188



Journal of Engineering and Development, Vol. 10, No. 2, June (2006) ISSN 1813-7822

30 T T T T T T T —&— Samma=]
' : : : : : v | —— Samma=0.1

o ! ) ) ) : ) |+ Gamma=1
X : : : : : T B Gamma=5
! ! ! ! 9 ! V| =l Gamma=10

SNER Enhancement (dB)

Figure (17) SNR enhancement results using semisoft-thresholding with
different values of y and o when db6 and p=0.1 are used

6-5 Discussion of Results
Figs.(18), (19), (20), (21), and (22) show comparison results for different types of
thresholding (semisoft, hard soft, and super soft ) using db6, SNRi=5 dB and p=0.1 for y =0,
0.1, 1, 5, 10 respectively. From these figures some points can be noticed:
+ Semisoft gives the best SNR enhancement.
+ When v has large value (greater than 1) and o, <0.5 all methods of thresholding are failed
to suppress noise from the speech.
+ Hard soft threshold gives the worst results compared with other thresholds.
+ When vy increases, the difference between types of thresholding is decreased.

25

i | /8 Semisoft
' | B Hard Soft
| | % Super Soit

[
(=)

———————————————————————————————————————————————

-
o

SNE Enhancement (dB)

Figure (18) Comparison results between different types of thresholding
using db6, y=0 and SNR;=5 dB are used

189



ISSN 1813-7822

Journal of Engineering and Development, Vol. 10, No. 2, June (2006)

—&— Semisoft

=B Hard Soft

—— Super Soft

b4

(gp) yuaumasueyuy NS

5dB are used

/

Figure (19) Comparison results between different types of thresholding
using db6, y=0.1, and SNR
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Figure (20) Comparison results between different types of thresholding
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Figure (21) Comparison results between different types of thresholding
using db6, v =5 and SNR,
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Figure (22) Comparison results between different types of thresholding
using db6, y=10 and SNR,
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7. Conclusion

The following is a summary of the conclusion remarks.

The performance of speech denoising algorithm in the impulsive noisy environment
depends on the impulsivity of the noise and its power relative to the AWGN.

For a=0 there is no affect of impulsive noise on the SNR enhancement, when o
increases (more than 0 and less than 1), the value of SNR enhancement is decreased. For o =1
impulsive noise appears the same AWGN and gives the same effect on the SNR enhancement.

For y =0 only Gaussian noise exist. When vy increases, SNR enhancement is decreased.
Hard soft and super soft-thresholding depends on pvalue. The selection of p depends on
SNR;. It can be seen from Figs.(16) and (19) for low SNR; selection the values of p near O
(i.e. 0.1, 0.2 and 0.3) gives the best SNR enhancement. While for high SNR; (more than 0 dB)
certain value of pgives the best SNR enhancement.

DWT gives good performance for obtaining clean speech signal from impulse and
AWGN channel. Semisoft threshold gives the best SNR enhancement over both super soft
and hard soft threshold.
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