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Abstract:

This paper presents a mixed transform
based speech denoising technique obtained by the
combination of multicircularlet and dantlet
transforms and thresholding algorithm. It is well
known that denoising is a compromise between the
removal of the largest possible amount of noise and
the preservation of signal integrity. Mixed
transform is an intelligent tool for solving speech
processing problems such as speech denoising , the
general algorithm of speech  denoising using
discrete wavelet transform (DWT) is presented,
followed by the proposed general algorithm of
speech denoising using mixed transform. This
paper also discusses the effect of using DWT and
mixed transform in  speech  denoising,
theirperformances in terms of mean square error
(MSE) and peak signa to noise ratio (PSNR) are
assessed. Computer simulation results indicate that
the mixed transform offers better MSE and PSNR

than DWT.
Key Words: Speech

Denoising,M ulticircularlet,Slantlet Transfor m,
DWT.

1. Introduction

Degradation of the quality of speech caused
by the acoustic background noise is common in
most ofspeech processing applications such as
mobile communication and speech recognition.
Therefore, theproblem of removing uncorrelated
noise components from the noisy speech, i.e,
speech enhancement, has been widely studied in the
past and it is till remained as an important issue in
the field of speech research [1].Traditional speech
denoising techniques are predominantly based on
either Wiener filtering or spectral
subtraction.Although these methods improve the
signal tonoise ratio, they distort the signal and
alsotend to introduce a perceptuallyannoying
residual noise, often referred to as musical noise.
Recent noise reduction techniques [2] have
exploited themasking properties of the human's
auditory system and have resulted in good quality
speech with reduced levels of musical noise.
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The problem of denoising consists of
removing noise from corrupted signal without
atering it. Wavelet domain was long been the
method of choice to suppress noise. Recently
however, methods based on the mixed
transformation have become increasingly popular
[3]. Utilizationof mixedtransformation in signal and
image processing has been found avery useful tool
for solving various engineering problems, denoising
is one of them. The mixed transform denocising
technique is called thresholding; it is a non linear
algorithm, which can be decomposed in three steps.
The first one consists in computing the coefficients
of the mixed transform which is a linear operation.
The second one involves in thresholding these
coefficients. The last step is the inversion of the
threshold coefficients by applying the inverse mixed
transform, which leads to the denoised signal. This
technique is simple and efficient. However it relies
heavily on the choice of the threshold, which in its
turn depends on the noise distribution .

2. Slantlet Transform

The dantlet transform (SLT) is based on
improved version of the usual discrete wavelet
transform(DWT);where the support of the discrete-
time basis function is reduced[4]. The SLT is an
orthogonal discrete wavelet with two zero moments
and with improved time localization ,the basis of the
dantlet is based on a filter bank structure where
different filters are used for each scale. Consider a
usual two-scale iterated DWT filter bank shown in
Fig.1(@) and its equivalent form Fig.1(b). The
dantlet filter bank is based on the structure of the
equivalent form shown Fig.1(b),but it is occupied
by different filters that are not products. With this
extra degree of freedom obtained by giving up the
product form, filters of shorter length are designed
satisfying orthogonality and zero moment condition

[5].

For two-channel case the Daubechies filter
is the shortest filter which makes the filter bank
orthogonal and has K zero moments. For K=2 zero
moments the iterated filters of Fig.1(c) are of
length 10 and 4 but the dantlet filter bank with K=2
zero moments shown in Fig.1(c) has filter length 8



and 4 . Thus the two scale dantlet filter bank has a
filter length which is two samples less than that of a
two-scale iterated Daubechies-2 filter bank. This
difference grows with the increased number of
stages. Some characteristic features of the slantlet
filter bank are orthogonal, having two zero
moments and octave-band characteristic. Each filter
bank has a scale dilation factor of two and provides
a multi-resolution decomposition.The dantlet filter
are piecewise linear. Even though there is no tree
structure for dantlet it can be efficiently implement
like an iterated DWT filter bank. Therefore,
computational complexities of the dantlet are of the
same order as that of the DWT,but dantlet
transform gives better performance in denoising and
compression of the signal[5].
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Fig.1 (a) Two-scale iterated filter bank DWT,
(b) Equivalent form using DWT,
(c) Two-scalefilter bank using SLT.
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2.1 Derivation ofSlantlet Filters

Coefficients

The filters that construct the slantlet filter
banks are g;(n), f;(n) and h;(n) . The I-scale filter
bank has 2I channels. The low pass filter is to be
caled h;(n) . The filter adjacent to the low-pass
channel is to be called f;(n) . Both h;(n) and f;(n)
are to be followed by down sampling by 2. The
remaining 2I-2 channels arefiltered by g;(n) and its
shifted time-reverse for i=1,.....I-1 .Each is to be
followed by down sampling by 2i** [3].

The sought filter g;(n) is described by four
parameters and can be written as.

_| atam  forn=0,..,2"1 1
4w = bo + by(n—2%) forn=2i..,21%41 4

To obtain g;(n) such that sought I-scale filter bank
is orthogonal with 2 zero moments requires
obtaining parameters ag. a4, by, by such that:

m=2
s, = 6\/m/((M? —1)(4n7? —1))

t, = 2\/3/(m(m* -1))

S, =-s.(m-1)/2

t, =((m+1).s,/3—mt)(m-1)/(2m)

8, = (S +1,)/2

by = (8 —15)/2

a =(s+1)/2

b, = (s —t,)/2

he(n) :[ a +an Ifm‘ n‘ =0, ..,;,,25;1 2
by + by(n—2") forn=2'.., 24 4

The same approach work for f;(n) and
hi(n)

cten  forn=0,...,2771

S ; S, 3
film) {dg-i-dl(n—Z‘] fo:"n=2',‘...2‘”—1}
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1/ ~/m

u =

ao = ulv+ 1)/ 2m)

b, = u(2m — v —1)/(2m)
a, =u/m

h, = —al

q = \/ 3/ m(m?*=-1) /m
c,=qg(v — m)

d, = —qg(v+ m)
do=dy(v+l-2m)/2

3. TheMixed Transform

The proposed mixed transform consists of two types
of transforms in cascading form to give better
coding performance, because cascading transforms
further decorrelates the coefficients of the input 2-D
signa . The first transform is the proposed
multicircularlet transform and the second one is the
slantlettransform. Different schemes of applying the
dantlettransform to the multicircularlet transform
output was implemented. The optimal scheme was
by applying the dantlettransform for the subbands
containing the approximation signal which is nine
subbands of the overall resultant subbands. Figure
(2) shows the block diagram of the proposed mixed
transform.

The preprocessing step of the mixed transform is
the process of getting input rows for the multifactor
bank. For data denoising, where oneis trying to find
compact transform representation for a data set, it is
not suitable to use repeated rows scheme, because
one is seeking to remove redundancy, not to
increase it . It is imperative to find criticaly
sampled transform schemes. This scheme maintains
acritically sampled representation. It was shown that
the critical sampling preprocessing scheme where
the multifilter processes two N/2-point data streams
using an approximation method suggested by
Geronimo, and adapted here for the multicircularlet
transform and will be illustrated in the next
section[7].
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3.1 A Computation Algorithm of
Discrete MulticircularletTransform

By wusing a criticaly-sampled scheme of
preprocessing (approximation-based scheme of
preprocessing), the discrete  multicircularlet
transform matrix has the same dimensions of the
input which should be a sguare matrix NxN, where
N must be a power of 2. Transformation matrix
dimensions which should be egual to image
dimensions after preprocessing will be NxN for a
critical-sampled scheme of preprocessing.

There are two orders of approximation types of
critically-sampled preprocessing 1% order and 2™
order approximations [8] &[9].

For 1% order approximation-based preprocessing,
where every two rows generates two new rows, can
be summarized as follows:-

Newoddrow= (0.373615) [same (oddrow)]
+(0.1108619)[ next(evenrow)] 4
+(0.1108619)[ previous(evenrow)]

New evenrow =( \/E —1) [same(evenrow)] 5

For 2" order approximation-based
preprocessing,can be summarized as follows:-

Newoddrow= (10/8+/2 ) [same (oddrow)]
+(3/8 \/E ) [next (evenrow)] 6
+(3/8 \/E )[previous(evenrow)]

New even-row = [same (even-row)] 7

It should be noted that when computing the first
odd-row, the previous even-row in eg.(4) is equal to
zero. In the same manner, when computing the last
odd-row, the next even-row in eq. (4) is equal to
zero. The same thing is valid for eqg. (6).
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Fig. 2 Mixed transform block diagram

The following procedure for computing agorithm
using approximation-based preprocessing is valid
for both 1% and 2™ order of approximations with
one exception of using egs.(4) and (5) for 1% order
approximation preprocessing step and egs. (6) and
(7) for 2™ order approximation preprocessing step:

a- Checking input dimensions: input vector should
be of length N, where N must be a power of two, so
resize the signal to the nearest power of 2 value if
not a power of 2.

b- Constructing a transformation matrix: using
the transformation matrix format, an N/2xN/2
transformation matrix should be constructed using
proposed multifactor banks matrix coefficients.
After substituting the matrix filter coefficients
values, an NxN transformation matrix results with
same dimensions of input signal dimensions after
preprocessing.
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c-Preprocessing rows. approximation-based row
preprocessing can be computed by applying egs. (4)
and (5) to the odd- and even-rows of the input NxN
matrix respectively for the 1% order approximation
preprocessing. For 2™ order approximation
preprocessing, egs. (6) and (7) are used for
preprocessing odd- and even-rows of the input NxN
matrix respectively. Input matrix dimensions after
row preprocessing is the same NxN.

d- Transformation of rows: apply matrix
multiplication to the NxN  constructed
transformation matrix by the NxN row preprocessed
input signal matrix.

e-Preprocess columns: to repeat the same
procedure used in preprocessing rows,

i- Transpose the row transformed NxN matrix
resulting from step d.

ii- Repeat step c to the NxN matrix (transpose
of the row transformed NxN matrix) which
resultsin NxN column preprocessed matrix.

f-Transformation of columns: transformation of
columns is applied next to NxN column
preprocessed matrix as follows:  apply matrix
multiplication to the NxN  constructed
transformation matrix by the NxN column
preprocessed matrix.

0- Final transformed matrix: to get the final
transformed matrix:

i-Transpose the resulting matrix from column

transformation step.

ii- Apply coefficients permutation to the resulting
transpose matrix. The final transformation matrix
using approximation-based preprocessing has the
same dimensions, NxN, of the original matrix.

4. Proposed Algorithm
The block diagram for implementing the

proposed transform in speech denoising is given in
figure (3).
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Fig. 3 Block diagram ofthe proposed algorithm

The following steps will be followed in
implementation of this algorithm:

Stepl: preprocessing, which includes:-

Linput of the speech signal after selecting the
sampling rate. Then, the speech signal will be
converted to a vector of data (samples).

2. Convert the vector of one dimension to sguare
matrix form (2-dimension).

Step2:apply the multicircularlettransform  on the
resultant matrix from preprocessing.

Step3: subband decomposition, asin figure(2).

Step4: applyslantlet transform for the nine subbands
and the other padding to zero.

Step5:for each subband apply the following:

Obtain each coefficients of noisy speech, the

coefficients of each subbandare g‘ j -

1.Select the threshold type. If the selection is of soft
thershold type, then filter these coefficients using
the following equations [10]:

»Thv

sigr(g';)' g’ ;|- ). Jg';

0...... otherewize

G =T,(g",,1"£w)={

Or the other form

G =Ti(g Tiv)= signig’, Fg' |-Tvig' T 9
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Where

+1,9', >0
sign(g';)=10,g',=0 10
—Lg'j <0

Th, is the threshold value, (Th, = +/2a%,log.(N))
isused,and o2 is the variance of the samples.

Hence, softthresholding is a mean of trandating all
coefficients towards zero byacertain amount defined
by Th,.

2. If the selection is hard threshold “kill and keep”
strategy or “gating” type, then filter the subband
coefficients using this equation:

. . "olg' Thv
&', T, (g', Thv) {9 11917 |
0,otherwise

Step6: for each new subband apply inverse slantlet
transform.

Step7: for the resultant subbands, inverse
multicircularlet transform had been taken.

Step8: reconstruct the signal by reshaping it into 1D
signal from 2D-signal.

5. ExperimentResults

The proposed speech enhancement algorithm has
been tested on the spoken English passages. The
speech signals corrupted by additive white Gaussian
noise. figure (4) shows an example of the
application of OUTmethod to a signal corrupted

with random noise.



reconstructed sound files are defined. This criterion
is necessarily applied,which includes signal to noise
ratio, peak signal to noise ratio and mean square
error.

The above quantities are calculated using the
following formats:

1. Peak Signal to Noise Ratio (PSNR):

Peak Signal to T & Ratio .

. — _sz = 12

PSN = 10 logll M “2
—

Where, M is the length of reconstructed signal, X is
the maximum absolute square value of the signal x
and ||X —r|[*> is the energy of the difference
between the original and reconstructed signals.
2Mean Square Error (MSE) is used as a
performance index to assess the quality of
denoising, and is defined as

denoising., and is d

as
MSE(ABJ = 10 [log10 (%-ZHJC('D — 2O )J . 13

Where,x(i)1s the original signal and (i) is the
reconstructed signal.
In the proposed scheme both the complexity of
computation and the quality of denoising is
o . considered.
e — L e In order to evaluate the performance of the
(b) proposed system,different tests had been performed
and the results show significant improvementin SNR
! , ofreconstructed signals. The properties of tested
speech samples are presented in Tablel. While
Table 2 shows the comparison between the
proposed algorithm and DWT on PSNR and MSE

L
L AL} IRINE LIHL)

Fig. 4 (a) Clean speech signal,
(b) Corrupted signal with noise,
(c) Enhanced speech signal

To evauate the performance of a denoising
technique the criteria of measuring distortion in
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Table 1:Properties of tested speech samples
. The Matrix Near square Added or
Signals power of 2 cansul
length form
value samples
YAM1 6205 80x77 64x64 2109
YAM2 6880 80x86 64x64 2784
YAM3 6913 80x86 64x64 2817
YAM4 8295 80x103 64x64 4199
YAMS5 6014 80x75 64x64 1918
YAMG6 8935 80x111 64x64 4839
Table 2 : Performance measur es of speech signals
PSNR MSIL
Signals Mixed Mixed
1Ehes DWT e DWT |,
I'ransform ['ranstorm
YAMI 36.721 39.482 0.5084 0.3603
YAM? 38.58 42.19 0.567a 0.3945
YAMS3 33.59 37.53 0.3841 0.2003
YAM4 4039 45318 04113 0.2377
YAMS 37.613 41.37 0.6354 0.3498
YAMO6 38.330 44173 0.5676 0.3151
6. Conclusions multicircularletthreshol dingdenoising algorithm.
Number of decomposition level of multicircularlet
This paper presents a strategy for digitally transform depends on the size of the observed data
implementing a new  mixed transform However, as a rule of thumb, the number of

(multicircularlet and dantlet transforms) for speech
denocising. The resultant implementations have the
approximate reconstruction property, and give
stable reconstruction under perturbations of the
coefficients. There are, of course, many computing
strategies to trandate the theoretical results on
multicircularlet and dlantlet transforms into digital
representations.

There are several innovative choices which we now
highlight:

1.Mixed transform is important technique in speech
denoising applications due to its ability to eliminate
the noise. It takes the advantages of multiple
transforms.

2.The level of decomposition of muilticircularlet
transform and the thresholding scheme (e.g. soft or
hard) are two other important parameters in
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decomposition levels of multicircularlet transformis
taken when the corresponding approximate
mixedtransform coefficients band at that scale is
noiseless. For thresholding scheme, its choice
depends on the application, considering if over
smoothness or M SE is tolerated more.

3.The proposed algorithm of multidenoising using
mixed transform gives better result than the
proposed algorithm of denoising using DWT
transform in term of PSNR and less M SE.

References

[I] Chang, S., Kwon, Y., Yang, S., and Kim, I,
" Speech Enhancement for Non-
StationnaryNoiseEnvironment by Adaptive
Wavelet Packet", Proc. of IEEE International
Conference on Acoustics, Speech, and Signal



Processing (ICASSP), Vol. 1, pp. 561-564,
USA, 2002.

[2] Gustafsson, S., Jax, P., and Vary, P.,"A Novel
Psychoacoustically Motivated
AudioEnhancement  Algorithm  Preserving
Background Noise Characteristics’, Proc.of
|IEEEInternational Conference on Acoustics,
Speech, and Signal Processing (ICASSP), Val.
1, pp. 397-400, USA, 1998.

[3] Lalouani, A.Gabrea, M. & Gargour, C.S,
"Wavelet Based Speech Enhancement Using
Two Different Threshold-Based Denoising
Algorithm”,  Canadain  Conference  on
Electrical and Computer Engineering, Vol. 1,
pp. 315-318, Canada, May 2004.

[4]Chatterje, A. Maitra,M.& Goswami,S.K.,
"Classification of Over Current and
linrushCurrent for Power System Reliability
using SlantletTransform and Artificial Neural
Network" ,Expert System with Application
,Elsevier,Vol.36,pp.2391-2399,2009.

[5] Selesnick I. W., “The Slantlet Transform” IEEE
Trans. Signal Processing, Vol. 47, No. 5, pp.
1304-1313,May 1999.

[6] Gatea, S. M., "A Multi Transform Based
Dynamic Time Warping | solated Word Speech
Recognition  System”, M.Sc.  Thesis,
University of Baghdad, Electrical Engineering
Department, April 2010.

[7] Geronimo, J., Hardin, D., & Massopust, P.,
"Fractal Functions and Wavelet Expansions
Based on Severa Scaling Functions', J
Approx. Theory , Vol.78, No.3, PP.373-401,
1994,

[8] Alwan, I.M.)"A Proposal Multicircularlet
Mixed Transform and Its Application for
ImageCompression”, M.Sc.Thesis, University
of Baghdad, Electrical Engineering
Department, 2009.

[9]Saleh, Z.J.,, “Video Image Compression Based
onMultiwavelets Transform”, Ph.D. Thesis,
University of Baghdad, Electrical Engineering
Department, June 2004.

[10]Mahmoud, W.A. &Ramahi, N., “The Walidlet
Transform”, Proceeding of 1%International
Conference of Digital Communication and
Computer Application , PP. 382-387, Jordan,
2007

A dil) iy gadl) aladiuly i gal) (e sl gual) A) 3|
al ol QA e el gl a3l

_rAadAl)

(mixed transforms) ddadall <3 saill (e g ez 5 cCaaall la b
el aj)lss ae (dantlet) disedl dassis (multicircularlet)  dissi o men gl Jualad)
o Gisall G slinsall Qi Jie 2SI JSLEe da dal (e A83 51 Aalall @Bl el s, (threshol ding)

5N Ay sadi e Adadladll

(DWT) adaiall day gall i gad aladiady 23S (ga elia guall A1 5Y dalall a3 ) ) (i je o5 and) 124 b
i) Al Ale Cadl okt da il ddaglall Ol sl aladiuly elia guall Gl dalal) 4 ) &) Ll
Jare Gl JMA e ikl (s elaY) a5 el gaall A1) 8 Adadald) Bl saill 5 adatiall Aoy gl g
Gyl ) (i Lo Jsaad) &5 A Jiall 25 (PSNR) (MSE)

NUCEJ Vol.16 No.1

eckiall Ay sall s pa (3o Jaadl Al

Speech Denoising 8



