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Abstract
This paper presents a method that uses the multiwavelet transform in
compressing a noisy speech signal and then, testing its effect on the reconstruction of
noisy speech utterances after decompression. The ability of multiwavelet transform in
compacting signal energy is employed to separate the significant signal features from
the noise contribution. The proposed technique showed an improved SNR for the
processed speech samples. In each performed experiment, the correlation coefficients
are computed and compared to the correlation coefficient yielded by a similar
compression scheme based on the cosine transform. The use of the multiwavelet
based compression technique is superior in identification of noisy Arabic speech
utterance especially at high input SNR values.
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:اﻟﺧﻼﺻﺔ
ﯾﻘدم ﻫذا اﻟﺑﺣث طرﯾﻘﺔ ﺗﺳﺗﺧدم ﺗﺣوﯾل اﻟﻣوﯾﺟﺎت اﻟﻣﺗﻌدد ﻓﻲ ﺿﻐط إﺷﺎرة ﻛﻼﻣﯾﺔ ﺿوﺿﺎﺋﯾﺔ وﺑﻌد
ذﻟك ﯾﻘوم ﺑﺎﺧﺗﺑﺎر ﺗﺄﺛﯾرﻩ ﻋﻠﻰ إﻋﺎدة ﺑﻧﺎء ﻧطق اﻟﻛﻼم اﻟﺿوﺿﺎﺋﻲ ﺑﻌد إزاﻟﺔ اﻟﺿﻐط ﺗم اﺳﺗﺧدام ﻗﺎﺑﻠﯾﺔ ﺗﺣوﯾل
ﺗظﻬر اﻟﺗﻘﻧﯾﺔ.اﻟﻣوﯾﺟﺔ اﻟﻣﺗﻌددة ﻓﻲ ﺿﻐط طﺎﻗﺔ اﻹﺷﺎرة ﻟﻔﺻل ﻣﯾزات اﻹﺷﺎرة اﻟﻬﺎﻣﺔ ﻣن ﺗداﺧل اﻟﺿوﺿﺎء
 ﺗﺟرﺑﺔ ﺗم اﺧﺗﺑﺎرﻫﺎ ﺗم ﺣﺳﺎب ﻣﻌﺎﻣﻼت.اﻟﻣﻘﺗرﺣﺔ ﺑﺗﺣﺳﯾن ﻧﺳﺑﺔ اﻹﺷﺎرة إﻟﻰ اﻟﺿوﺿﺎء ﻟﻠﻌﯾﻧﺎت اﻟﻛﻼﻣﯾﺔ اﻟﻣﻌﺎﻟﺟﺔ
اﻻرﺗﺑﺎط و ﺗﻘﺎرن إﻟﻰ ﻣﻌﺎﻣل اﻻرﺗﺑﺎط اﻟﺗﻲ أﻧﺗﺟت ﻣن ﻗﯾل ﻣﺧطط ﺿﻐط ﻣﻣﺎﺛل ﻣﺳﺗﻧد ﻋﻠﻰ ﻋﻣﻠﯾﺔ ﺗﺣوﯾل
 إن اﺳﺗﻌﻣﺎل ﺗﻘﻧﯾﺔ ﺿﻐط اﻟﻣﻌﺗﻣد ﻋﻠﻰ ﺗﺣوﯾل اﻟﻣوﯾﺟﺎت اﻟﻣﺗﻌدد ﺳﺎﻋد ﻋﻠﻰ ﺗﻣﯾﯾز ﻧطق اﻟﻛﻼم اﻟﻌرﺑﻲ.ﻛوﺳﺎﯾن
. اﻟﻣﺷوﻩ ﺧﺻوﺻﺎ ﻓﻲ ﻧﺳﺑﺔ اﻹﺷﺎرة اﻟﺻﺣﯾﺣﺔ إﻟﻰ اﻹﺷﺎرة اﻟﻣﺷوﻫﺔ
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1. Introduction
Speech signals are one of the most important means of communication among
the human beings. The speech signal is a slowly time varying signal in the sense that,
when examined over a sufficiently short period of time, its characteristics are fairly
stationary; however, over long periods of time the signal characteristics change to
reflect the different speech sounds being spoken

[1]

. Consequently, speech signals are

represented in the time domain by relatively long sequences which reveal the speech
signal energy of the spoken utterances
Speech recognition is affected by noise. Therefore, the probability of detection
of an unknown sample within a library decreases as the noise power increases. This
means that comparisons of an unknown sample to samples that are very similar to
each other leads to a higher probability of error; consequently, to false recognition and
an increased error rate. Wavelet-based compression technique can be used to reduce
the effect of the noise in order to increase the probability of recognition of the input
sample [2]. In general, waveletbased processing techniques of noisy data are important
methods that can be applied in data analysis and of great significance in many
applications. Such as, signal identification, and pattern recognition. Speech
compression is important in mobile communications, to reduce transmission time, and
in digital answering machines [3].
An approximation of the speech signal after the compression can be
reconstructed by the inverse wavelet transform using a selected number of the wavelet
coefficients. Then, the cross-correlation is computed and used for performing speech
recognition.

2. Multiwavelet Transform
In multiwavelet transform, we use multiwavelet as transform basis. Multiwavelet
functions are functions generated from one single function ψ by scaling and
translation:
ψa,b(t)=

1
√a

﴾

ψa

t-b
a

﴿
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… (1)

The mother wavelet ψ (t) has to be zero integral, ∫ ψa,b(t)dt = 0. From (1) we
see that high frequency multiwavelet correspond to a > 1 or narrow width, while low
multiwavelet corresponds to a < 1 or wider width. The basic idea of

frequency

wavelet transform is to represent any function f as a linear superposition of wavelets.
Any such superposition decomposes f to different scale levels, where each level can
be then further decomposed with a resolution adapted to that level. One general way
to do this is writing

f as the sum of wavelets ψm,n(t)over m and n . This leads to

discrete wavelet transform:
ƒ(t) =∑ m,n ψm,n (t)

… (2)

By introducing the multi-resolution analysis (MRA) idea by Mallat

[3]

, in discrete

wavelet transform we really use two functions: wavelet function ψ(t) and scaling
function

φ(t). If we have a scaling function φ(t)∈L2(R), then the sequence of

subspaces spanned by its scaling and translations ψj,k (t)=2j/2 φ(2j t - k) , i.e
Vj = span { φj,k (t),j,k ∈ Z}

… (3)

Constitute a MRA for L2(R).
φ(t) must satisfy the MRA condition:
φ(t)=√2∑ h(n) φ(2t-2)

… (4)

For n∈Z. In this manner, we can span the difference between spaces V j by wavelet
functions produced from mother wavelet: ψ j,k (t)=2j/2 φ(2j t - k) Then we have:
ψ j,k (t) = √2∑ g(n) φ(2t-2)

… (5)

For orthogonal basis we have:
g(n) = (-1)n h(-n+1)

… (6)

If we want to find the projection of a function ƒ(t) ∈ L2(R) on this set of subspaces,
we must express it in e as a linear combination of expansion functions of that
subspace [4]:

∞

ƒ(t) =

∞

∞

Σc(t) φ(t)+ Σ Σ d(t) ψ

j,k

n= −∞

… (7)

n= −∞n= −∞

Where φk(t) corresponds to the space

V0 and ψj,k (t)

corresponds to wavelet

spaces.By using the idea of MRA implementation of wavelet decomposition can be
performed using filter bank constructed by a pyramidal structure of lowpass filters
h(n) and highpass filters g(n)[3, 4].
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3. General Procedures for Computing DMWT by Using a CriticallySampled Scheme of Preprocessing First and Second Levels
By using a Critically- Sampled Scheme of Preprocessing (approximation-based scheme of
Preprocessing), the DMWT matrix has the same dimensions of the input which should be a
square matrix N×N where N must be power of 2. Transformation matrix dimensions which
should be equal to image dimensions after preprocessing will be N×N for a CriticallySampled Scheme of Preprocessing.
There are two orders of approximation types of Critically- Sampled Preprocessing 1st
order and 2nd order approximations. For any N×N image matrix, 1st order approximationbased preprocessing can be summarized as follows where every two rows generate two new
rows [5].
a) For any odd-row,
φ2(1) [same odd-row] - φ2 (1/2)[next even-row]- φ2 (3/2)[previous even-row]
New odd-row =

φ2(1) φ1(1/2)
… (8)

b) For any even-row,

New even-row =

… (9)

Same even-row
φ2(1)

The above equations can be written a follows after substituting the values of φ1(1/2), φ2(1),

φ3(1/2) for 1st order approximation results:
New odd-row = (0.373615) [same odd-row] + (0.11086198) [next even-row]
+ (0.11086198) [previous even-row]
New even-row = (√2 -1) [same even-row]

… (10)
… (11)

nd

For 2 order approximation, Esq. (16) and (17) become,
New odd-row= (10/8√2) [same odd-row] + (3/8√8) [next even-row]
+ (3/8√2) [previous even-row]

… (12)

New even-row= [same even-row]

… (13)
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It should be noted that when computing the first odd row, the previous even-row in Esq.
(6) is equal to zero. In the same manner, when computing the last odd row, the next even-row
in Esq. (6) is equal to zero. The same thing is valid for Esq. (8).
It is obvious now why the dimension of the resulting matrix after approximation-based
preprocessing has the same dimension as before preprocessing.
The following procedure for computing DMWT by using approximation-based
preprocessing is valid for both 1st and 2nd order of approximation with one exception of using
Esq. (6) and (7) for 1st approximation preprocessing step and Esq. (8) and (9) for 2nd
approximation preprocessing step:

1. Checking image dimensions: Image matrix should be a square matrix, N×N matrix,
where N must be power of 2. So the first step of the transform procedure is checking
image dimensions. If the image is not a square matrix, some operation must be done
to the image like resizing the image or adding rows or column of zeros to get a square
matrix.
2. Constructing a transformation matrix: Using the transformation matrix (12) format,
an N/2×N/2 transformation matrix should be constructed using GHM low- and highpass filter matrices given in (5) and (6) respectively. After substituting GHM matrix
filter coefficients values as given by (13), an N×2N transformation matrix results with
the same dimensions as the input image matrix dimensions after preprocessing.
3. Preprocessing rows: Approximation-based row Preprocessing can be computed by
applying Esq. (16) and (17) to the odd- and even-rows of the input N×N matrix
respectively for the 1st order approximation preprocessing. For 2nd order
approximation preprocessing, Esq. (16) and (17) are replaced with Esq. (18) and (19)
for preprocessing for preprocessing the odd- and even-rows of the input N×N matrix
respectively. Input matrix dimensions after row Preprocessing is the same N×N.
4. Transformation of image rows : can be done as follows:

I. Apply matrix multiplication to the N×N constructed transformation matrix by
the N×N row preprocessed input image matrix.

II. Permute the resulting N×N matrix rows by arranging the row pairs 1, 2 and 5,
6… N-3, N-2 after each other at the upper half of the resultant matrix rows,
then the row pairs 3, 4 and 7, 8… N-1, N below them at the next lower half.
5. Preprocessing columns: to repeat the same procedure used in row preprocessing,
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I. Transpose the row transformed N×N matrix resulting from step 4.
II. Repeat step 3 to the N×N matrix (transpose the row transformed N×N matrix)
which results in N×N columns preprocessed matrix.
6. Transformation of image columns: Transformation of image columns is applied to the
N×N column preprocessed matrix as follows:

I. Apply matrix multiplication to the N×N constructed transformation matrix by
the N×N columns preprocessed matrix.

II. Permute the resulting N×N matrix rows by arranging the row pairs 1, 2 and 5,
6… N-3, N-2 after each other at the upper half of the resultant matrix rows, the
row pairs 3, 4 and 7, 8… N-1, N below them at the next lower half.
7. The final Transformed matrix: to get the final Transformed matrix the following steps
should be applied:

I. Transpose the resulting matrix from column transformation step.
Apply coefficients permutation to the resulting transpose matrix. Coefficients permutation is
applied to each of the basic four sub bands of the resulting transpose matrix so that each sub
bands permute rows then permute column. The final DMWT matrix using approximationbased preprocessing has the same dimensions, N×N of the original image matrix. The

wavelet transform is applied to an input signal at different levels. This is often known
as the analysis stage. After passing the signal through the first level filters, the
corresponding wavelet coefficients are generated. The coefficients are represented by
two sequences. The first sequence corresponds to the low frequencies of the signal,
while the second sequence represents the high frequency components.
Similarly, the multiwavelet coefficients of the second level are computed, but
taking the low frequencies sequence of the first level as an input to the second stage of
the wavelet structure. Fig.(1) Shows the time multiwavelet form of the speech signal
corresponding to the sounds in the phrase, and its wavelet transform at the first and
second
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levels.

Figure (1): Speech signal sample and its multiwavelet transform at the first and
second levels.

In a similar fashion, the transformation process continues until the desired
multiwavelet transform level is reached. The number of levels the transformation can
take place is depending on the signal size. The first level of the multiwavelet
transform is known as the finest scale and the last level in the decomposition is known
as the coarse scale.

4. Multiwavelet Compression computation
The energy compaction feature of the WT plays an important role in the
performance of many of the multiwavelet-based processing techniques. A waveletbased compression technique works well because the wavelet transform compresses
most of the signal energy in a restricted number of large coefficients [4], [8], [9], [10].
In other words, the wavelet transform represents the signal low frequencies with few
large coefficients, while it represents the high frequency components by different
coefficients [8], [9], [10]. Since noise is related to high frequencies, its effect can be
diminished by suppressing the terms associated with these components. After
restoring the signal using only the coefficients corresponding to the low frequencies,
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two goals can be achieved. First, the signal can be packed with high compression
ratios. Second, the signal corrupting noise can be reduced to a minimum level by
using an over-sampled scheme of preprocessing (repeated row preprocessing), the
DMWT matrix is doubled in dimension compared with that of the input which should
be a square matrix N×N where N must be power of 2. Transformation matrix
dimensions equal image dimensions after preprocessing. To compute a single-level 2D Discrete Multiwavelet Transform, the next steps should be followed:
The compression ratio (CR) is defined as
CR =

L( f (x))

… (14)

L(g(x))

Where L is the length of the processed speech signal.
Since the reconstructed signal represents a portion of the original signal,
equation (6) can be rewritten as
1
CR 1=
Cp
Where CP is the compression percentage of the retained coefficients.

… (15)

4. System Results
The detection of a noisy speech sample using multiwavelet-based compression
technique to reduce the noise effect was used in the identification of unknown speech
signal. Fig.(2) illustrates the time multiwavelet forms of three speech utterances that
were used in the demonstration of the technique discussed in this paper. The first
multiwavelet form represents one of the letters of the "ba" spoken by one speaker.
The second multiwavelet form is corresponding to the word "As-salah", (means: pray)
as spoken by a second speaker, and the third waveform is corresponding to the sound,
"Muhamed", (means: name of prophet) as delivered by a third speaker.
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Figure (2): The time waveforms of the speech samples used in the analysis.

For each speech signal used in the analysis, the multiwavelet transform from
the fine scale to the coarse scale was computed to generate the wavelet coefficients of
the entire signal. The Coiflet multiwavelet basis [4], of order: 5 were used as the
mother multiwavelet for the analysis of all the speech signals.
The input speech sample was corrupted with a noise signal of Gaussian
distribution. The simulation was performed at different signal to noise ratio values.
After the completion of each experiment, the correlation coefficient between the
original sample and the reconstructed sample was computed. At each SNR value, the
procedure was repeated for compression ratio values that fall in the range (5.00–
100.00). Fig.(3) represents typical results of using the second utterance of Fig.(2) in
the analysis of the compression technique discussed earlier with an input SNR value
of 30 and a at compression ratio of 67.79 (corresponding to retaining 11% of the
wavelet coefficients). The subplots of Fig.(3) from left to right and from top to bottom
are representing: (1)the original, (2)noisy, (3)restoration after the wavelet compression.

9

Figure (3): The Multiwavelet forms of a sample speech signal: the original, noisy,
reconstruction after Multiwavelet
It can be noticed from the multiwavelet forms that the noise level was reduced
from the input sample using the multiwavelet-based compression technique. Visually
it is apparent that the restored speech signal after the wavelet compression resembles
the original signal. The error associated with this method is much less than the error.
The computations using the two compression methods at different values of
the compression ratio are tabulated in Table (1). It can be noticed that the correlation
coefficient was improved using the wavelet and the DCT techniques. It can be also
observed that as the noise power increases, the wavelet compression technique,
performed much better than the DCT technique in improving the correlation
coefficient value. This improvement can lead to enhancements in the identification
and recognition of the input speech signal.
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Table (1): Performance of restoring the second utterance with an input SNR=30.

Compression
Ratio (CR)

MSE (× 10 -4)

SNR

Correlation Coefficient
(× 10 -2)

Multiwavelet

DCT

Multiwavelet

DCT

Multiwavelet

DCT

5.00

2.58

6.38

49.8

20.1

99.01

97.50

6.25

2.25

7.25

57.1

17.7

99.13

97.15

7.69

2.00

8.24

64.4

15.6

99.23

96.75

8.33

1.94

8.66

66.3

14.8

99.25

96.57

10.00

1.94

9.84

66.3

13.1

99.25

96.10

12.50

2.39

11.7

53.8

11.0

99.07

95.34

14.29

2.94

13.0

43.7

9.9

98.85

94.81

16.67

3.72

14.8

34.6

8.7

98.54

94.06

20.00

4.90

17.4

26.2

7.4

98.07

93.00

25.00

6.72

21.1

19.1

6.1

97.35

91.42

50.00

15.0

35.3

8.6

3.6

93.98

85.17

100.00

27.9

51.3

4.6

2.5

88.51

77.51

The graph of the SNR values as a function of the percentage of retained
coefficients is plotted in Fig.(4). The chis showing an essential improvement in the
signal identification as the number of retained coefficients is decreased. This is due to
the suppression of the of the noise contributing coefficients. It is observed that
retaining about 10% of the coefficients yields the maximum SNR value, but by
constructing the signal from a number of coefficients fewer than this percentage, the
SNR value starts to fall down again; and hence the reconstructed speech signal is
degraded. It can be also noticed from the graph that the results of using the waveletbased compression are showing superiority when compared to the DCT.
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Multiwavelet

DCT

Figure (4): Graph of SNR versus percentage of retained coefficients using
multiwavelet and DCT.
The graph of the output SNR values versus the percentage of the retained
wavelet coefficients at different values of the input SNR (5, 10, 15, and 20) is
depicted in Figure (5).

Figure (5): SNR as a function of the percentage of the retained
Multiwavelet coefficients at different input SNR (5, 10, 15, and 20) using the
second utterance.
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It can be noticed form the graph that the compression technique improved the
output SNR at a certain percentage value of the retained wavelet coefficients (∼5 –
10%). At a certain level of the input SNR, increasing the value of the percentage of
the retained wavelet
Coefficients, leads to degradation in the reconstructed signal, because of the
increase in the noise power contribution to the speech signal. The correlation
coefficient as a function of the input SNR before and after the wavelet compression of
the second utterance is depicted in Fig. (6).

Figure (6): Graph of the Correlation coefficient versus SNR using the second
utterance.

The graph shows an improvement in the detection of the input utterance after
compression. The plot also illustrates that as the noise power that affects the speech
signal is low, in other words at high SNR values, the correlation coefficient is near
unity. This leads to better recognition and identification of the input speech signal. It
can be also noticed that as the noise power increases, the signal identification starts to
drop down. In general, the results out of the wavelet-based compression technique
showed superiority when compared with the results of speech signal recognition of
the noisy sample especially at low SNR values.
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5. Conclusion
In this paper, the identification of noisy Arabic speech utterances using
multiwavelet-based compression approach was investigated to study its effect on the
speech recognition. The results showed an improved performance using this method
when compared to the DCT compression technique. This is concluded from observing
the increase in the overall SNR of the signal processed by the wavelet technique in
comparison to either the signal before processing, or the signal processed using the
DCT. The results showed an improved detection at high noise levels when the wavelet
scheme is used over the DCT method. The experiments of the wavelet compression
technique showed superiority in recognizing the speech signal when compared with
the results of identification of the noisy speech signal especially at low SNR values.
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