
Abstract
The wavelet transform is the efficient transform of the last 
decade. The scalar wavelet transform has been widely used 
in many applications like signal denoising, Image compression 
and in medical applications. For best performance in these 
applications, wavelet transforms require filters that combine 
a number of desirable properties such as compact support, 
regularity, orthogonality and symmetry. Due to many constraints 
in implementation scalar wavelets do not possess all the 
properties which are needed for better performance in 
denoising. This leads to the evolution of the new chapter of 
wavelet called ‘Multiwavelets’ which possess more than one 
scaling filters overcomes this problem. The research in this 
domain is just started in simulation level. The CL Multiwavelet 
is the most common Multiwavelet used in the area of signal 
processing applications. In this paper, CL Multiwavelet is used 
with soft thresholding by Universal threshold selection rule for 
denoising the real time signals. This approach is incorporated 
with time domain and frequency domain analysis. Results 
are measured objectively by Signal to Noise Ratio (SNR) and 
Minimum Mean Square Error (MMSE). Overall results indicate 
that the tested signals have good enhancement quality when 
compared with existing methods. 
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I. Introduction
The interest in the field of speech enhancement [9] emerges from 
the increased usage of digital speech processing applications 
like mobile telephony, digital hearing aids and human-machine 
communication systems in our daily life. Speech enhancement 
includes improving the speech quality, its intelligibility and 
reducing listener’s fatigue. So speech enhancement can be 
carried out by denoising. Denoising is to reduce noise levels 
while the signal degradation is minimized. As noise is found 
in everywhere and usually corrupted with signals, denoising is 
important and useful in many engineering applications. Among 
the existing denoising algorithms, wavelet denoising algorithms 
(Thresholding is applied on the wavelet coefficients.) are the 
most common approaches for denoising because wavelets 
exploit both the time and the frequency domain information of 
signals and hence wavelet denoising approaches can achieve 
good performances. In the past, many researches studied 
the effects of various thresholding functions on the denoising 
performances. Nowadays, soft thresholding wavelet denoising 
methods are well understood and widely applied to images, 
ECG signals and speech signals. Although scalar wavelets are 
widely employed for signal processing, it is difficult for scalar 
wavelets to achieve many properties suited for signal processing 
applications simultaneously. 

Multiwavelets [12] constitute a new chapter which, in recent 
years, has been added to wavelet theory. They can be seen as 
vector-valued wavelets that satisfy conditions in which matrices 
are involved, rather than scalars, as in the wavelet case. This 

is an advantage, since it is possible to construct multiwavelet 
bases possessing several properties at the same time, for 
example orthogonality and symmetry, short support and a 
high number of vanishing moments. The first construction of 
polynomial multiwavelets was given by Alpert, who used them 
as a basis for the representation of certain operators. Later, 
Donovan, Geronimo, Hardin, and Massopust [3] constructed 
a multiscaling function with two components using fractal 
interpolation.

At present, the most commonly used method for noise 
suppression is wavelet denoising. Wavelet analysis, famous for 
its multi-resolution analysis (MRA), can usually give good results 
in signal processing. However, in practical application, there still 
exist some problems, of which the well-known is the selection of 
wavelet basis function. The selection of wavelet basis function 
is application dependent, mainly based on waveform matching, 
and different wavelet basis function usually means different 
result. So the Multiwavelet selected for this application is the CL 
Multiwavelet [13] which is widely used in the signal processing 
applications. 

The outline of the paper work is organized as follows: first 
part of the paper discuss about the theoretical part of the 
Multiwavelets and details of CL Multiwavelet. The next part is 
about the pre processing [method applied for converting 1D 
data into matrix form and the wavelet thresholding techniques. 
The final part is the implementation of the Signal Denoising 
with Soft Threshold by Using Chui-Lian (CL) Multiwavelet.

II. Multiwavelets
The wavelet transform is a type of signal transform that is 
commonly used in image compression. A newer alternative 
to wavelet transform is the Multiwavelet transform [4]. 
Multiwavelets [1] are very similar to wavelets but have some 
important differences. In particular, whereas wavelets have 
an associated scaling function Φ (t) and wavelet function Ψ(t), 
Multiwavelets have two or more scaling and wavelet functions. 
For notational convenience, the set of scaling functions can 
be written using the vector notation Φ (t) = [Φ1 (t), Φ2 (t)…, Φr 
(t)] T, where Φ (t) is called the multiscaling function. Likewise, 
the Multiwavelet function is defined from the set of wavelet 
functions as Ψ (t) = [Ψ1 (t), Ψ2 (t)…, Ψr (t)] T. Called a scalar 
wavelet, or simply wavelet where r = 1, Ψ (t) [10]. While in 
principle r can be arbitrarily large, the Multiwavelets studied 
to date are primarily for r = 2.

The Multiwavelet two-scale equations resemble those for scalar 
wavelets

                                             (1) 

                                          (2) 
However, that {Hk} and {Gk} are matrix filters, i.e., Hk and Gk 
are r x r matrices for each integer k. The matrix elements in 
these filters provide more degrees of freedom than a traditional 
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scalar wavelet. These extra degrees of freedom can be used to 
incorporate useful properties into the Multiwavelet filters, such 
as orthogonality, symmetry, and high order of approximation [2]. 
The key idea is to figure out how to make the best use of these 
extra degrees of freedom. Multifilter construction methods 
are already being developed to exploit them. The filter bank 
representation is also mostly unchanged, except now the input 
and output of every branch in multifilter bank is a vector. This 
can be easily understood from Fig.1 which shows the analysis 
(H and G multifilters) and synthesis (HT and GT multifilters) 
stages of a single level multifilter bank.

Fig. 1: Single level Multifilter Bank

Algorithms based on scalar wavelets [3] have been shown to 
work quite well in image compression and signal denoising. 
Consequently, there must be some justification to use 
Multiwavelets in place of scalar wavelets. Some reasons 
for potentially choosing Multiwavelets are summarized as 
follows.

The extra degrees of freedom inherent in multiwavelets can 
be used to reduce the restrictions on the filter properties. 
For example, it is well known that a scalar wavelet cannot 
simultaneously have both orthogonality and symmetric 
property. Symmetric filters are necessary for symmetric 
signal extension, while orthogonality makes the transform 
easier to design and implement. Also, the support length and 
vanishing moments are directly linked to the filter length for 
scalar wavelets. This means longer filter lengths are required 
to achieve higher order of approximation at the expense of 
increasing the wavelet’s interval of support. A higher order of 
approximation is desired for better coding gain, but shorter 
support is generally preferred to achieve a better localized 
approximation of the input function. In contrast to the limitations 
of scalar wavelets, Multiwavelets are able to possess the best 
of all these properties simultaneously. 

III. Chui-Lian (CL) Multiwavelet
According to the definition of Daubechies wavelet, the multi-
wavelet in the interval [0, 3] can be known as CL4 multi-wavelet, 
whose filter length is 4. CL multi-wavelet [5] with smoothness, 
compact support, symmetry and orthogonality together has two 
scale functions and two wavelet functions. They are shown in 
the Fig.2 and 3 respectively. 

(a) 

(b)

Fig. 2: CL pair of scaling functions

(a) 
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(b)
Fig. 3: CL pair of wavelet functions

The properties of CL [6] Multiwavelets are described below
1. They have short support in the interval [0, 2].
2. All integer translate of scaling functions are orthogonal.
3. The system has second order of approximation (constant 

and linear functions can be represented exactly by a linear 
combination of translates Φ1 (t − k), Φ2 (t − k), k Є Z).

The shape of the CL Multiwavelet is in such a way that it is 
well suited to the real time speech processing applications [5]. 
Thus the CL Multiwavelet is selected in this paper for signal 
denoising with soft threshold.

IV. Preprocessing
Unlike single-wavelet system, multi-wavelet system is a 
multi-input and multi-output system. Before dealing with the 
signal, initial data needs to be vectorized, that is to say, the 
pre-processing of signal. And after the reconstruction of the 
signal, the data should be restored to the original dimension 
data. Because the different pre-processing methods have great 
impact on the effect of multi-wavelet processing signal, the 
selection of the pre-filter must rely on the multi-wavelet.

A. Types of Prefilters
There are many prefilters [7] available for various applications. 
The aim is to choose the best prefilter suitable for signal 
compression application. In this paper three types of prefilters 
are analyzed and the one prefilter is chosen as per the 
requirement. The three types of prefilters are

     (1) Repeated Row Preprocessing 
     (2) Prefilter with Good Multifilter Properties 
     (3) Embedded Orthogonal Symmetric Prefilter Bank 

B. Repeated Row Preprocessing
In this case [11] the input length-2 vectors are formed from 
the original time series via    

                                                     (3) 

Where, k= 0, 1…, N-1and α is a constant; it is typically chosen 
so that if    Xk = C = const, for all k, then the output from the 
high-pass multifilter is zero. This can always be done if the 
system has approximation order higher than zero. For this case, 

we get α = 1/sqrt (2).The output from the low-pass multifilter 
is simply a scaled version of the input. Obviously repeated row 
preprocessing doubles the number of input data points.

V. Wavelet Denoising
Removing noise components by thresholding [8] the wavelet 
coefficients is based on the observation that in many signals 
(like speech), energy is mostly concentrated in a small number 
of wavelet dimensions. The coefficients of these dimensions are 
relatively large compared to other dimensions or to any other 
signal (especially noise) that has its energy spread over a large 
number of coefficients. Hence, by setting smaller coefficients to 
zero, one can nearly optimally eliminate noise while preserving 
the important information of the original signal.

A. Wavelet Thresholding Techniques
Let T denote the given threshold. The soft thresholding [10] 
is defined by

                              (4) 
For the hard thresholding

                                                               (5) 
There are two types of thresholding techniques applicable 
to speech processing which are Hard Thresholding and soft 
thresholding. In hard thresholding all coefficients below 
a predefined threshold value are set to zero. But, in soft 
thresholding where in addition the remaining coefficients 
are linearly reduced in value. So here in this method soft 
thresholding is applied with sure selection rule.

1. SURE Threshold Selection Rule
The SURE method (Donoho, 1995; Donoho and Johnstone, 
1995; Johnstone and Silverman, 1997) uses the value T. Note 
that the range over which the SURE threshold is considered is 
based on a maximum value equal to the universal threshold, 
so that the SURE threshold is always less than the universal 
threshold. Thresholding can be done universally across all 
wavelet decomposition levels, referred to as level-independent 
thresholding, or else the threshold level can be varied at each 
level, level-dependent thresholding. In this case, the above 
formulas still apply, but with a level dependent threshold Tm 
calculated at each level using a scale-dependent variance 
estimate.

VI. Proposed Method
The first and foremost step in the design of the Signal denoising 
using DMWT is choosing the multiwavelet with respect to 
specific application. From the section III, it is proved that DGHM 
is the best suited Multiwavelet for this application followed by 
the selection of the vector wavelet, the choosing of prefilter.  
Thus from the three prefilter discussed in the section IV the 
repeated preprocessing is found to the best as it is less complex 
compared with other prefilters. Once the selections are over, 
the thresholding is applied with appropriate selection rules. 
Along with decomposition, reconstruction is also taken care 
for the design to get back the original signal.

The block diagram for signal denoising using 1D DMWT is 
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designed and it is shown in the Fig.4.

Fig.4: General Block diagram for 1D Discrete Multiwavelet 
Transform 

The input signal is first preprocessed by repeated preprocessing 
method. Thus the signal has got converted in to vector form. 
The preprocessed signal is then applied with forward Discrete 
Multiwavelet Transform using CL Multiwavelet [14].  From the 
obtained coefficients, the conditioning algorithm has to be 
applied. Thus conditioning algorithm is a wavelet denoising. It 
is applied by using the soft thresholding technique with SURE 
threshold selection rule. Thus this architecture is developed 
in such a way that its suits for wider applications. After the 
conditioning algorithm, the inverse transform is applied. Thus 
from the obtained coefficients repeated row post processing 
is applied. By this a denoised signal is obtained based on 
thresholding level. The whole process shown in the Fig.4 is 
implemented using Matlab.

VII. Objective Measure Evaluation
Objective Quality measures provide a measure based on a 
mathematical comparison of the original and processed speech 
signals that can be easily implemented and reliably reproduced 
using Matlab.

 A. Signal to noise ratio
The global SNR values are determined by the ratio of square 
of clean speech to the square of the difference between the 
clean speech and the enhanced speech. If the summation is 
performed over the whole signal length, the operation is called 
as global SNR. The SNR in dB is given by, 

B. Minimum Mean Square error (MMSE)
Mean Square Error (MSE) is defined as to be the average power 
of the difference between the enhanced speech and clean 
one. The objective of any speech enhancement system is to 
minimize this MSE.

VIII. Results and Discussion
The proposed method is evaluated using natural Speech 
corrupted by white noise, pink, burst noise and speech recorded 
in real environments (cellular). The speech data are sampled at 
8 KHz. A clean sentence from the TIMIT and CSLU database and 
is corrupted by different noises for various SNR ranging from 
-10 to 10 dB are considered as noisy input speech. To evaluate 
the system performance, objective method was employed. In 
the objective tests, output SNR improvement of the proposed 
system was computed and compared to that of state-of-the-
art algorithms.

From the Fig.5, by comparing the results with the clean signal, 
the enhanced signal using sure threshold is almost similar. 
Fig.6 shows the obtained output SNR for different noisy inputs. 

It is clear that for all noise conditions the output SNR is high as 
compared with existing methods. In Fig.7, the MMSE values for 
various noises ranges are shown. It is known that the MMSE 
values are close to zero, so the output signal is almost similar 
to the clean signal. By referring table 1 it is concluded that 
the proposed method gives better SNR improvements than 
other wavelets.   

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
-1

0

1
C lean s ignal for reference

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
-1

0

1
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0 2000 4000 6000 8000 10000 12000 14000 16000 18000
-0.5

0

0.5
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Fig.5: (a) pink_stat_clean0db –Clean Signal b) pink_stat_
clean0db –Noisy Signal c) pink_stat_clean0 db –Denoised 
Signal

Fig.6: SNR for various Noisy inputs ranges from -10dB to 
10dB

Fig.7: MMSE for various Noisy inputs ranges from -10dB to 
10dB

Table.1: Multiwavelets Compared with Scalar Wavelets
Types of Wavelet SNR in dB
db4 4.382
db20 4.561
Coif4 5.374
Sym8 4.554

CL  (Multiwavelet) 7.932
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The objective of this work is to enhance the noisy speech signal 
using CL Multiwavelet with soft threshold method in real time 
mobile speech communication. The noise is estimated and 
threshold is done according to the estimated noise. Denoising 
is done for both stationary and non-stationary signals with 
different noise levels. Various noises like white Gaussian , pink  
, HF channel and babble noise at SNR levels from -10 to +10 
dB were added to the sentences using Speech demo software. 
Signal-to-noise ratio (SNR) and MMSE were used as objective 
measurements criteria for all the samples. The competency of 
the proposed system to extract a clear and intelligible speech 
from various adverse noisy environments in comparison with 
other well-known methods has been demonstrated through 
objective measurement. The quality and intelligibility tests 
proved that the enhanced speech and clean speech have better 
similarities on time and frequency domain analysis. In spite of 
the powerful performance for additive white noise case, the 
proposed method produces better performance in real time 
noisy environment like cockpit and car noise etc. Thus in real 
time system also it provides noiseless speech that is evident 
from the MOS value. Further this algorithm can be implemented 
in FPGA to increase the efficiency.
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