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A WAVELET-BASED FILTRATION METHOD OF NOISY TECHNOLOGICAL
ACOUSTIC AND SPEECH SIGNALS
In this paper a wavelet-based denoising algorithm applied to technological acoustic and speech
noisy signals is proposed. The analysis is done by applying discrete wavelet transform to
technological acoustic and speech noisy signals and applying new denoising method for
reconstruction of wavelets. The analysis is verified through simulation studies.
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Introduction
In order to eliminate noise within the passband of the signal, various denoising algorithms
have been proposed [1–5]. A comparative simulation study of wavelet based denoising algorithms
is done in [6]. A novel denoising approach to photoacoustic signals is proposed in [7]. In this paper
a new wavelet based denoising method of technological acoustic and speech signal processing is
proposed. The proposed wavelet denoising method has the advantages of fast computing speed
and a wide range of adaptability.
A review of discrete wavelet transform and problem statement
Traditionally the acoustic signals are analyzed in the frequency domain using Fourier
transform. This technique, though providing interesting results, has major limitations due to the
so-called time-frequency ambiguity. Large time windows produce better frequency resolution, but
at the cost of a coarse time resolution (a problem for non-stationary signals), whereas the reverse
is true for small moving windows. Therefore it is impossible to clearly resolve simultaneously
high- and low-frequency events in a single analysis. Considering seismic signals are very complex
and occur in a wide spectral range, this is a significant limitation. Discrete Wavelet Transform
(DWT) offers the following advantages: (1) resolves the time-frequency ambiguity; (2) analyses
multiple scales with suitable windows enhancing phenomena on each scale; (3) allows for the use
of base functions different from sin/cosine waves, and (4) can be computed efficiently via a fast
recursion of convolution decimation operations. The discrete wavelet transform is defined as:


d j , n   x(t ),  j , n (t )    x(t )  j , n (t ) dt


(1)

Where the mother wavelet function  j , n (t ) is defined as:

 j , n (t )  a0  j / 2 j , n (a0  j t  nb0 )

(2)

a 0 and translation b0 parameters are specifically chosen such that  j , n (t )
constitute orthonormal bases with a0  2 and b0  1 [8–10]. So we have:
The scaling

 j , n (t )  2  j / 2  j , n (2  j t  n)

(3)

Using equation (1), the orthonormal wavelet transform is thus given by:
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d j , n   x(t ),  j , n (t )   2  j / 2  x(t )  j , n (2  j t  n) dt


(4)

The inverse discrete wavelet transform is given by:
J

N

x(t )   d j , n j , n (t )

(5)

j 1 n 1

The discrete wavelet transform (DWT) is computed by successive lowpass and highpass
filtering of the discrete time-domain signal as shown in fig. 1. This is called the Mallat algorithm
or Mallat-tree decomposition. Its significance is in the manner it connects the continuous-time
multiresolution to discrete-time filters. In the figure, the signal is denoted by the sequence x[n],
where n is an integer. The low pass filter is denoted by G0 while the high pass filter is denoted by
H0. At each level, the high pass filter produces detail information, d[n], while the low pass filter
associated with scaling function produces coarse approximations, a[n].

Fig. 1. Three-level wavelet decomposition tree
At each decomposition level, the half band filters produce signals spanning only half the
frequency band. This doubles the frequency resolution as the uncertainty in frequency is reduced
by half. In accordance with Nyquist’s rule, if the original signal has a highest frequency of ω,
which requires a sampling frequency of 2ω radians, then it now has a highest frequency of ω/2
radians. It can now be sampled at a frequency of ω radians thus discarding half the samples with
no loss of information. This decimation by 2 halves the time resolution as the entire signal is now
represented by only half the number of samples. Thus, while the half band low pass filtering
removes half of the frequencies and thus halves the resolution, the decimation by 2 doubles the
scale. With this approach, the time resolution becomes arbitrarily good at high frequencies, while
the frequency resolution becomes arbitrarily good at low frequencies. The filtering and decimation
process is continued until the desired level is reached. The maximum number of levels depends on
the length of the signal.
The DWT of the original signal is then obtained by concatenating all the coefficients, a[n]
and d[n], starting from the last level of decomposition. Fig. 2 shows the reconstruction of the
original signal from the wavelet coefficients.
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Fig. 2. Three-level wavelet reconstruction tree
Basically, the reconstruction is the reverse process of decomposition. The approximation
and detail coefficients at every level are upsampled by two, passed through the low pass and high
pass synthesis filters and then added. This process is continued through the same number of levels
as in the decomposition process to obtain the original signal. The Mallat algorithm works equally
well if the analysis filters, G0 and H0, are exchanged with the synthesis filters, G1 and H1.
The article provides a method of stimulating discrete Velvet transformations of the filtration
of acoustic signals from the noise.
The proposed method
Wavelet transform has a concentrated ability and it can concentrate the energy of signal onto
the wavelet coefficients [11]. The wavelet coefficients of signal are larger than the wavelet
coefficients of the noise in wavelet transform domain. Therefore, we can use threshold method on
the transform coefficients to remove noise. A seismic signal x(t ) can be modeled as the sum of a
noise process e(t ) and the part of the signal that describes the seismic event x(t ) :
x(t )  x(t )  e(t )

(6)

Describing it in terms of wavelets coefficients d j , n we use:

d j , n ( x(t ))  d j , n ( x(t ))  d j , n (e(t ))

(7)

Where j is the scale and n is the number of points in each scale. The goal is to minimize the
contribution of the noise process e(t). In the proposed denoising method of noisy seismic signals
the orthonormal discrete wavelet transform is used on noisy signals and the appropriate wavelet
as well as wavelet decomposition level j is selected. Then the wavelet decomposition on noisy
signal to level j is carried out and the corresponding wavelet coefficients are obtained. The
threshold quantification for wavelet coefficients under different decomposition scales is
conducted. The following threshold is used:

  d j , n
d j , n  

d j , n  

d j, n  , d j, n  0

(8)

otherwise

Where  is defined as follows:
J



N

 d
j 1 n 1

j, n

JN

(9)

The inverse discrete wavelet transform is carried out and the signal is reconstructed with
new wavelet coefficients processed in equations (8) and (9). We have the following equation:
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J

N

x(t )   d j , n j , n (t )

(10)

j 1 n 1

The proposed wavelet denoising method has the advantages of fast computing speed and a
wide range of adaptability. Therefore, this paper combines the wavelet transform method and
reconstruction algorithm together to achieve the denoising process of noisy seismic signals. That
is, first we can use the wavelet transform method to remove noise, and then apply the
reconstruction algorithm to its output denoising.
Simulation results
According to the new proposed method described in the above section, the simulation is
carried out on noisy technological acoustic and speech signals. The program has been written using
the MATLAB software. Fig. 3 and Fig. 4 show the noisy signals (signal 1 and 2) and the denoising
results using new proposed method simultaneously.

a

b

Fig. 3. Signal 1: noisy (red-a) and denoising (blue-b) result

a

b

Fig. 4. Signal 2: noisy (red-a) and denoising (blue-b) result

28

www.jpit.az

Problems of information technology, 2018, №2, 25–29
The results show that the proposed denoising algorithm can significantly decrease noises of
technological acoustic and speech signals and increase the signal-to-noise ratio of technological
acoustic and speech signals. The proposed algorithm has better performance than other algorithms
on wavelet based reconstruction and distortion corrections, and has the advantages of fast
computing speed and a wide range of adaptability.
Conclusion
In this paper, we proposed a new wavelet based denoising method which was developed by
combining wavelet transform with reconstruction algorithm. This novel algorithm was applied to
the noisy technological acoustic and speech signals. The analysis was done by applying discrete
wavelet transform to noisy technological acoustic and speech signals and applying new denoising
method, then reconstruction of wavelets. The analysis was verified through simulation studies
using MATLAB software. The proposed algorithm has better performance than other algorithms
on wavelet based reconstruction and distortion corrections, and has the advantages of fast
computing speed and a wide range of adaptability.
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