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Abstract— In mixtures of speech signals the energy content of the components of the mixture is important and
determine the structure of the mixture. Energy contents of signals are better shown when time-frequency or
time-scale planes are used. In this paper we present a comparison of wavelet transform (WT) and short time
Fourier Transform (STFT) in spectral analysis of speech signals. We will show in wavelet domain, speech
signals are very uncorrelated and sparsity of signal is increased.
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1 Introduction

Blind source separation problem is relatively new
and an important signal processing issue. It involves
recovering unknown sources by using only mixtures
of them [1]. Generally it is assumed that sources are
statistically independent from each other and at
most one of them could be Gaussian [2]. Recently,
time-frequency representation (TFR) algorithms
have been developed by many researchers [3]
which in many cases could be considered as very
powerful signal processing tools. In [1] and [4]
wigner-ville representation is used to separate up to
three speech signals from single observed mixture.
They assumed that the time-frequency signatures of
sources are disjoint. In [5] it is assumed that speech
signals are windowed disjoint orthogonal in time-
frequency and can separate speech sources from
two mixtures of speech signals. In [6] and [7] it is
assumed that speech and music representations are
sparse and using frequency domain analysis, speech
signal is separated from music. In [8] a solution for
the blind source separation problem by shifting the
problem to time-frequency domain and applying
independent component analysis (ICA) algorithm is
presented. In [9] using STFT, an algorithm is
proposed for separation of heart beat cycles. Other
time-frequency methods have been developed
during the past decades applicable to different

fields. One can find most of them with detailed
references in [10], [11], [12], [13].

2 Backgrounds

2.1 Time-Frequency

In many applications such as speech processing,
we are interested in the frequency content of a
signal localized in time. The reason is that the
signal parameters such as frequency content change
over time. In other words these signals are non-
stationary. For a non-stationary signal, s(f), the
standard Fourier Transform is not useful for
analyzing the signal. Information which is localized
in time such as spikes and high frequency bursts
cannot easily be detected from Fourier Transform.
Time localization can be achieved by first
windowing the signal so as to cut off only a well-
localized slice of s(f) and then taking its Fourier
Transform. This gives rise to the short time Fourier
Transform or windowed Fourier Transform. The
magnitude of the STFT is called spectrogram. The
Short Time Fourier Transform of a signal s(f) using
a window function w(?) is defined as :

S (r,0)=STFT (s(t)) = J.s(t)w -0/ (1)

As the window w() slides along the signal s(¢),
for each shift 7, the usual Fourier Transform of the
product function s(f)w(t-t) is calculated. In two
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dimensional plots of the spectrogram is made with
time on the horizontal axis, frequency on the
vertical axis and amplitude given by a gray-scale
colors. Therefore three dimensional plots are made
with the amplitude on the third axis.

2.2 Wavelets

Wavelets are a set of basis functions generated by
dilation and translation of a compactly supported
scaling function w;«(¢), and basis function ¢(%),
associated with an r-regular multi-resolution
analysis of L’(R). Many types of functions
encountered in practice can be sparsely and
uniquely represented in terms of a wavelet series
[14].

Wavelet transform method has received great deal
of attention over the past several years. The wavelet
transform is a time-scale representation method that
decomposes signals into basis functions of time and
scale, which makes it useful in applications such as
signal  de-noising, wave  detection, data
compression, feature extraction, etc. There are
many techniques based on wavelet theory, such as
wavelet packets, wavelet approximation and
decomposition, discrete and continuous wavelet
transform, etc. Wavelets are generated according to
the following equation from a mother wavelet as
[14]:

v 0=22"el - @

A wavelet system is a set of building blocks to
construct or represent a signal or function. It is a
two dimensional expansion set whose linear
expansion would be:
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s(t):ick(p(t —k)+ZZdj,ky/(2jt k) (3)
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Most of the results of wavelet theory are
developed using filter banks and in applications one
never has to deal directly with the scaling functions
or wavelets, only the coefficients of the filters in the
filter bank are needed. The wavelet decomposition
for three scales is shown in Fig. (1), where LP and
HP denote low-pass and high-pass filters

respectively.

{dy}

HP |—»

s(t) {d,}
— HP —>

A 4

A 4

{dy}
LP HP —»

A\ 4

Lp

4

@y}
LP —»

Fig. 1) Wavelet decomposition of a signal by filter banks

3 Discussions and Results

In this paper we compare the time-frequency and
time-scale features of speech signals by using short
time Fourier Transform and wavelet transform. We
will show that speech signals are more orthogonal
in WT domain than STFT domain and sparsity of
signal increases and therefore it is a better domain
for speech separation. We used about 100 speech
signal from TIMIT databases. Each signal is two
seconds long in time. Each signal is normalized for
unit energy and their averages are removed, then
spectrogram of signals are computed by utilizing a
hamming window that has 256 samples. Let s(¢) be
the signal and w(¢) be the hamming window, then
the spectrogram of the windowed signal is given
as:

S(z,) =|FFT{s(t)w(t - f)}|2 )]

The cross-energy of the windowed s,(¢) and si(¢) in
time-frequency domain is defined as :

g, :HEW. (r.oddo  (5)

where
E (r,0)=S (r,0)xS (7,0)
J i J

:{s, } [v } 6)
ikl NN J okl N xN

=S XS
|: ikl j’kl}NxN
With k=1,2,..,NandI[=1,2,..., N.

In equation (6), S,(t,0) is N dimensional matrix
and s, is its & row and /" column entry. Any non-
zero entries in matrix E;(t,0) means that both
signals s{#) and sj(¥) have considerable energies in
their corresponding TFR planes, and therefore we



5th WSEAS Int. Conf. on WAVELET ANALYSIS and MULTIRATE SYSTEMS, Sofia, Bulgaria, October 27-29, 2005 (pp31-35)

consider this location in the time-frequency plane as
a common energy location. The speech signals
shown in Fig. (2) are used for time-frequency
domain analysis as well. The spectrogram of the
speech signals are calculated according to equation
(4) and are shown in Fig. (3).
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Fig. 2) Eight of the speech signals used for analysis

Using equation (5), the cross-energies of each
signal in Fig. (2) with rest of the signals are
calculated, and results are shown in table (1) and
four of the cross-spectrogram of signals are shown
in Fig. (4). In table (1) every entry shows
percentage of cross-energies of two speech signals.
For example, g,;=1.2176 for i=2 , j=4 means that
s5(f) and s(¢) have %1.2176 cross-energy in time-
frequency plane. Note that table (1) would be
symmetrical about its diagonal, where for sake of
simplicity the lower part of the table is omitted.

Table 1) Percentage of cross-energy of speech
signals in TF domain

g, | =2 [j=3 /=4 [j=5 [Jj=6 [|j=1 [/=8

i=1 | 0297 | 0.369 | 0.940 | 0.287 | 0369 | 0.128 | 0.102
=2 | - 1.188 | 1.218 [ 0.103 | 1.188 | 0.130 | 0.137
=3 | - - 0.694 | 0.198 | 8.598 | 0.245 | 0.260
=4 | - - - 0.254 | 0.684 | 0.129 | 0.061
=5 | - - - - 0.195 | 0.290 | 0331
i=6 | - - - B - 0.245 | 0.259
=7 | - - - - - - 0317
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Fig. 3) spectrogram of speech signals shown in Fig. (2)
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Fig. 4) Cross-energy of signals shown in Fig. (2) in
STFT domain

We decompose speech signals in space-time by
WT and define energy of signal in scale ; as:

E,=Y|d, (7

d, = [ s, 0 (®)

The energy distribution in WT domain could be
calculated as:

2

2

E(j. k)=

©)

d,

Using Parsaval’s theorem, energy of the signal
could be computed using wavelet coefficients
according to equation (7). Time-scale distribution
of the energy of signals shown in Fig. (2) are
plotted in Fig. (5). We define cross-energy of S,(¢)
and S,,(f) in time-scale as:

Epn =D Y E, (k) (10)

J
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Where
En’m(.]’k) = En(J,k)XEm(],k)

- [e"»kl }NXN * [emakl }NXN (i

|: nkl mkl:|N><N
With k=7,2,..,Nand/=1,2,..., N.

In equation (11), E,(, k) is N dimensional matrix
and e, is its k™ row and /™ column entry. Any non-
zero entries in matrix E, ,(j,k) means that both
signals s,(?) and sy(f) have considerable energies in
their corresponding time-scale planes, and therefore
we consider this location in the time-scale plane as
a common energy location. The speech signals
shown in Fig.(2) are used for wavelet domain
analysis as well. The scalogram of the speech
signals are calculated according to equation (7) , (8)
and are shown in Fig. (5).
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Fig. 5) scalogram of speech signals shown in Fig. (2)

Using equation (10), the cross-energies of each
signal in Fig. (1) with rest of the signals are
calculated, and results are shown in table (2) and
four of the cross-scalograms are shown in Fig. (6).
In this table each entry shows percentage of cross-
energies of two speech signals. For example, &,
2=0.1080 for m=2, n=4 means that s,(r) and s.(¢)
have 90.1080 cross-energy in time-scale plane.
Again, the lower part of the table (2) is not shown.
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Fig. 6) Cross-energy of speech signals in wavelet domain

Table 2) percentage of cross-energy of speech
signals in wavelet domain

Emn n= n=3 n=4 n=5 n=6 n=7 n=8

m=1 ] 0.022 | 0.021 | 0.027 | 0.018 | 0.021 | 0.008 | 0.009
m=2 | - 0.035 | 0.108 | 0.009 | 0.035 | 0.007 | 0.007
m=3 | - - 0.022 | 0.013 | 0.296 | 0.005 | 0.009
m=4 | - - - 0.019 | 0.022 | 0.005 | 0.004
m=5 | - - - - 0.013 | 0.015 | 0.126
m=6 | - - - - - 0.005 | 0.009
m=7 | - - - - - - 0.013

4 Conclusions

As is stated, it is well knew that sparsity of
signals increase in wavelet domain. We have used
this characteristic in speech source separation. Both
in time-frequency and time-scale domains, cross-
energies of speech signals are calculated. We have
shown that cross-energies of speech signals have
less common regions in time-scale plane than STFT
time-frequency planes. The cross-energies of both
domains are summarized in tables (1) and (2) and
plotted in figures (4) and (6). By comparing these
tables and figures the difference are revealed. As
we see in table (2) the cross-energies have
decreased in wavelet domain which is direct
consequences of wavelet transform properties. We
can therefore state that orthogonality of speech
signals used in wavelet domain has increased and
sparsity of signals are better than STFT domain.
Therefore if wavelet domain is used in separation
problem, we can separate sources from mixtures
much better in wavelet domain than STFT.
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