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Application of wavelet packet analysis for speech
synthesis

Vaishali Jagrit, Subhra Debdas, Chinmay chandrakar

Abstract— Wavelets are mathematical functions that cut up data into different frequency components, and then study each component with a
resolution matched to its scale. They have advantages over traditional Fourier methods in analyzing physical situations where the signal contains
Discontinuities. Wavelet packet analysis is analysis the different entropy of voice signal.
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1 INTRODUCTION

avelets are functions that satisfy certain mathematical
Wrequirements and are used in representing data or other
functions .The fundamental idea behind wavelets is to
analyze[1,2] according to scale. Indeed, some researchers in
the wavelet field feel that, by using wavelets, one is adopting a
whole new mindset or perspective in processing data. Wave-
lets are functions that satisfy certain mathematical require-
ments and are used in representing data or other functions.
This idea is not new. Approximation using superposition of
functions has existed since the early 1800's, when Joseph
Fourier discovered that he could superpose sines and cosines
to represent other functions. However, in wavelet analysis, the
scale that we use to look at data plays a special role. Wavelet
algorithms process data at different scales or resolutions. If we
look at a signal with a large \ window," we would notice gross
features. Similarly, if we look at a signal with a small
\window," we would notice small features. The result in
wavelet analysis is to see both the forest and the trees, so to
speak. This makes wavelets interesting and useful. For many
decades, scientists have wanted more appropriate functions
than the sines and cosines which comprise the bases of Fourier
analysis, to approximate choppy signals . By their definition,
these functions are non-local (and stretch out to in unity).
They therefore do a very poor job in approximating sharp
spikes. But with wavelet analysis, we can use approximating
functions[3] that are contained neatly in finite domains. Wave-
lets are well-suited for approximating data with sharp discon-
tinuities. The wavelet analysis procedure is to adopt a wavelet
prototype function[4,5], called an analyzing wavelet or mother
wavelet. Temporal analysis is performed with a contracted,
high-frequency version of the prototype wavelet, while fre-
quency analysis is performed with a dilated, low-frequency
version of the same wavelet Because the original signal or
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function can be represented in terms of a wavelet expansion
(using coefficients in a linear combination of the wavelet func-
tions), data operations can be performed using just the corres-
ponding[6] wavelet coefficients. And if you further choose the
best wavelets adapted to your data, or truncate the coefficients
below a threshold, your data is sparsely represented. This
sparse coding[7,8] makes wavelets an excellent tool in the field
of data compression. Other applied fields that are making use
of wavelets include astronomy, acoustics, nuclear engineering,
sub-band coding, signal and image processing, neurophysiol-
ogy, music, magnetic resonance imaging, speech discrimina-
tion, optics, fractals, turbulence, earthquake-prediction, radar,
human vision, and pure mathematics applications such as
solving partial differential equations.

1.1 Discrete Wavelet Transform

Wavelets are functions that satisfy certain mathematical re-
quirements and are used in representing data or other func-
tions. The basic idea of the wavelet transform is to represent
any arbitrary signal ‘X’ as a superposition of a set of such
wavelets or basis functions. These basis functions are ob-
tained from a single photo type wavelet called the mother
wavelet by dilation (scaling) and translation (shifts).

Low frequencies are examined with low temporal resolution
while high frequencies with more temporal resolution. A
wavelet transform combines both low pass and high pass fil-
tering in spectral decomposition of signals.

1.2 Wavelet Packet and Wavelet Packet Tree

Ideas of wavelet packet is the same as wavelet, the only differ-
ence is that wavelet packet offers a more complex and flexible
analysis because in wavelet packet analysis the details as well
as the approximation are splited. Wavelet packet decomposi-
tion gives a lot of bases from which you can look for the best
representation with respect to design objectives. The wavelet
packet tree for 3-level decomposition is construct the
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best tree. Shannon entropy criteria find the information con-
tent of signal ‘S’

Entropy (S)=—>_ 5,2 log(S,”)

Information content of decomposed component (approxi-
mation and details) may be greater than the information con-
tent of components, which has been decomposed. In this pa-
per the sum of information of decomposed component (child
node) is checked with information of component.

2 WAVELET PACKET ANALYSIS

In wavelet analysis that every coefficient is associated with a
function either a scaling function or a wavelet function de-
pending on whether it is a “smooth’ or “detail” coefficient. In
the wavelet analysis the value are move from higher scale to
lower scale and the basic function do not change. In this anal-
ysis it can be split on detail coefficient lead to change in basis
set and these basis sets are called ‘wavelet packets’.

The 8 data on the leaf nodes having 8 coefficients. These 8
coefficients are associated with 8 different functions. The func-
tions associated with first two (on the left) are scaling and
wavelet function with which started. All others are complex
shaped function derived from wavelet function. This change
in shape poses a problem in interpretation of the original sig-
nal. Wavelet packet analysis leads to different basis function.

A sequence of function {Wkl}_gk=+»
WIOI as follows:

from a given function
WIIH)=0(t), WHI(t)=y(t)

J=scale parameter and k= translation parameter

WiALI(t) =(2t-K), Wisll(t)=p(2it-k)

This means
Wl (0) = (), WE®) = w(v)

wkn(e) = V25, RO WFI(2t — k)
W[2“+l](t) =2

2.1 Haar Wavelet Packates
Let n=0, W (t)= Haar scaling function &J(t),
o} = {=. =)

NENE

11
Vz2'vz

o) ={7.2} . (h(O} and{g(®)}

are Haar scaling and wavelet function filter coefficients.

wil(t) =2 Zh(k)W[O](Zt—k) =2 Zh(k)w(zr-k):w(zt)m(zr-n@(t)
k k

W) =42 ) gl 2-1) =42 ) 0=z~
k k

Now let n=1 in eq. (1.1) and (1.2),
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wi2ley = vz Z rCOWR (2¢ Colored Coefficients for Terminal Nodes
e

) VZ Z RO (28 — K
Kk

= P (2t)
+ Y (2t
— 1)
e (13)
W) =T ) oWzt ) =VE ) g2t I) = 8)- (2t~ 1)
k k o (14)

The plot of the function WIPI(t) and WEI(t).
Now, let n=2 in eq.(1.1) and (1.2),

whl() = \EZ h(k)Wr2t — k) = wBl 2t) + w2t - 1)
k

By equation (1.3),
W[4](t) — w(4t) + if)(ét _ 1) + w(4t _ 2) + w(4t _ 3) frequency ordered coefficients

wBl(t) = \/EZ gOwPl2t— k) =wbll2t-1)
k

...... (1.5)

By equation (1.3),

WEI) = p(at) + (4t — 1) — (4t — 2) — P(4t —3).
e n(1.6)

This process can be continued for n=co.
For any orthogonal wavelet system some condition are apply:

a{whomzte}

are of same length and they are orthogonal.

(2) A particular WIN(#) and its integer translate VINI(t—Fk)
are orthogonal.

3 ENTROPY ANALYSIS G G2 G G en s @D

Analyzed Signal : length = 411344 Packet: (1,1) or 2)
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Packet: (2,1) or (4)

Packet : (3,1) or (B)

Packet : (3,0) or {T)

Packet : {2,0) or (3)

.
-

Packet : {1,0) or {1)

4 CONCLUSION

In this paper, the Wavelet Packet Best Tree using Shannon
entropy has been presented. An extensive result has been tak-
en on different voice signal. The results of discrete wavelet
transform and the wavelet packet best tree are compared.
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