5b. Short-time analysis of
speech



Short time analysis of speech

Assuming a source/filter model of speech production, we can
consider the impulse response of the linear filter to be slowly
varying (changing every 50-100ms)
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Therefore the output speech s[n] is also slowly varying and thus it
IS common to process it in blocks (called frames) of around
10ms over which the speech waveform is considered to remain
stationary (properties are invariant with time).



Short-time signals

Any short-time analysis T{} of signal x[m] is preceded by a
windowing of the speech sequence.

1!
Xs=  T{x[mw[p! m]},

m="1

For which hamming window is usually used

0.54 +0.46cosfmM ) 'M" m" M

Wi [m] = 0 otherwise
[ w[320 — m] w[1600 — m
UNIY
[
AR RSLRR
0 2IO 4IO 6IO 8IO 1(I)O 1I20

time in ms(m/fs)



Short-time analysis operations

We will discuss:

¥ Short-time energy and zero-crossing rate
¥ Short-time autocorrelation function

¥ Short-time Fourier Transform

¥ Wavelet transform



Short time Energy and Zero-crossing rate

The short-time energy can be expressed as
Ep = !' (x[mw[B ! m])? = !' x2[mw?[B ! m].
Similarly, the short-time zero-crossing rate is defined as the
number of times the speech signal changes sign within a given

time window

Zi = 0.5]sgn{x[m]} * sgn{x[m " 1J}f w[d " m],
Where 4
0=y o

They are both simple (yet effective) ways to distinguish between
voiced and unvoiced speech regions:

¥ Voiced region: higher energy, lower zero-crossing rate
¥ Unvoiced region: lower energy, higher zero-crossing rate



Short time Energy and Zero-crossing rate
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Short-time autocorrelation function

The autocorrelation is used to find periodicities in functions and

IS the basis of many spectrum analysis methods. It is written as
!
o['1= x[mX[m! w6 ! m],

where w [m]_ = V\/_[m]W_[n_n + ]

Note that the autocorrelation at lag O is equal to the short-time
energy

|!
Es=  (x[mw[d! m])?=14[0]



(standard)Discrete Fourier Transform (DFT)

The discrete Fourier transform obtains the frequency domain representation of a
finite-time discrete signal as follows

N-1
27
Z — &ML -

n=>0

Given N input samples it computes N complex numbers representing the frequency
content of the input signal for frequencies
/
=2k k=0..N!I1
N
Where f.is in radiants (from O to 2!). The frequency spectrum outside of these
bounds is considered periodical.

Also, if the input signal x,, is composed of real numbers, the frequency domain
representation will have symmetric real components around k=(N-1)/2



(... DFT)
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Short-Time Fourier Transforms

The definition of the short-time Fourier transform (STFT) is:

X, (€)=Y x(m)w(n—-m)e"

m=—oc

where both n and @ are variables, and w(n—m) is a real window
which determines the portion of x(n) that is used in the computation

of X _(e’”)
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Short-Time Fourier Transforms

e STFT is a function of two variables, the time index, n, which
is discrete, and the frequency variable, w, which is continuous

X (e'”)= Zw: x(m)w(n—-m)e/*"

M=—0o0

=DTFT (x(m)w(n—-m)) = n fixed, » variable
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Interpretations of STFT

e there are 2 distinct interpretations of X (e’*)

X, (€)=Y x(m)w(n—m)e "

M=—a0

1. assume n is fixed, then X _(e’) is simply the
normal Fourier transform of the sequence
X (m)=w(n-m)x(m), —oc<m< o

=> for fixed n, X _(e’”) has the same properties

as a normal Fourier transform
= transform view of STFT



Interpretations of STFT

e there are 2 distinct interpretations of X (e’”)

X (e"°)= i x(m)w(n—m)e *"

M=-—00

2. consider X _(e’”) as a function of the time
index n with @ fixed. Then X (e’”) is in the

form of a convolution of the signal y(n) = x(n)e "
with the window w(n). This leads to an interpretation
In the form of linear filtering of the frequency
modulated signal x(n)e /*" by w(n).

= filter bank view of STFT



Filter Bank Summation

e a practical method for reconstructing x(n) from the STFT is as follows

1. assume we know Xn(ej“’k ) for a set of N frequencies {@, }, k =0,1,....N-1

2. assume we have a set of N bandpass filters with impulse responses
h.(n)=w,(n)e’*", k=0,1,..,N-1

3. assume w, (n) is an ideal lowpass filter with cutoff frequency @,
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Fig. 6.10 Frequency responses of (a) ideal lowpass, and (b) ideal
bandpass filters.



Filter Bank Summation

e consider a set of N bandpass filters, uniformly spaced, so that the entire
frequency band is covered

a)k—% k=01...N-1

¢ also assume window the same for all channels, i.e.,
w,(n)=w(n), k=01..,N-1
o if we add together all the bandpass outputs, the composite response is

N-1 N-1
H(e’®) =) H(e™)=) W(e/ ™))
k=0 k=0

o if W(e’®) is properly sampled in frequency (N > L), where L is the
window duration, then it can be shown that

N-1
1 j(@-a)y _
NZW(e )= w(0) Vo




Filter Bank Summation
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Fig. 6.11 Equivalent linear system relating y, (n) and y(n) to x(n).



Filter Bank Summation

e the impulse response of the composite filter bank system is

N-1 N-1
h(n)=""h(n)=") w(n)e’*" = Nw(0)5(n)
k=0 k=0

e thus the composite output is
y(n) = x(n)* h(n) = Nw(0)x(n)
e thus for FBS method, the reconstructed signal is

N-1 N-1 . .
y(n)=Y yi(n)=>" X,(e"*)e’" = Nw(0)x(n)
k=0 k=0

o if X, (ej“’k ) is sampled properly in frequency, and is independent of the
shape of w(n)




Filter Bank Summation
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Fig. 6.12 Analysis and synthesis operations for short-time spectrum

analysis.



WAVELET TRANSFORM



DRAWBACKS OF STFT

Unchanged Window

Dilemma of Resolution
Narrow window -> poor frequency resolution
Wide window -> poor time resolution

Heisenberg Uncertainty Principle
Cannot know what frequency exists at what time intervals

Via Narrow Window Via Wide Window
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Example: square pulses at different times and frequencies



MULTIRESOLUTION ANALYSIS
(MRA)

Wavelet Transform

An alternative approach to the short time Fourier transform to
overcome the resolution problem

Similar to STFT: signal is decomposed as the sum of itself multiplied
with a function

Multiresolution Analysis

Analyze the signal at different frequencies with different
resolutions

Gives good time resolution and poor frequency resolution at high
frequencies and good frequency resolution and poor time
resolution at low frequencies

This helps as most natural signals have low frequency content
spread over long duration and high frequency content for short
durations
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Over all we get a good resolution
both in time and frequency



Example of multireslution analysis
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Wavelet Transform

While Fourier Transform uses waves of infitine energy to analyze

signals, the Wavelet Transform uses wavelets of finite energy. Note that
STFT also use time-limited waves, although its properties are worse that
wavelets |

L

(a) (b)
DFT wave Wavelet

¥ The wavelet analysis is done similar to the STFT analysis. The signal to be
analyzed is multiplied with a wavelet function just as it is multiplied with a
window function in STFT, and then the transform is computed for each
segment generated. However, unlike STFT, in Wavelet Transform, the width

of the wavelet function changes with each spectral component.

¥ The Wavelet Transform , at high frequencies , gives good time resolution
and poor frequency resolution , while at low frequencies , the Wavelet
Transform gives good frequency resolution and poor time resolution .



Wavelets in Iimage processing

@ original (@) firstlevel cransform

Here the two dimensions are space (X or Y) and frequency



Wavelet Families
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Figure 2.4 Wavelet families (2) Haar (b) Daubechies4 (c) Coifletl (d) Symlet2 (&) Meyer (f) Morlet (g) Mexican Hat.



Discrete Wavelet Transform (DWT)

The DWT of a signal x is calculated by passing it through a series of filters. First the

samples are passed through a low pass filter with impulse response g resulting in a
convolution of the two:

&
A A $ #19%'$ 1" %%

% %&

The signal is also decomposed simultaneously using a high-pass filter h. The outputs
giving the detail coefficients (from the high-pass filter) and approximation coefficients (from
the low-pass). It is important that the two filters are related to each other and they are
known as a quadrature mirror filter.

Since half the frequencies of the signal have now been removed, half the samples can be
discarded according to NyquistOsule. The filter outputs are then downsampled by 2:
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(...DWT)

This decomposition is repeated to further increase the frequency resolution and the
approximation coefficients decomposed with high and low pass filters and then down-
sampled. This is represented as a binary tree with nodes representing a sub-space with a
different time-frequency localisation. The tree is known as a filter bank.
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Comparing DWT with STFT

STFT CWT
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COMPARSION OF
TRANSFORMATIONS

A time series ‘ Fourier transform

-

short-time Fourier transform
A ‘ wavelet transform

time time

http://www.cerm.unifi.it/tEUcourse2001/Gunther lecturenotes.pdf



RECONSTRUCTION

What

How those components can be assembled back into the
original signal without loss of information?

A Process After decomposition or analysis.
Also called synthesis

How
Reconstruct the signal from the wavelet coefficients

Where wavelet analysis involves filtering and down
sampling, the wavelet reconstruction process consists
of up sampling and filtering



