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Continuous wavelet transform What is a wavelet?
Scale and translation invariant
The continuous wavelet transform
Example using Mexican hat wavelet

A function 1) (t), to be a wavelet must satisfy :
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A function 1) (t), to be a wavelet must satisfy :

1. The wavelet must be centered at 0 amplitude.

/_Zz/J(t)dt—O
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Continuous wavelet transform What is a wavelet?
Scale and translation invariant
The continuous wavelet transform
Example using Mexican hat wavelet

A function 1) (t), to be a wavelet must satisfy :

1. The wavelet must be centered at 0 amplitude.

/_Zz/J(t)dt—O

2. The wavelet must have a finite energy. Therefor it is localized
in time (or space).

/OO 1 (£)2 dt < oo

—0o0

Alexandre Lacoste wavelet transform for dimensionality reduction



Continuous wavelet transform What is a wavelet?
Scale and translation invariant
The continuous wavelet transform
Example using Mexican hat wavelet

A function 1) (t), to be a wavelet must satisfy :

1. The wavelet must be centered at 0 amplitude.

/_Zz/J(t)dt—O

2. The wavelet must have a finite energy. Therefor it is localized
in time (or space).

/OO 1 (£)2 dt < oo

—o0
3. Sufficient condition for inverse wavelet transform
2
_ / W (w)
c= —
W

0<c<
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Continuous wavelet transform What is a wavelet?
Scale and translation invariant
The continuous wavelet transform
Example using Mexican hat wavelet

Popular wavelets which satisfy the previous conditions

Daubechie 1 (Haar)

amplitude

time
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Popular wavelets which satisfy the previous conditions
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Continuous wavelet transform What is a wavelet?
Scale and translation invariant
The continuous wavelet transform
Example using Mexican hat wavelet

Popular wavelets which satisfy the previous conditions

Daubectic 4
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The continuous wavelet transform
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Popular wavelets which satisfy the previous conditions

amplituce
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Continuous wavelet transform What is a wavelet?
Scale and translation invariant
The continuous wavelet transform
Example using Mexican hat wavelet

Popular wavelets which satisfy the previous conditions

mexdcan hat

amplituce
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Continuous wavelet transform What is a wavelet?
Scale and translation invariant

The continuous wavelet transform
Example using Mexican hat wavelet

we can move and stretch the mother wavelet

Yap(t) = \/1@7’[) (t—ba>

a is scale factor while b is a translation factor. —L

Vial

normalization factor to make sure the energy stay the same.

is a
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Continuous wavelet transform What is a wavelet?
Scale and translation invariant

The continuous wavelet transform
Example using Mexican hat wavelet

we can move and stretch the mother wavelet

Vap (t) = \/lﬂw <t;a>
1

a is scale factor while b is a translation factor. ﬁ is a
a

normalization factor to make sure the energy stay the same.

mexhla=1.0]b=5.0]

Alexandre Lacoste wavelet transform for dimensionality reduction



Continuous wavelet transform

What is a wavelet?
Scale and translation invariant

The continuous wavelet transform
Example using Mexican hat wavelet

we can move and stretch the mother wavelet

Vap (t) = \/lﬂw <t;a>

a is scale factor while b is a translation factor. ﬁ is a
a

normalization factor to make sure the energy stay the same.

mexhla=1.0[5=0.0]
1 -

amplitude
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What is a wavelet?

Scale and translation invariant

The continuous wavelet transform
Example using Mexican hat wavelet

Continuous wavelet transform

we can move and stretch the mother wavelet
1

Vap (t) = \/lﬂw <t;a>

a is scale factor while b is a translation factor. NE
a
normalization factor to make sure the energy stay the same.

meshla=1.0[b=5.0]
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Continuous wavelet transform

What is a wavelet?
Scale and translation invariant

The continuous wavelet transform
Example using Mexican hat wavelet

we can move and stretch the mother wavelet

Vap (t) = \/lﬂw <t;a>

a is scale factor while b is a translation factor. —L

mlsa

normalization factor to make sure the energy stay the same.

mexh[a=4.0][b=0.0]
1 T .
o 05F
o
2
£
£
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time
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Continuous wavelet transform What is a wavelet?

Scale and translation invariant

The continuous wavelet transform
Example using Mexican hat wavelet

we can move and stretch the mother wavelet

Yap (t) = \/IE%Z) <t;a>

a is scale factor while b is a translation factor. —L

mlsa

normalization factor to make sure the energy stay the same

mexh[a=1.5][b=0.0]
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o
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Continuous wavelet transform What is a wavelet?

Scale and translation invariant

The continuous wavelet transform
Example using Mexican hat wavelet

we can move and stretch the mother wavelet

Yap (t) = \/IE%Z) <t;a>

a is scale factor while b is a translation factor. —L

mlsa

normalization factor to make sure the energy stay the same

mexh[a=0.5][b=0.0]
1 T T
v 05F 1
o
2
=
£
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time
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Continuous wavelet transform What is a wavelet?
Scale and translation invariant

The continuous wavelet transform
Example using Mexican hat wavelet

The dot product for continuous function is defined as this :

(r.e)= [ r(oe d
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Continuous wavelet transform What is a wavelet?
Scale and translation invariant

The continuous wavelet transform
Example using Mexican hat wavelet

The dot product for continuous function is defined as this :

(r.e)= [ r(oe d

which is similar to the discrete dot product :

n
u-v= E u;vj
i=1
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Continuous wavelet transform What is a wavelet?
Scale and translation invariant

The continuous wavelet transform
Example using Mexican hat wavelet

The dot product for continuous function is defined as this :

(r.e)= [ r(oe d

which is similar to the discrete dot product :

n
u-v= E u;vj
i=1

The wavelet transform is simply the dot product between the
signal and the wavelet at each translation and each scale.

W, = /OO F(£) 0L, () dt

— 00
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Continuous wavelet transform What is a wavelet?
Scale and translation invariant

The continuous wavelet transform
Example using Mexican hat wavelet
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

» The STFT is the fourier transform computed for every time
step.
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

» The STFT is the fourier transform computed for every time
step.

» To isolate a particular time step, a window function is used.
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

» The STFT is the fourier transform computed for every time

step.
» To isolate a particular time step, a window function is used.
>
60 .
STFT (t,w) = / x(T)W (r — t) e dr
—0o0
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

» The STFT is the fourier transform computed for every time

step.
» To isolate a particular time step, a window function is used.
>
60 .
STFT (t,w) = / x(T)W (r — t) e dr
—0o0

» The kernel have all the characteristics to be a wavelet

STFT kernel using gaussian window
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

> If we choose a gaussian window for the SFTF, it is exactly the
Morlet wavelet.
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

> If we choose a gaussian window for the SFTF, it is exactly the
Morlet wavelet.
» The only difference, is when the frequency is changing.

Alexandre Lacoste wavelet transform for dimensionality reduction



Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

> If we choose a gaussian window for the SFTF, it is exactly the
Morlet wavelet.

» The only difference, is when the frequency is changing.

» In the case of the wavelet, the widow width is adapting with
the frequency, keeping the number of cycles constant inside

the window.
, wavelet STFT
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A
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

T100—]  —— — — — — —
Theoretical spectrogram of 2 e EEEEE===
notes repeated 7 times with :
200ms of duration. R R ——
Time [s] 15

STFT window length = 0.05s

2000
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681

400

STFT with gaussian window of
width 0.05ms.
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logarithmic frequency scale [Hz]

e
a

0.5 1 1.5
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

Theoretical spectrogram of 2 e EEEEE===
notes repeated 7 times with :
200ms of duration. R
Time [s] 15

STFT window length = 0.10s

681

STFT with gaussian window of
width 0.1ms.

400
732

136

logarithmic frequency scale [Hz]

time [s]
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

1100 — — — — — — —

Theoretical spectrogram of 2 e EEEEE===
notes repeated 7 times with :
200ms of duration. e

100 — — — — — — —

STFT window length = 0.30s

681

STFT with gaussian window of
width 0.3ms.
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

» Morlet wavelet is similar
to the STFT kernel.

morlet wavelet

amplitude
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

» Morlet wavelet is similar Ny Complex morlet wavelet
to the STFT kernel. Y
» To build a spectrogram, %EL 0
we need a complex "
wavelet. R
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

| 2 Morlet Wavelet iS Similar Complex morlet + high frequency resolution
02
to the STFT kernel. o o
o
» To build a spectrogram, g0
we need a complex .
wavelet e

» We also need to boost the
frequency resolution.
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Short time fourier transform, a review
CWT vs STFT Scales vs Frequencies

Spectrogram of a sound using STFT
Wavelet spectrogram

| 2 MOrIet Wavelet iS Similar 0 Complex morlet + high frequency resolution
to the STFT kernel. o 01
o
» To build a spectrogram, g0
we need a complex "
-0.2
-8 £ -4 -2 0 2 4 B 8
wavelet. s
» We also need to boost the 0 VVavelet spectrogram
frequency resolution. ¥
L, 1170
L2
)
1 ) X2 c
_ 2inf =% e
¥ (t) s )€ e %
o =
E 234
£
g) 137

80
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Time and frequency resolution
Maximum resolution
STFT resolution VS CWT resolution

Incertitude principle

» Wavelet are like bandpass filters.
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Time and frequency resolution
Maximum resolution
STFT resolution VS CWT resolution

Incertitude principle

» Wavelet are like bandpass filters.

» By computing their fourier transform,
we find their frequency response.
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Time and frequency resolution

Maximum resolution

Incertitude principle STFT resolution VS CWT resolution

» Wavelet are like bandpass filters.

> By com puting their fourier transformy frequency resolution of mexican hat for 3 scales
16
1 1 scale = 10
we find their frequency response. ., el 10
scale =0.3
12
10
S
2
i 8
£
o
B
4
2
o . :
o 05 1 15 2 25

frequency
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Time and frequency resolution
Maximum resolution
STFT resolution VS CWT resolution

Incertitude principle

» Wavelet are like bandpass filters.

> By com puting their fourier transformy frequency resolution of mexican hat for 3 scales
18
we find their frequency response. ., sle =10
. . scale =03
» The standard deviation of the
i 12
frequency response gives the frequency
resolution. a”
2.
00 2 2 3
o | wo W @)Pde F
w =
o0 2
ffoo |V (w)|* dw 4
2
. ‘ ‘
a 05 1 15 2 25

frequency
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Time and frequency resolution
Maximum resolution
STFT resolution VS CWT resolution

Incertitude principle

» Wavelet are like bandpass filters.

> By com puting their fourier transformy frequency resolution of mexican hat for 3 scales
16
we find their frequency response. ., sle =10
. . scale=03
» The standard deviation of the
i 12
frequency response gives the frequency
resolution. a”
£
oo 2 2 g
o | wo W @)Pde F
w =
00 2
ffoo |V (w)|* dw 4
2
» similarly, we can find the time . ‘ ‘
a 0s 1 15 2 25

resolution.

frequency
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Time and frequency resolution
Maximum resolution
STFT resolution VS CWT resolution

Incertitude principle

» But the resolution depends of
the mother wavelet and the
scale.
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Time and frequency resolution
Maximum resolution

Incertitude principle STFT resolution VS CWT resolution

» But the resolution depends of
the mother wavelet and the
scale.

» Time resolution

At — Atw (a) = \a| At¢
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Time and frequency resolution
Maximum resolution

Incertitude principle STFT resolution VS CWT resolution

» But the resolution depends of
the mother wavelet and the
scale.

» Time resolution
At — Atw (a) = \a| At¢
» Frequency resolution

Aw — Aw¢ (a) = AWw/‘a‘
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Time and frequency resolution
Maximum resolution

Incertitude principle STFT resolution VS CWT resolution

» But the resolution depends of w
the mother wavelet and the a=14
scale.
» Time resolution
At — Aty (3) = |a At o e
— a)=|a
v v ST
» Frequency resolution $po
= [ *haf2
Aw — Aw¢ (a) = AWw/‘a‘ Azhr e
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Time and frequency resolution
Maximum resolution
STFT resolution VS CWT resolution

Incertitude principle

» But the resolution depends of w

the mother wavelet and the a=14

scale.
» Time resolution

At — Aty (3) = |a At o e
— a)=|a
v v ST
» Frequency resolution $po
= [ *haf2
Aw — Aw¢ (a) = AWw/‘a‘ Azhr e

» Thus the area of the square is
constant

A% (a) Aw¢ (a) = At¢AaJ¢ =Cy
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Time and frequency resolution
Maximum resolution
STFT resolution VS CWT resolution

Incertitude principle

» Thus, the main difference between
STFT and CWT is the tiling of the
resolution.
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Time and frequency resolution
Maximum resolution
STFT resolution VS CWT resolution

Incertitude principle

» Thus, the main difference between STET typeresolution
STFT and CWT is the tiling of the
resolution.

Wavelet type resolution
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Time and frequency resolution
Maximum resolution
STFT resolution VS CWT resolution

Incertitude principle

» Thus, the main difference between STET typeresolution
STFT and CWT is the tiling of the
resolution.

» One can tile the time-frequency space
with any shape of rectangle, even with
overlap.

Wavelet type resolution
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Time and frequency resolution
Maximum resolution
STFT resolution VS CWT resolution

Incertitude principle

» Thus, the main difference between STET typeesolution
STFT and CWT is the tiling of the
resolution.

» One can tile the time-frequency space
with any shape of rectangle, even with
overlap.

» The rectangle can have a smaller area Wavele typeresoluton
with a different filter, but there is a
minimal area.

Atq/)AW¢ > 1/2
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continuous wavelet transform is very slow
scaling function

DWT, a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» It took about 10 minutes to generate the previous wavelet
spectrogram (P4 1.8GHz with Matlab wavelet toolbox).
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continuous wavelet transform is very slow
scaling function
DWT, a dyadic decomposition

Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» It took about 10 minutes to generate the previous wavelet
spectrogram (P4 1.8GHz with Matlab wavelet toolbox).

» For each of the m scales, the CWT perform a convolution on
the raw signal of length n.
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continuous wavelet transform is very slow
scaling function

DWT, a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» It took about 10 minutes to generate the previous wavelet
spectrogram (P4 1.8GHz with Matlab wavelet toolbox).

» For each of the m scales, the CWT perform a convolution on
the raw signal of length n.

» The CWT return m - n coefficients in time O (m - nlog(n)).
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continuous wavelet transform is very slow
scaling function

DWT, a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» It took about 10 minutes to generate the previous wavelet
spectrogram (P4 1.8GHz with Matlab wavelet toolbox).

» For each of the m scales, the CWT perform a convolution on
the raw signal of length n.

» The CWT return m - n coefficients in time O (m - nlog(n)).

» There is a huge amount of redundancy and for higher scales,
we could use a smaller sampling rate.
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continuous wavelet transform is very slow
scaling function

DWT, a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

> To get a speed up in DWT, instead of
stretching the wavelet to get to a
bigger scale, we will compress the
original signal.
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continuous wavelet transform is very slow
scaling function

DWT, a dyadic decomposition

The inverse discrete wavelet transform

Discrete wavelet transform (DWT)

> To get a speed up in DWT, instead of
stretching the wavelet to get to a
bigger scale, we will compress the
original signal.

» For that we need a second wavelet,
called the scaling function.
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continuous wavelet transform is very slow
scaling function

DWT, a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

> To get a speed up in DWT, instead of 1 db16 —
stretching the wavelet to get to a L
bigger scale, we will compress the 3 ” )
original signal. % T Y

» For that we need a second wavelet, >
called the scaling function. Yo E o w @ % @
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continuous wavelet transform is very slow
scaling function

DWT, a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

> To get a speed up in DWT, instead of 1 db16 —
stretching the wavelet to get to a L
bigger scale, we will compress the 3 ” )
original signal. % T Y

» For that we need a second wavelet, >
called the scaling function. Yo E o w @ % @

» This function is a low-pass filter with
frequency cut half of Nyquist.
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continuous wavelet transform is very slow
scaling function

DWT, a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

> To get a speed up in DWT, instead of 1 do16 —
stretching the wavelet to get to a S
. . 0a
bigger scale, we will compress the 8 N /\
original signal. - B ATV A ¥/
» For that we need a second wavelet, o
called the scaling function. s W [
ime
» This function is a low-pass filter with freq response of phiandpsi
frequency cut half of Nyquist. e
» The wavelet is a complementary filter § —
in that it is sensible for the rest of the £
frequency. .
DD D‘Q DIA D‘E 0.a 1

frequency [f/nf]
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continuous wavelet transform is very slow
scaling function

T, a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the DWT, we start from
the signal.
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continuous wavelet transform is very slow
scaling function

D , a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the DWT, we start from
the signal.

» Then we split the signal in tow part. L

cal [02) D1 [12]
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continuous wavelet transform is very slow
scaling function

, a dyadic decompositi
Discrete wavelet transform (DWT) The inverse discrete wavele

» To perform the DWT, we start from

the signal. S [a]
» Then we split the signal in tow part. L
» Details, using the wavelet. chl [02] D1 [02]
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continuous wavelet transform is very slow
scaling function

, a dyadic decompositi
Discrete wavelet transform (DWT) The inverse discrete wavele

» To perform the DWT, we start from

the signal. S [a]
» Then we split the signal in tow part. L
» Details, using the wavelet. chl [02] D1 [02]

» Approximation, using the scaling
function.
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continuous wavelet transform is very slow
scaling function

3
DWT, a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the DWT, we start from

the signal. S [a]
» Then we split the signal in tow part. L~
» Details, using the wavelet. chl [02] D1 [0/2]
» Approximation, using the scaling S
function. eh2 [04] D2 /4]

» We can start back the decomposition
from the approximated signal.
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continuous wavelet transform is very slow
scaling function
DWT, a dyadic decomposition

Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the DWT, we start from

the signal. S [a]
» Then we split the signal in tow part. L~
» Details, using the wavelet. chl [02] D1 [0/2]
» Approximation, using the scaling S
function. £A2 [1/4] £D2 [14]
» We can start back the decomposition T
from the approximated signal. cA3 [18] D3 [n/3]
» And again...
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continuous wavelet transform is very slow
scaling function
DWT, a dyadic decomposition

Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the DWT, we start from

the signal. S [a]
» Then we split the signal in tow part. L~
» Details, using the wavelet. chl [02] D1 [0/2]
» Approximation, using the scaling S
function. eh2 [04] D2 /4]
» We can start back the decomposition T
from the approximated signal. cA3 [18] D3 [n/3]
» And again... o
» All the details is our wavelet chd [n/16] D4 [n/16]

transform. But we need to keep the
last approximation for the inverse
transform.
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continuous wavelet transform is very slow
scaling function
DWT, a dyadic decomposition

Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the DWT, we start from

the signal. S [a]
» Then we split the signal in tow part. L~
» Details, using the wavelet. chl [02] D1 [0/2]
» Approximation, using the scaling S
function. eh2 [04] D2 [0/4]
» We can start back the decomposition T
from the approximated signal. cA3 [18] D3 [n/3]
» And again... o
» All the details is our wavelet chd [n/16] D4 [n/16]

transform. But we need to keep the
last approximation for the inverse
transform.
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continuous wavelet transform is very slow
aling function

, a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the inverse DWT, we start
from the details coefficients and the
last approximation.

D1 [12]

D2 [04]

D3 [/8)

cAd [n/16] cD4 [n/16]
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continuous wavelet transform is very slow
scaling function

DWT, a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the inverse DWT, we start
from the details coefficients and the
last approximation.

» Then we combine the last
approximation with the last details, to
find the second last approximation.

D1 [12]

D2 [04]

A3 [1/8) D3 [/8)

S

cAd [n/16] cD4 [n/16]
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continuous wavelet transform is very slow
scaling function
DWT, a dyadic decomposition

Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the inverse DWT, we start
from the details coefficients and the
last approximation.

» Then we combine the last D1 [o/2]
approximation with the last details, to
find the second last approximation.
cA2 [1/4] cD2 [104]
> And we repeat... Tre—
ch3 [n/8) cD3 [0/8)

S

cAd [n/16] cD4 [n/16]

Alexandre Lacoste wavelet transform for dimensionality reduction



continuous wavelet transform is very slow
scaling function
DWT, a dyadic decomposition

Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the inverse DWT, we start
from the details coefficients and the
last approximation.

» Then we combine the last

approximation with the last details, to
find the second last approximation. ST

cal [02) D1 [12]

> And . A2 [1d] D2 [04]
nd we repeat...
S~
cA3 [ni3] cD3 [0/3]

S

cAd [n/16] cD4 [n/16]
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continuous wavelet transform is very slow
scaling function
DWT, a dyadic decomposition

Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the inverse DWT, we start

from the details coefficients and the S [a]
last approximation. o

> Then vye co_mbln.e the last . oAl [0/2] D1 [o/2]
approximation with the last details, to

find the second last approximation. ST

> And . A2 [1d] D2 [04]
nd we repeat...
S~
cA3 [ni3] cD3 [0/3]

S

cAd [n/16] cD4 [n/16]
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continuous wavelet transform is very slow
scaling function

DWT, a dyadic decomposition
Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the inverse DWT, we start

from the details coefficients and the S [a]
last approximation. o

> Then vye co_mbln.e the last . oAl [0/2] D1 [o/2]
approximation with the last details, to

find the second last approximation. ST

> And . cA2 [1/4] eD2 [1/4]
nd we repeat...
» Both inverse and forward take O (n) L
cA3 [0/8] eD3 [0/8]

S

cAd [n/16] cD4 [n/16]
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continuous wavelet transform is very slow
scaling function
DWT, a dyadic decomposition

Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the inverse DWT, we start

from the details coefficients and the S [a]
last approximation. o
» Then vye c:_mbmir‘]chtilalst ¢ deeale A1 (2] D1 [2]
approximation wi e last details, to
find the second last approximation. ST
eh2 [04] D2 [1/4]
> And we repeat... Tre—
» Both inverse and forward take O (n)
cA3 [08] D3 [w8]
» It is thus faster than the fourier

ST

cAd [n/16] cD4 [n/16]

transform.
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continuous wavelet transform is very slow
scaling function
DWT, a dyadic decomposition

Discrete wavelet transform (DWT) The inverse discrete wavelet transform

» To perform the inverse DWT, we start

from the details coefficients and the S [a]
last approximation. o

> Then vye co_mbln.e the last . oAl [0/2] D1 [o/2]
approximation with the last details, to

find the second last approximation. ST

> And . cA2 [1/4] eD2 [1/4]
nd we repeat...
» Both inverse and forward take O (n) L
cA3 [0/8] eD3 [0/8]

» It is thus faster than the fourier =

transform.
cAd [nf16] cD4 [0/16]

» But DWT restrict us to an octave of
frequency resolution.
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Many other things to talk
Texture analysis

End

Conclusion

» We can compute the complete tree or
choose a particular path (wavelet
packet).
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Many other things to talk
Texture analysis

End

Conclusion

» We can compute the complete tree or H
choose a particular path (wavelet
packet).

» We can compute the wavelet
transform for n dimensions signals.
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Many other things to talk
Texture analysis

End

Conclusion

» We can compute the complete tree or
choose a particular path (wavelet
packet).

» We can compute the wavelet
transform for n dimensions signals.

> By selecting the highest coefficients
on each scales, we can keep only the
most important details (image
compression).
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Many other things to talk
Texture analysis

End

Conclusion

» We can compute the complete tree or
choose a particular path (wavelet
packet).

» We can compute the wavelet
transform for n dimensions signals.

> By selecting the highest coefficients
on each scales, we can keep only the
most important details (image
compression).

» By making statistics on wavelet
coefficients, we can extract the global
structure and use it as feature
extraction for classification algorithms.
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Many other things to talk
Texture analysi:

End

Conclusion

> Wavelet statistics are mainly used for
texture classification in image
processing.
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Many other things to talk

Texture analysis
End

Conclusion

> Wavelet statistics are mainly used for
texture classification in image
processing.

» But with a little of imagination, we
can see texture everywhere.
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Many other things to talk
Texture analysis

End

Conclusion

> Wavelet statistics are mainly used for
texture classification in image
processing.

» But with a little of imagination, we
can see texture everywhere.

» We have used wavelet statistics for
genre classification.
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Many other things to talk
Texture analysis

End

Conclusion

> Wavelet statistics are mainly used for
texture classification in image
processing.

» But with a little of imagination, we
can see texture everywhere.

» We have used wavelet statistics for
genre classification.

» The texture of a small frame of sound
represent the timbre.
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Many other things to talk
Texture analysis

End

Conclusion

> Wavelet statistics are mainly used for
texture classification in image
processing.

» But with a little of imagination, we
can see texture everywhere.

» We have used wavelet statistics for
genre classification.

» The texture of a small frame of sound
represent the timbre.

» The texture of the temporal structure
represent the rhythm...
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Many other things to talk
Texture analysis

End

Conclusion

that is all !l
questions ?

Alexandre Lacoste wavelet transform fi imensionality reduction
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