XV. Applications of Wavelet Transtorms

Wavelet #7i§ * ¢ applications » i ¥ 3 /4T & + 4FEL !
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Larger sampling interval — 1gnoring the detail

Smaller sampling interval — requiring a lot of data

Wavelet transforms compromise them.
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(1) Image Compression (JPEG 2000)

Quantization
JPEG 2000 z¢ %# Table

RGB to Discrete T Bit Plane
Image +— Y CbCr » 4:2:0 T;Zi::(l;tm » Quantization |—» Conversion
JPEG Tier 2 Binary Fractional

2000 file Encoder | arithmetic Bit-plane

y COding COding
fE5H (Tier 1)

Tier 1: zero coding, sign coding, magnitude refinement coding, run length coding

Tier 2: % 4% < /] (4cF Bt i & & b = 0fh)
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The subbands of the discrete wavelet transform (DWT)
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JPEG
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L DCT-based Wavelet-based
Original image image compression image compression

CR = 53.4333 CR =51.3806

CR: compression ratio
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PSHNR
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bpp: bit per pixel (+ — gL 35%F & 5 © i bits)
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PSNR: peak signal to noise ratio (PSNR), see page 512
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Question:
Why JPEG 2000 has not replaced the status of JPEG now?

\\\?{y

C. Christopoulos, A. Skodras, and T. Ebrahimi, “The JPEG2000 still image
coding system: An overview,” IEEE Trans. Consumer Electronics, vol. 46, no.
4, pp.1103-1127, Nov. 2000.
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Another Compression Algorithm: SPIHT

Using the correlation among high frequency parts in different layers

B.J. Kim, Z. Xiong, and W.A. Pearlman. “Low bit-rate scalable video coding
with 3-D set partitioning in hierarchical trees (3-D SPIHT),” IEEE Trans.
Circuits Syst. Video Technol., vol. 10, pp. 1374-1387, 2000.
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(2) Edge and Corner Detection

(3) Pattern recognition

(a) Feature extraction
(Using the wavelet features)

(b) Computation Time {r¥7-| &1 pattern 7 4p 1" # (54 & &)
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(5) Filter Design

4oiw 7 if F| edge > * . #9 # noise 2 “,/Tfﬁ‘ ?
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One-stage wavelet filter 524
a,[n]

analysis synthesis
gln] {2 qu[n]% 12— hy[n] B
x[n]— az[n] j_’ Xo[ﬂ]
h[n] 12 —»xLH[n]—»@g—» T2 g[n]

(#-page 475 £z 1‘#_ ® R 4v + transfer functions a,[n] and a,[n])

A 4
\ 4

\ 4
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i filter design P& » ¥ 12 £
a,[n] =1,
™ x, ,[n] & amplitude
a,[n] =0 for non-edge l‘egion// j\ =§1,2([ ] P
14
a,[n] =1 for edge region

B PET R two-stage 4 _F er1 wavelet filter
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(6) Music
RS AR EL B R R
SE E - SR I2B R Ao B o A H{s 212
(% i)
Do |FfDo| Re | FfRe | Me Fa | FfFa| So | F#fSo | La | FfLa | Si
Hz 270 286 | 303 | 321 | 340 | 360 | 382 | 405 | 429 | 454 | 481 | 510
Hz 540 572 | 606 | 642 | 680 | 721 | 764 | 810 | 857 | 908 | 962 | 1019

(7) Acoustics




(8) Analyzing the Electrocardiogram (ECG) 528

e [s the rhythm of the cardiac valve in synchronization with that of the
heart muscle?

e Does the heart muscle relax between beats?
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From: A. K. Louis, P. Maab, and A. Rieder, “Wavelets Theory and Applications”,
John Wiley & Sons, Chichester, 1997.




©) Ty FE o TEHFE | b 529

population

economical data

temperature
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7 F : Time frequency analysis % gz ¥ 47 5 e 7 v ol Fe

Wavelet ¥ iF " BB | fv T e | ahk 47

d *% memory requirement > > iF & 2D 0
image analysis fr 3D 7 video analysis
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M+45-L = Generalization for the Wavelet Transforms

5!

1. Directional Form 2-D Wavelet Transforms

— 45 11 2-D wavelet transform ¥ OA RS s F x-axis A L F p-axis

H =
=11 1-D wavelet transforms =% &

HF > 2-D wavelet transform 7 - % _& ;> ¥ x-axis > y-axis K i

Directional 2-D wavelet transforms:

e curvelet e Fresnelet
e contourlet e wedgelet
e bandlet e brushlet

e shearlet



e Curvelet (ridgelet) 534

1 (o ] r—
Fw(a,b ﬁj_wf(rcos¢,rs1n¢)w(

rotation

L R A& fh 1-D wavelet

(a,b)= (Jw ( ;ajdx

E. Candes and D. Donoho, "Curvelets — a surprisingly effective nonadaptive
representation for objects with edges." In: A. Cohen, C. Rabut and L. Schumaker,
Editors, Curves and Surface Fitting: Saint-Malo 1999, Vanderbilt University Press,

Nashville (2000), pp. 105-120.
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input

the curvelet transforn
of the input

results with different ¢

(four direction for the high-frequency part)



e Contourlet 536
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Image

Laplacian pyramid Directional filters

M. Do and M. Vetterli, "The contourlet transform: An efficient directional

multiresolution image representation," IEEE Trans. Image Processing, vol.14,
no.12, pp.2091-2106, Dec. 2005.



e Bandlet 537
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k34 & wavelet transforms 77 =

Stephane Mallet and Gabriel Peyre, "A review of bandlet methods for
geometrical image representation," Numerical Algorithms, Apr. 2002.



2. Stationary Wavelet Transforms

&ln] —>x, ;]
giln] —>x; ;[n]—
x[n]— hy[n] —>X, 1]
h[n] —x, yln]
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Q: = # discrete wavelet transform 7 — e = fvRig ?

538

G. P. Nason and B. W. Silverman, “The stationary wavelet transform and
some statistical applications,”
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.49.2662&rep=rep1

&type=pdf

Lecture Notes in Statistics,

available 1in
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3. Bandwidth Form Wavelet Transforms

A little modification for g[n] and A[n]

4. Multi-Band Wavelet Transforms

Instead of only two outputs
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Happy New Year!
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