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Image Transform fxy) = Z Zﬂubu@c )

a Image in continuous form: f(x,y): A 2-D function, where (x,y)

in R?. Properties of
basis functions

_ _ can be extended
0 Let B be a set of basis functions: in the analysis.

B={b,(x,y) | i=..,-1,0,1,2,3,....}, b,(x,y) in R or C.
o Letf(x,y) be expanded using B as follows:

fx,y) = z A;b;(x,y) _ Coefficients of
- transform

l
e transform of fw.r.t. B is given by {4;|i = ---.—1,0,1,2,3, ...},
i3 Indexing may be multidimensional say, 4




Orthogonal
Expansion flx) = z Aib; (x)
and 1-D Transforms :

e |nner product: <f,g>= ff(x)g*(x)dx

e Orthogonal expansion: If B satisfies :
(bi,b;) =0, fori=+j

= ¢; Otherwise (for i = j),where ¢; > 0
e Transform coefficients in O.E.:

1
 ¢=1> orthonormal expansion./”li = C_i<f, b;)

Forward transform
388 e |Inverse transform: o< |
fx) = f 2by (O)di

=—X




/ Complete base

Fourier
B={e /% -0 <w< x}

transform

anit impulse function
Orthogonality: f(x pJOX gy — 210 (x), forw =0
C~ 0, otherwise.

Fourier Transform: F(f(x)) = f(jw) = j ) f(x)e J@Xdx

. 1 % . _
Inverse Transform.f f) = j F(jw) /9% da
Full reconstruction p—Jwx — Cos_fcwx) — j sin(wx)

Fljw) = f £ () (cos(@x) — j sin(wx)) dx

¢ = {cos(wx)| — o < w < o} S = {sin(wx)| — 0 < w < o}

\ Orthogonal /" But not complete!



Fourier transform of a square pulse

o fi)=A, -B/2<t<B/

10

-B/2

B/2 t

F(jw) = AB

sinc(wB/2)

/

. . wB
SIH(T)
wB
2




Fourier transform of
a Gaussian Pulse

1 w242
e 20 G(w)=e 2z

9() = oV2T

e Iransform is also a Gaussian function.

e Standard deviation in the Fourier domain (angular
frequency) is reciprocal of that in the time domain.




Convolution and Fourier
Transform

) - j FOR(t - 1)dr

LA A

tO t1

e Convolved output: Sum of scaled and shifted impulse
responses.

F(f(t) «h(t)) = j(jf(r)h(t—r)dr)e‘f“’tdt = jf(r)fh(t—r)e-fwtdt dt

= jf(T)H(ja))e‘j“”dT
= H(w)F(jw)

7




Fourier transform of unit impulse

e Definition and properties of unit infinite impulse

= 0, otherwise| |/_,

| r@s - e = £t

F(6(t)) = f Oo6(t) e IOtdt  _ p-jw.0 _q

F(6(t—T))=eJoT &= F(e/*") = §(w — o)

Duality

Train of impulses: Z O(t —nAT) é> A_lT 2 5(w — 2mn

Fourier series of a period AT
with unit impulse in a period

i

8

n=-—oo



Fourier transform of a
sampled function

/ \/\/\\ f:(6) = ) F(O)5(t —nAT)

=f(t) X, 6(t —nAT)

o f.(H)=A1), fort=n AT, n: an integer. ﬂ

= 0, otherwise
2N

F(jw) *—25(w—ﬁ)

o /\ / \ / \ =

AT




Even and odd
functions sin(9) = —

e Even: f(-x)=f(x) for all x.

e Odd: f(-x)=-f(x) for all x. = f0)=0.
e Foreven f(x): o
f f(x)(sin(wx))dx =0
e Forodd f(x) : —

Joof(x)(cos(a)x)) dx =0

e Full reconstruction possible with cosines (sines) only
if it is even (odd).




Discrete representation

e Discrete representation of a function:

f(n) _ { f (n XOW Set of integers

Sampling interval

e Can be considered as a vector in an infinite dimensional
vector space.

e In our context, it is of a finite dimensional space, e.g. {f(n),
n=0,1,..N-1}, or

o F=[A0) A1) ... AN-D].




Discrete Linear Transform: A
general form

e For n-dimensional vector X any linear transform,

o e'g' me]:BmannX]

o X ;- A column vector of dimension n.

o Y

- A column vector of dimension m.

e B,... A matrix of dimension mxn.

e Has inverse transform if B is a square matrix and
invertible.




Basis vectors

e B is the transformation matrix.
e Rows of B are called basis vectors.
_b,l0<’1"_

g =|bi'

o Y(i)=<bT X> -
b:T

\ dot product or inner product.
e Orthogonality condition:

<b/".bi>=0if i #j
= ¢, otherwise




Discrete Fourier Transform

bp(n) = %eﬂ”ﬁ'", for0<n<N-1,and0< k<N —1.
N-1
n=0

, V- L k/N: Normalized frequency
f(n) = 2;) fk)T™ N for 0 <n < N — 1

Fundamental
A single period | ‘ | | | | frequency: 1/(NX,)
N [I‘ I”II‘I” ||‘||| | fn+N)=f(n)

24 DFT. Fourier series of a periodic function




2

—1
f(n) = % f(k)ejzw‘krn for0<n<N -1

DFT as N &

N —

FOUI'Ier SeI’IeS f(k) (n)e‘jzw?ﬁ'" for0< k<N —1.

n=>0

?u

e For a periodic sequence of period N: f(n+N)=f(n)
e Sampling interval: X,
e Period: N. X,
e Fundamental period: 1/ (NX))
e Fourier series Components of k/(NX,), k=0,1,2,...

k - 27'[ K nXO
F (NXO) NX, Z f(nXo)e Ax

In the DFT
@ expression the
F(k) = z f(n) e‘fzn_ normalization term

(1/N) is adjusted. 15




For any integer k, e/*™ =1
DFT properties
e Linearity: pFT (a.f(n) + b(g(n)) = aF (k) + bG (k)
e Circular time shifting prr(rin —ny)y) = e‘f'“%"ﬂp(k)
e Periodicity:
N-1

. N—1 N-1 .
F(k+N) = z f(n)e_jZ”kTN" _ z f(n)e—jZN(%+1)n — z f(n)e—]Znan F(k)
n=0 n=0 n=0

e Symmetry .-

ok N N
F(N—k)=F(-k) = z f(n) eJ2TN" = F*(k) j‘> F(5+m) =F (;—m)
n=0 Putting, k=N/2+m

e Duality
DFT of DFT of x(n) = N. x(<-k>)

e Energy preservatlon

> o 1,5 1,52
Xy = —x $* :> IX]|? = %.%* = S A A= %]
K
A& Freq. Shlftmg DFT(f(n)e’*™N™ = F(< k —ky > )




Centering DFT

DFT(f(n)efZ”%“”) =F(<k—ky>y)

e Multiplying £, th sinusoid shifts transform to .

o Letk,=N/2
2> f(n) -1y
=> [(<k—N/2>y)
Centers the Fourier transform bringing the 0 th freq.
component in the center.
e A useful trick to center the transform
Multiply by (-7)” and then compute DFT.

17




Fast Fourier Transform (FFT)

N-1
F(k) = z f£(n) e I2W" Assume N even

E—l E—l
F(k) = 2 f2m)e ]27t (2m) + Z fCem+1)e ]27'[ (2m+1)

E_l % —]27Tk(m+1/2)

—j2nyry (m) N

F(k)—z:f(Zm)e zf(2m+1)e 2

N N_

5-1 12n o — ]27'[_(1/2) 2 - jz,% (m)
F(k)—Zf(Zm)e 2 Zf(2m+1)e 2

m=0
N N
(R Py — j2reK(m)

F(k) = z f(2m)e ]ZET(m) _12” 2 fCm+1e 2

m=0 Cooley, L.W., and Tukey, LW., "AR*&zorithm for the Machine Calculaffon of
Complex Fourier Series," Math. Comp., vol. 19, pp. 297-301, April 1965.



Fast Fourier Transform (FFT)
(Cooley and Tukey (1965))

F ) = 2 fnye jorkn Divide and conquer strategy

Assume N even

N N
51 >-1 k
—Jj2n(m)

F(k) = 2 £ (2m) & TR gz z fem+1e 2z

|

DFT of order N/2 of DFT of order N/2 of
Even terms Odd terms

Danielson-Lanczos lemma

Danielson, G.C. and Lanczos, C., "Some Improvements In Practical Fourier
Analysis and Their Application to X-Ray Scattering from Liquids," J. Franklin

' \ Institute, vol. 233, pp. 365-380 and 435-452, 1942.

Exploiting other properties of DFT
can be reduced to O(N log(N))

19



CMP for DFT

Linear convolution

fn)

h(n)

F®R(k) = f(k)h(k)

CMP for DFT holds for
C|rcular convolution.

(n —m)

o Periodic convolution: Convolution between two finite

sequences with periodic extension.
o It is defined if both have the same period, providing a periodic

sequence with the same period.

Circular Convolution

24 f®h(n) = ZT]:; (l)f('m Yh(n — m)
) = Zm_o f(m)h(n —m) + Zg;}l_*_l f(m)h(n —m + ‘N?:



Circular Cross Correlation

e Cross correlation with periodic extensions of both the
functions.

N—-1
fO() = ) f(m) h(m +n)
m=0

\ 4

N 1 -1

FOR(n) = z £(m) h(m +n) + 2 Fm) h(m +n—N)

m=0 m=N—n

—

fORK) = f (k). h(k)*

22



Filtering in the transform domain

F(k) { HK) | — G(k)=H() F(k)

e Use sufficient 0 padding at the both end to make circular
convolution equivalent to linear convolution

To take care of boundary effect.
The length of f(n) and /(n) should be the same.

e H(k) usually provided as symmetric about the center.
Ot freq. at the N/2 th element.

e Center F(k) as F.(k) by multiplying f(n) with (-1)"
. Obtain G(k)= H(k) . F .(k)
Gi:¢f Multiply G(k) by (-1)¥ and perform IDFT to get g(n).




DFT: A linear

N—-1

transform r®-= Z F)e PR for0<k<N-1

1 1 .1
£(0) —j2n= . N-1 /(0)
F(O |_[Y e ™ N .. g7 g || f(D

:_ : P : 132 :_

FN=D] |y et 2|V - 1)

Kk
— —]2TT—=n
Fn = [e N ]OS(k,n)SN—l

Hermitian transpose

Fyl=—FH
N N N




Fop = [e—jzw“,\#(wm]

Generalized 0<(tm<N-1
Discrete Fourier SO 4 S
Transform (GDFT) Foi = ¥y - %E’;F,g’and

1 . kia
b (n) = ﬁem‘—%(”ﬂhﬁ), for0<n<N-1, and0< k< N—1

fap(k) = Z f(n _jzw%g("+m, for0<k<N-1

N-1
f(n) = % > fa (k)2 m (B for 0 <n < N —1

k=0
a [ Transform name Notation
0 0 Discrete Fourier Transform (DFT) f (k)
0 % Odd Time Discrete Fourier Transform (OTDFT) fo,§(k)
% 0 Odd Frequency Discrete Fourier Transform (OF DFT) fA'%,O(k)
3 3 0dd Frequency Odd Time Discrete Fourier Transform (O2DFT) f%,% (k)




Symmetric / Antisymmetric
extension of a finite sequence

o DCTs and DSTs exist for
Original sequence II“ / any finite sequence.

| | |

| — Even function*>|| |I
||| ‘ll | |

Whole symmetry (WS) Half symmetry (HS)

||‘|l — Odd function — |||Il

T i

Whole antisymmetry (WA) Half antisymmetry (HA)




Discrete Cosine/  _ (b Emo=orn
- otherwise.
Sine Transforms

e Types of symmetric / antisymmetric extensions at the two
ends of a sequence and a type of GDFT-> DCTs/ DSTs

WSWS

FO,O

> Type-I Even DCT

N .
Xre(k) = ‘/%02(15) Z z(n) cos (2;$k> , 0< k<N,
n=~0




Discrete Cosine / a(p):{ b frp=oar,
. 1, otherwise.
Sine Transforms

HSHS Fo 1
‘ ‘ > Type-2 Even DCT
m

wk(n+ 1
Coe((n) = Xre(k) =\ ralk) 3 2(n) cos (2 Hn 2)> 0<k<N-1

s
Hll — > Type-1 Even DST

d 2
& Ste(z(n)) = Xgre(k) = \/ N

N-1

Z z(n) sin (2;];}”) , 1<k<N-1

n=1




Discrete Cosine / { .
] ap)=4 V?
Sine Transforms 1

forp=0or N,

otherwise.

HAHA || JFo1/
1

Type-2 Even DST

N-1 i
2k(n + 5
S2e(x(n)) = Xerre(k) = \/%a(k‘) E z(n) sin ( - (27:\;_ 2)> , 1<k<N-1
n=>0 }

There exist 16 different types of DCTs and DSTs.

Type-II Even DCT is used in signal, image, and
‘;;;Zf video compression.




Matrix form of a(p):{ ;f z;:;i::r N,
Type-ll DCT

e Matrix form: - (k) cos \
N = —.«x(k)cos
N-point DCT N 2N
e Each row is either symmetric (even row) or
antisymmetric (odd row).

2 wk(2n + 1)

0<(k,n)<N—1

Cy(k,n) fork even

Cn(k,N —1—n)= {_CN(k’: n) for k odd

X =Cy.x Cy' =Cx




Antiperiodic extension and
skew-circular convolution

e Antiperiodic function with an antiperiod N, if
Jx+N)=-Ax).

e An antiperiodic function of antiperiod N - a
periodic function of period 2N.

e Skew-circular convolution: convolution between

two antiperiodic extended sequences of the
same antiperiod.

Yoo f(mh(n—m),
Yoo f(m)h(n—m) =307, f(m)h(n —m+ N)

1z, fOh(n)



u(n) = z(n) ® y(n)
CMPs for DCTs (™ = =(n®u(n)

Cre (u(n)) = V2NCie (z(1)) Cie (y(m))
Cae (u(n)) = V2NCs (2(1)) Cre (y(m))

V2N Cse (z(1)) Cze (y(m))

3
™
£
S
[




flx,y) = z Zﬂijbij(x,)’)

2-D Transforms ]

e Easily extendable if basis functions are

separable, i.e. B={ b,(x,y)=g{x).g(»)}.
They could be from two different ‘\
sets, say b(x,y)=g(x).h(y).

1-D basis function

e B: Orthogonal if G={g(x), i=1,2,..} is
orthogonal.
e B: Orthogonal and complete if G is so.

e Reuse of 1-D transform computation.

dj= ) gi) (2 Feog; (x))
Ji [




2D Discrete Yo =B Brn |

Transform

e Use of separability:

Transform columns.

Transform rows.
e Input: X .. 1-D Transform Matrix: B
e Transform columns: [Y],...=BxmX
e Transformrows: Y, =[B nanlT]T

=Y lB nxn
T
=B mmemxn nxn




Image Transform: DFT

Image: f(m,n), of size M X N

_iogkm o In
F(k 1) = Z zf(m,n)e JETM e TN
m=0 n=0
M-1N-1
fmn_MNk—Ol—o e )
Property of separability
M-1 N-1
T —]2nk— — ] 27—+
=F.fFy F(k, 1) = e M Z f(m,n)e N




DFT Examples:

Magnitudes
HFes e and phases
Magnitude;. | | are shown
: ‘ by bringing
them into
displayable
range, and
shifting the
origin at the
center of
iImage.

-




‘Vﬂg’ for p=0o0or N,

a(p) = { |
2D DCT 1,  otherwise.

o Type-l:
Xi(k,D) = #.a®(k).a’(1). Cpmeo Xono(x(m, n) cos(B7E) cos(5FH)),
0<k<MO<I<N.

o Type-ll

e Matrix Representation'

Xi(k,1l) = Zalk)al). oy SN (@(m,n) cos(ZBEDTE) cog(22EDTL))

0<k<M-—-1, O<l<N—1

X = DCT(z) = Cpy x.Cx




An example:

Input image

Discrete Cosine Transform

-
=N

re are 16 different types of DCTs and DSTs.

[ - o
Sl
R s




Wavelets

e Functions to have /deally finite support in both its original
domain (say, time or space) and also in the transform domain

(i.e., the frequency domain).
No such function exists truly satisfying it.
Attempts to match these properties as far as possible.

e Acts as basis functions.
e Good localization property in both domain.




A few examples

o(t) 4

pulifiniviy
VT

| Y




An interesting function

e Same form in time and frequency domain
e Gaussian

e Analogy from Heisenberg’s uncertainty principle

0f0F = —

% 4
Variance of r weighted
by g?(f). Similarly for f.
For any function it

holds !
1t n
g(t) = Py 20° G(w)=e 2




Designing wavelet: An
intuitive approach

e Time limited signal: Wavelet to satisfy both?
e Square pulse Multiply them!!

e Band limited signal:
e Sinusoidal signal

@R Dc component=0 \K\// \/ Wavelet

'y 9




Gabor wavelet (1-D)

1t .
e 202 efznft

gﬂ%/\/\/\/h
Y

Real part Imaginary part




Shannon wavelet

sin(2nBt)
2Bt

/\

h(t) = 2B =2Bsinc(2Bt)




Haar Wavelet

P(t) =

( 1

2

1 1<t<1
> <

L0 Otherwise




Family of wavelets

e [ranslate and dilate a mother wavelet

U (t) —> translate

____________________________________

shift Dilate

__________________

T/ \ (low freq.)




Continuous wavelet transform

How correlated at

e Forward transform _ _
that instance with

From 1-D 1 t—T the wavelet fn.
representation to |/ (s, 1) = f f(t)—=y* (T) dt
S

2-D represenltatlon t . Reveals structure
e Inverse transform: of function at

multiple
resolution.

£(8) = — f f w(s, )= ) gsds

o — Fourier transform
where Cy =f |1/J| (T)l d
e W




Multiresolution representation

e Gaussian Pyramid
d@) =I(M- upsampled(1(2)

e d®

1(1)
(+) 40
—— 1(0) d@) =10)- upsampled(I)
23 (O) US(US (I(Z) )+ d’(\Z) )+/d$1) d® =71(-1)- upsampled(I(i))
2 Approxmaglon Details



Gaussian Pyramid:
Wavelet analysis

Obtained by

' {—1 convolution with
: 1(2) G(X,Y) and
downsampling at
successive stages.

Scaling function

1 (=) +(r=3e))
G x, = e 20°
(x,¥) o
Obtained by
convolution with .
~_ U~ DOG(x,y) and Filtering anq
<  downsampling at tran_sformatlon
equivalent!!

Wavelet successive stages.
d® function




Haar Wavelet transform

e Scaling function

Wavelet function

(1’

0

/Two parent
wavelets
0<t<1 \
Otherwise plt) =

f
1,

—1

0

()<lf<1
- 2
1

—<t<1
> S

Otherwise

HeAfily of translated and dilated functions from the both forms the basis.



Discrete wavelet transform
(DWT)

e Translated only at discrete grid points.

Finite sequence: A finite number of basis functions.

e Scaled by powers of 2: 2, j=0,1,...

Downsampling takes care of dilation of wavelets
and allows to use the same function at that level.

e Family of scaling and wavelet functions:
J .
0irm)=272¢0(27'n—k),j=01,..k=01,..,M

_j .
i) =229(27n—k),j=01,..k=01,..,M
M<N (length of sequence)




Haar wavelets in discrete grid

1

o N=8 p(n) = —2(1,1,0,0,0,0,0,0)
P(n) 1(1 1,0,0,0,0,0,0)
n - = )_ ) ) ) ) ) )
V2
1 1 0 0 0 0 0
0 0 1 1 0 0 0
: "\ 0 0 0 0 1 1 0
Transformation matrix: o o0 00 o1
V2|1 -1t 0 00 00
0 0O 1 —-1 0 0 0
0 0 0 0O 1 —1 0
0 0 0 0 0 0 1 -—

—_ O O 0O O 00O
L ]

ofrtesy: “Image and video processing in the compressed domain”, J. Mukhopadhyay, CRC Press, 2011.




DWT

e Translated only at discrete grid points.

e Scaled by powers of 2: 2/, j=0,1,...

Downsampling takes care of dilation of wavelets
and allows to use the same function at that level.

Filtering by the filter of same impulse response.
e Filtering banks.

Analysis Approximation

h(n)—'@ixa(n) h'(n
fx\(n) B g(n)—@Xd(nL@jg’(n)

Details

Synthesis

- x(n)




Dyadic decomposition

XaZ(n)

;

h(n)

h(n) < l > Xal(n)
) S )
- g(n)—@- Xdz(n)

Xg1(N)

e At each level sample size is halved
Equivalent of scaling by 2.

e Total number of samples remain the same.




Typical wavelet filters

e Daubechies 9/7 filters

e Le Gall 5/3 filters

Analysis filter bank | Synthesis filter bank
n h(n) gn—1) h'(n) g(n+1)
0 0.603 1.115 1.115 0.603
+ 1| 0.267 -0.591 0.591 -0.267
+ 2 | -0.078 -0.058 -0.058 -0.078
+ 3 | -0.017 0.091 -0.091 0.017
+ 4 | 0.027 0.027
Analysis filter bank | Synthesis filter bank
n |h(n)| gn—1) [h'(n)| g(n+1)
(5 5]
:;:01 5 _11 i 2
e 8 2 2 K
8 8 |

Bsy: "Image and video processing in the compressed domain”, J. Mukhopadhyay, CRC Press, 2011.



2-D DWT

e Separable filters.
e Transform rows, then transform columns.

Applications:

o Compression

o Denoising

o Feature representation
o Image fusion




Image compression

e An alternative representation requiring less
storage compared to in original original space.
An analogy with representation of a circle:
A set of all points in its periphery.
Only three (non-collinear) points.
Center and radius

e Decompression: Reconstruction from a compressed
Image in the original space.

e Lossy compression: Approximate reconstruction.
e Lossless compression: Exact reconstruction

57



Desirable features

e (Good reconstructibility
Visual quality of decompressed image should be high.

e Low redundancy

Spatial correlation, Channel (color) correlation, Symbol
representation,

e Factorization in substructures

Frequency components, Space-frequency
decomposition,

DCT, DWT

58




Generic pipeline of compression
and decompression

Input Forward Transform Entropy Compres
Object Transform Coefficients Encoding s_ed
object

Entropy
Decoding

Compress
ed Object

Inverse
Transform

Transform
Coefficients

59




Courtesy: J. Mukhopadhyay, Image and video processing
in the compressed domain, CRC Press, 2011.

JPEG: Baseline scheme

Typical quantization

s Type-II Even mask.
X
block \l 16| 11| 10| 16| 24| 40| 51| 61
12|12 14| 19| 26| 58| 60| 55
L] . Level DCT Quantiza -
Shifting ~tion 1413|1624 | 40| 57| 69| 56
14|17 22| 29| 51| 87| 80| 62

18|22 37|56 68|109103| 77
24| 35| 55|64 |81 104|113 92
49| 64| 78|87 |103(121(120| 101
v 72 92| 95|98 [112|100{103| 99

DC
Coefficient

Offset

RLE through

Huffman )
o Zlgzag —

Encoding Scanning \ !

DC Offset I

Zero-runs
appended with

DX

non-zero AC de de

Coefficient




Color encoding in JPEG

e Y-Cb-Cr color space:

Y =0.520G +0.098 B +0.256R
Cb=-0.290G + 0.438 B - 0.148R+128
Cr=-0.366G -0.071 B +0.438R+128

Cb |
c DCT —» Quant . 9 Zigzag
r

Macroblock l

Huffman
110010001 o JEE— Coding <+— RLE

Courtesy: J. Mukhopadhyay, Image and video processing
in the compressed domain, CRC Press, 2011.




Courtesy: J. Mukhopadhyay, Image and video processing

JPEG 2000

A single tile

n the compressed domain, CRC Press, 2011.

Subbands

o~

—q

N Code-blocks

'

S L I G
e Lossy: Daubechies 9/7 filters
e Lossless: Le Gall 5/3 filters Uiy
e Color Transformation: Z:Uij .
e Lossy: Y-Cb-Cr (w/o downsampling) / —
o Lossless: Y:{R+246+B‘ U—R-G V=BG 2




JPEG 2000: Quantization

e Each sub-band independently quantized with a uniform
guantization threshold.

_ U
A =21 6(1 +ﬁ)

n: Nominal dynamic range of the sub-band, e.g. 10 for HH;

e , u . the number of bits allotted to the exponent and mantissa
respectively, of its coefficients.

e Quantized coefficient (of X(u,v) )

Xy, v) = sign(X(u,v)) VX(IX v)l‘

e Forlossless compression: A=1
e Implicit quantization: Lowest level (LL): ¢; , ug
> Forthe i th sub-band at level k: uy= ypand e=¢;+i—k *




JPEGZOOO Code Structure

Every sub-band partitioned into a set of non-overlapping codeblocks.

e Each codeblock independently coded by a schema called Embedded
Block Coding on Truncation (EBCOT).

e each bit-plane of wavelet coefficients is processed by three passes,
namely, significant propagation, magnitude refinement, and clean-up.

e The resulting bit-stream encoded using Arithmetic Encoding.

e A layer formed with the output
of similar passes from a group [0 [
of code blocks. = |

NN
e In alayer, packets formed by S N, ™

grouping corresponding code | N
blocks of subbands at the same

level of decomposition. 7y T precincts
also known as precincts

Fam

Courtesy: J. Mukhopadhyay, Image and video processing in the o4

compressed domain, CRC Press, 2011.




Summary

e Image transforms involve representation of images as a
linear combination of a given set of basis functions.

e For a finite discrete sequence, this is treated as a linear
combination of a given set of basis vectors.

e Orthogonal set of basis functions (vectors) simplifies
computation of forward and inverse transforms

Inner product of the function with the basis function.
Examples: Fourier Transform, Wavelet Transforms (may be also

non-orthogonal)
e A set of basis functions may be orthogonal but not
complete for exactly representing any arbitrary function.
Cosine and Sine Transforms in continuous domain.

For finite discrete sequences several orthogonal and complete
transforms available: DFT, GDFTs, DCTs, DSTs, etc.

65



Summary

e Alternative representation provides other insights of
structure of images.
low frequency and high frequency components.

e May become useful for providing more compact
representation.
A few transform coefficients.

Selective quantization of components, considering their
effect on our perception.
Image compression: JPEG

e Sometimes convenient for processing.
Filtering, enhancement, ...




Summary

e Wavelets represent the scale of features in an
Image, as well as their positions.
Time-scale, Space-Scale representation

e Fast computation of forward and inverse transform

e Provides multiresolution representation.
Enables progressive and scalable processing

e Lossy and lossless reconstruction possible.
e useful for a number of applications including image
compression.

JPEG2000







