3.5.3 Discrete Cosine Transform (DCT)
® 2N-point extended DFT

® 1-D DCT pair:
N-1
. Cl)= a(u)xZOf(x) cos E(sz-l-z\ll)unD
- inverse ;
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® 2-D DCT pair:
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: mainly used in image compression (excellent energy compaction)

® DCT Basis Images (N=4) :
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DCT basis function for N=4

® DCTed image (log. Mag.)




3.5.4 Harr Transform

® Based on Haar functions which are defined over continuous, closed interval

® [¥ step in generating Haar Transform : (integer k decomposed uniquely)
k=0,..., N-1, N=2"

k=2"+qg -1 (3.3-30)

wherel=p =n l,g =0orlforp = 0, and | = g = 2 for p # 0. For
example, if & = 4, k, g, and p have the following values:
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With this background, the Haar functions are defined as

hd z) El holz) = ‘-.,-'_I-"-.' for z w [0, 1] (3.5-51a)
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3.6 The Hotelling Transform (Karhunen-Loeve tranform)
: based on statistical properties of vector representation

® arandom vector :
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- mean vector ;
m, = F{x}
- covariance matrix ;
— T
C,=FE{(x-m,)(x-m,)" }

: nXn matrix

v' element c;: the variance of x;

v' element c;: covariance betweenx;and x;
v’ C,:real and symmetric (¢;=c;;)

v’ if xand x; are uncorrelated

® for M vector samples, approximately

1 M
m, =3 x,
Mk:1
R T
Cx = Zxkxk -m,my
k=1

® (. :real, symmetric :

— a set of n orthonormal eigenvectors : always exist
- e;:eigenvectors



- A :eigenvalues i=1,2,...,n

Ai 2 Ay
- CXel =Al el
- A

v' Matrix formed from the eigenvectors e;
v’ the first row of A

: eigenvectors corresponding to the largest eigenvalue
v’ the last row of A

: eigenvectors corresponding to the smallest eigenvalue

Hotelling transform :

y = A(X-m)

¥

Transformation matrix

- meanof y: 0-my =0

— T e e .
- Cy =ACA" ; “similarity transformation”
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v"  element of y vectors : uncorrelated

- C4,Cy : the same eigenvalues, eigenvectors

X = A'ly +my



ex) rotation of object (eigenvector & ©]-&)

- principal axes (or eigenvectors) |l t]3}o] rotation

- rotation of axis;

¥ =xycosB +x,sinf
¥y =—x;sin@ + x, cosO
[y 0 Ocos@  sin@ [k O
O 0=0 .. M O
(V20 [Tsin@ cosOIx[]

- for p pixels ;

ap 0
C, ol g x;x; -m,m}
p :1 E

where  x;: position (a,b) of pixels
x;,m, : 2X] vectors

C,: 2x1 matrix

- eigenvectors of C,: eje,
v'direction : max variance

[ the same as direction of eigenvectors ;
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® Reconstruction of X from y :

- x:ATy+mx

- A;: kxn matrix from the k eigenvectors corresponding to the k largest

eigenvalues
- vector reconstructed by A, ;

ﬁ:Aky+mx

- mean square error between xand X ;

n k n
s =S A =3 A= A
j=1 j=l1

=kl

- “Hotelling Transform”is optimal in the sense thatit minimizes the mean

squared error
ex.) data compression (eigenvalue & ©|-&)

- 6 spectral images ; from 6-band multispectral scanner
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