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Image decomposition based on Singular Value Decomposition (SVD)

Definition: (SVD) FOV‘ awy gﬁMmml Hae sinju‘ar value o\ecom(’os'-"wéw (SVD)

o-‘: 9 1S AéMv:lnt:vix 'Fuc,'\'Ovi%a-\-an : g = ey , whee I ¢ M, \V € Mnxy ore

or’rhoam[,l i s o o[\'arwn,l ™Mad rix ( S;J:O if L#;)) with c\(aaowal, entries g-‘ven [o\/:
L AT e A S X with < minlwm,n). ( uT[LT ub(T= -me’m)

VTV = VVT = Tam

Rewark.: = rant vje 8'\\




ey e e T T

Remark: s -;k

_L- °e~ T —‘: —-—) —_
1. Note 4hat §-= uA)S‘\/T = M( i }ﬁh\/ e B
- o =1 = t=1
U 4,7 is called +he cigen-image o [ 3 akeauD,

2 : FU' NxN imﬁﬁej +BL& Yﬁ%u«imo\ S’\’DVo.’Q e
(%’_J*_N.*_‘)"L:(ZN’“\r

= g v; [ rtrrms
Definition: [,, any kR (0skR<r) (e define

i — -
Ja= 29 y; ‘L{)T ((rak-t appreximartion of 3)

J=!




Error of the approximation SVD
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Example 2.1: Let

We have

Similarly, we have

Now, eig(ATA) are 17 and 1, and so oy = v/17, 02 = 1 and
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The matrix U is, therefore, given by
Moreover,

U=
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for some vector uz orthonormal to both u; and us. One possibility is
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Haar transformation

Definition: (Haar functions)
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Definition (Discrete Haar Transform)
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Example Compute the Haar Transform matrix for a 4 x 4 image.

Solution: Divide [0, 1] into 4 portions:




Need +o check :

We get that:

Easy to check that HTH = 1.




