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Motivation

e Remove, or at least reduce, blur and noise
In a digital image.

 Restoration attempts to recover an image
that have been degraded by using a priori
knowledge of the degradation function.




Image Degradation/Restoration Model

Degradation g (%, ¥) [ Restorat A
f(x, y) — fl;]?ftl;))n 4@— esﬁlci;a; on —»f(x, y)

Noise
: nxy) .
: Degradation : Restoration

Degradation model with additive noise

g, »)=h(x,y)*flx,y) +n(xy)
G(u,v) = H(u, v) x F(u, v) + N(u, v)



Goal of restoration

Degradation g (*, ) [ Restorati A
fx,y) —> fﬂ?ftl;))n 4@‘)— eSﬁﬁ;&; on |, #(x. y)

Noise
7 (x, )

Goal of restoration: to make ff (x, )~ f(x,y)



Noise Models

* Noise arises during image acquisition
and/or transmission.

e Random Noise
— Noise Is Independent of location and time.

— Can be described by probability density
function (PDF)

* \White noise
— Constant power spectral density
— Zero mean



Gaussian noise (normal noise)
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Gaussian noise = white noise ??



More PDFs of noise

Gramma

Ravleieh
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Rayleigh noise Gamma noise
b_b-1
When A g a, p(z) :%(Z_a)e—(z—a)Z/b When z z 0,p(Z) — (C;?il)!e—az

When z<a, p(z)=0 When z<0, p(z)=0



More PDFs of noise

Exponcntial b=y
I - Limitorm Impulse

h T i f

Exponential noise Uniform noise  Impulse (salt-and-
pepper) noise



Patterns of noisy images

Test pattern

Gaussian Rayleigh Gamma



Patterns of noisy images

Test pattern

Exponential Uniform Salt & Pepper



Periodic Noise

« Spatially dependent noise
* Reduced by frequency domain filtering

/ 7

Degraded X-ray image Removal by notch filter Inverse 2D-FT



Estimate of the Noise Parameters




Restoration filters

e Random noise only: spatial filtering
— Mean filters
— Order-statistic filters
— Adaptive filters

 Periodic noise only: spectral filtering
— Band-reject filters
— Notch filters

* Non-identity degradation function




Restoration — in Spatial domain

e Assume the only degradation present In an
Image IS noise.

gx,y) = f(x,y)+n(x,y)
G(u,v)=F(u,v)+ N(u,v)



Mean filters

e Arithmetic mean filter
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FIGURE 5.7

(a) X-ray image.
(b) Image
corrupted by
additive Gaussian
noise. (¢) Result
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(Original image
courtesy of Mr.
Joseph E.
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Order-Statistics filters

e Median Filter
f(x,y) = median{g(s,t)}

(s.0)eS,,

etz 2h i 5 o max/min filter, midpoint filter, ...



Adaptive filters

e | ocal noise reduction filter

~N

0_2
f(x,y)=g(x,y)—g—';[g(x,y)—mL]

L

2(x, v) : the value of the noisy image at (x, y)
o, . variance of the additive noise

o,” - local variance of pixelsin §,,

m; : local mean of pixelsin S,

S, - the rectangular filter region for (x, y)

2=077 2 299 2% 5297
Ifo, =07 Ito,”=0,°7?? WWo,°>0,/°7
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FIGURE 5.13

(a) Image
corrupted by
additive Gaussian
noise of zero
mean and
variance 1000.

(b) Result of
arithmetic mean
fiitering,.

filtering.

(d) Result of
adaptive noise
reduction
filtering. All filters
were of size

7 X7

Adaptive filters




Restoration — in Frequency domain

* Band-reject Filter

u ‘/II - . )
|deal Butterworth Gaussian

 Notch Filter

Please check slides of last
Wil topic for more examples...



Estimating degradation function

Degradation g (*, ) [ Restorati A
fx,y) —> fﬂ?ftl;))n 4@‘)— eSﬁﬁ;&; on |, #(x. y)

Noise
7 (x, )

Model of linear, position-invariant degradation

g, ) =h(xy)*flxy)+n(xy)
G(u,v) = H(u, v) x F(u, v) + N(u, v)



Estimation by observation

e Observation
— PR B nzlagad ik g (x,y)
_=* 8 g (xy) 48 & - hideal image £.(x,y)
— B3% noise ¥ £, v%

G, (u,v)

H, ()= F (u,v)

AN

B £ Rt B FT T



Estimation by experimentation

* Experimentation
— ¥ELk R (A% R~ 4% 4%4F) B~ (strength of
the impulse: A)
G(u,v)
A

_ H(M,V) —

Imaging
system

Impulse of light g (x : y)



Estimation by modeling

* Derive a mathematical model according to the
basic principles.
— To know how image was degraded first.
— Describe the model mathematically.



Estimation by modeling

negligible k= 0.0025

* Modeling
EX: = 5 % in

H(u,v) = gk

where k depends on the
nature of the turbulence.




Image restoration approaches

 Inverse filtering

F(u V)= H(u V)

N(u,v)
H(u,v)

ﬁ’(u,v) = F(u,v)i+

* Even H was precisely estimated,...
 When H has zero or very small values,...



Direct inverse filtering  Cut-off freq.= 40

A 480 x 480 image
degraded by a
function with £ =
0.0025

H(u,v)= g H




Wiener filtering

 Least mean square error filtering
— B T2 A ik
 To minimize the error function
_ 2 75\2
e =E{(f-1)}
H (u,v)
|]7((24r,v)‘2 HS, (,v)/ S, (u,v)

-G(u,v)
- >~ 1/SNR

S,(u, v) = | N(u, v) |* : power spectrum of the noise
Se(u, v) = | F(u, v) |* : power spectrum of the undegraded image

ﬁ’(u,v) =




Wiener filtering

Inverse filtering with a

Wiener filtering
cut-off freq. of 70

Direct inverse filtering

Wiener filter Is also an adaptive filter.



Left column: Images
corrupted by motion
blur and additive noise.

Direct inverse filtering ~ Wiener filtering



Review

* Model of Image restoration
— Noise model

* Noise-only: restoration filters
e Degradation functions

— Estimates of H
— Approaches to restore images
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