Image Restoration
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Image Restoration

=  Subjective Enhancement vs. Objective Restoration

o Restoration

» recover an image that has been degraded by using a
priori knowledge of the degradation phenomenon

» Mmodeling the degradation and then apply the inverse
process

= Image degradation

> g(xy) = h(x,y)*f(x,y)+n(x,y)
» G(u,v) =H(u,v)F(u,v)+N(u,v)
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Noise Models

. Typical assumption
» Independent of one another
» Identically distributed
» Independent of the original image
- Important noise distributions
plz) w, o2 Comments
Gaussian h__le_W e (z—H )2 /207 most popular, sensor noise
Rayleigh %{: —a)e ) b forz >0 a4 V-'f. “]’-’. ul ]]_"_':' skewed, range imaging
Gamma ‘?Tbl_lt_‘ “forz >0 f—: r;-r—’_j laser imaging
Exponential ae % forz = () ﬁ “L_j Gamma with b = 1
Uniform h_]” fora <z <b “,‘h'j"". ':h_],;,‘ ) for generating other PDF
P, forz=ua
Salt-and-pepper P, forz==56 faulty switching

() otherwise




What Is Range Imaging?

Intensity image vs. range image
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Estimation of Noise Parameters

= If Iimage acquisition system is available
» take a picture of constant gray level image
» Investigate its disturbances

= If not

» guess, from the image, small patches of reasonably
constant gray levels

» Investigate the disturbances within those patches

allic

FIGURE 5.6 Histograms computed using small strips (shown as inserts) from (a) the Gaussian, (b) the Ravleigh,
and (c¢) the uniform noisy images in Fig. 5.4.



Estimation of Noise Parameters
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» Investigate its disturbances
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Estimation of Noise Parameters

= If Iimage acquisition system is available
» take a picture of constant gray level image
» Investigate its disturbances

o If not

» guess, from the image, small patches of reasonably
constant gray levels

» Investigate the disturbances within those patches




Mean Filters

Arithmetic mean filter
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Contraharmonic mean filter

() = 0 (arithmetic) and ) = —1 (harmonic)



Mean Filters
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. Harmonic < Geometric < Arithmetic < contraharmonic (Q=1)

» Harmonic can reduce salt noises
» Contraharmonic with positive Q can reduce pepper noises



Mean Filters

= 3-tap 1D mean filters

Input a a a 0 a a 2a a
) . 0.67

Arithmetic a a 0.67a 0.67a 1.33a | 1.33a | 1.33a
Geometric a 0 0 0 1.26a | 1.26a | 1.26a
Harmonic a 0 0 0 1.20a | 1.20a | 1.20a
Contraharmonic

a 0 0 0 1.15a 1.15a 1.15a
(Q=-1.5)
Contraharmonic a a a a 1.59a | 1.59a | 1.59a

(Q=1.5)




Mean Filters
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FIGURE 5.7 (a)
X-ray image.

(b) Image
corrupted by
additive Gaussian
noise. (¢) Result
of filtering with
an arithmetic
mean filter of size
3 X 3.(d) Result
of filtering with a
oeomelric mean
filter of the same
size. (Original
image courtesy of
Mr. Joseph E.
Pascente, Lixi,
Inc.)



Mean Filters
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FIGURE 5.8

(a) Image
corrupted by
pepper noise with
a probability of
0.1.(b) Image
corrupted by salt
noise with the
same probability.
(c) Result of
filtering (a) with a
IxX3
contraharmonic
filter of order 1.5.
(d) Result of
filtering (b) with
0 =-15.




Mean Filters

ab
FIGURE 5.9 Results

of selecting the
Wrong sign in
contraharmonic
filtering. (a) Result
of filtering

Fig. 5.8(a) with a
contraharmonic
filter of size 3 X 3
and 0 = —1.5.

(b) Result of
filtering 5.8(b) with
Q = 15.

= Contraharmonic filter cannot reduce both salt
and pepper noises simultaneously



Order-Statistics Filter

o There Is no clear cut between enhancement and

restoration
=  Recall 6| 4
» Sort the gray levels of the neighborhood 2 | 1
0,1,2,2,3,4,5, 6, 6)
min median max 2 o
» Min filter

x  Replace the center pixel with the minimum gray level (0)
» Max filter
x Replace the center pixel with the maximum gray level (6)
» Median filter
x Replace the center pixel with the median (3)
x  Excellent suppression of salt-and-pepper noises without
blurring



Order-Statistics Filter
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FIGURE 5.10

{a) Image
corrupted by salt-
and-pepper noise
with probabilities
P,= P, =01
{b) Result of one
pass with a
median filter of
size 3 X 3.

{(¢) Result of
processing (b)
with this filter.
{d) Result of
processing (c)
with the same
filter.

=  Recursive application of median filter




Order-Statistics Filter

Noisy image




Order-Statistics Filter

= 1SUjteration




Order-Statistics Filter

=  2"jteration
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Order-Statistics Filter

= 39jteration




Order-Statistics Filter

4" iteration




Order-Statistics Filter

100" iteration




Order-Statistics Filter

1000 iteration




Recursive Application of 3x3 Average Filter

Noisy image




Recursive Application of 3x3 Average Filter

= 1SUjteration
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Recursive Application of 3x3 Average Filter

= 2Yjteration
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Recursive Application of 3x3 Average Filter

= 39jteration




Recursive Application of 3x3 Average Filter

= 4" jteration




Recursive Application of 3x3 Average Filter

100" iteration




Recursive Application of 3x3 Average Filter

1000 iteration




Order-Statistics Filter

Pepper noise Salt noise
with p=0.1 with p=0.1
Max filter Min filter

output output




Order-Statistics Filter

» Sort the gray levels of the neighborhood s |46
(0,1,2,2,3,4,5,6, 6)

min median max 2 1 3

2 ) 0)

» Midpoint filter
x Yo[max + min|]
x Replace the center pixel with ¥2 (6+0) = 3
x  Good for randomly distributed uniform and Gaussian
noise
» Alpha-trimmed mean filter

x Remove the d largest gray levels and the d smallest gray
levels, and then replace the center pixel with the average
of the remaining gray levels

x 1f d=2, replace the center pixel with 1/5 (2+2+3+4+5) = 3.2

x  Effective for removing the combination of
Gaussian/uniform and salt-and-pepper noises



Order-Statistics Filter

Uniform noise
with variance 800
+ salt-and-pepper noise
with ps = p, = 0.1

Uniform noise '
with variance 800 b

Arithmetic mean Geometric mean

filter (5X5) filter (5X5)
Median filter Alpha trimmed
(5x5) filter with d = 5

(5x5)




Adaptive Mean Filters

= Applying lowpass filtering only to smooth region
» reduce noises in smooth region
» avoid blurring of edges

= Define local region S,y around each pixel (x,y)
= Obtain the local variance o in Sy

» High 6,2 — edge regions

» Low 6?2 — smooth regions
= Filter response depends on ¢, ?



Adaptive Mean Filters — Method 1

a(x, y)

Sxy

(X, y)
o

e

P

Local mean: mg

Local variance: o2

If (0% >0)
fx,y) = g(x, y)
else

flx,y) = myp,



Adaptive Mean Filters — Method 2

f(33a'y) = (1-— Of)CT%)g(ar,y) + amy,
oy o7
= (1-=)g(a,y) + —my,
o7 o7
cr% = estimated noise power (often not available)

Assume that O’% > cr%
2

[f not, force cr% — cr;].

Method 2 becomes Method 1 1n two extreme cases

When cr% = 0 (or very large O'% ), no filtering
2

f_'f,Iril - 2 ~ .
o2 = 1 (or very small o7 ) do mean filtering

When




Adaptive Mean Filters — Method 2
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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
filtering.

{(c¢) Result of
geometric mean
filtering.

(d) Result of
adaptive noise
reduction
filtering. All filters
were of size
7TxT




Adaptive Mean Filter
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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
filtering.

{(c¢) Result of
geometric mean
filtering.

(d) Result of
adaptive noise
reduction
filtering. All filters
were of size
7TxT




Adaptive Median Filter

Change the window size

Apply median filtering
only if the current pixel is
extreme (an impulse)

Zminy Zmax; Zmed =
minimum, maximum, and
median gray levels in Syy

Zyy = gray level of current
pixel (X,y)

Wax = maximum size of
Sxy

voilid mainf{
size = 3 // Sxy = 3x3
f(x,y) = AMF (Sxy, size);

}

int AMF (Sxy, size)
{
if(zmin < zmed < zmax) //zmed is not impulse
return med or itself (Sxy, size);
else{ // zmed is an impulse, increase window
size++;
if(size < Wmax)
AMF (Sxy, size);
else
return zxy; // cannot do anything

}

int med or itself (Sxy, size)

{ // return median only if zxy is an impulse
if (zmin < zxy < zmax) return zxy;
else return zmed;



Adaptive Median Filter
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FIGURE 5.14 (a) Image corrupted by salt-and-pepper noise with probabilities P, = P, = 0.25. (b) Result of fil-
tering with a7 X 7 median filter. (¢) Result of adaptive median filtering with Sy, = 7.

Roughly speaking, non-adaptive median filter can remove salt-and-pepper
noises when Ps<0.2 and Pp<0.2

7x7 window is too large and degrades the original information
Adaptive median filter

»  Tryto use small window first
» Also, do not change the pixel values which are not impulses



Periodic Noise

Interferences from periodic
electromechanical devices
(i.e. motors)

Spatial dependency
Not identically distributed

Can be reduced by
frequency domain filtering



Frequency Domain Filtering for Periodic Noise Reduction
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FIGURE 5.15 From left to right, perspective plots of ideal, Butterworth (of order 1), and Gaussian bandreject
filters.

0 if|D(u,v)— Dy < X
[deal: H(u,v) = (1, 0) ol = 2

I if[D(u.v) — Do| > &
where W is the width of rejection band and [ is its radial center
Butterworth: H (u, v) = : 5 100; D=3, W=1

H—[ D(w,v)W r

D2(u,v)—D2

[ [y v 60.-_
1 J’)‘Z[-u.-t'}—ﬂﬁ 2 i
2 D{w,v)W

Gaussian: H(u,v) =1—¢

S




Frequency Domain Filtering for Periodic Noise Reduction
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FIGURE 5.16

(a) Image
corrupted by
sinusoidal noise.
(b) Spectrum of (a).
(¢) Butterworth
bandreject filter
(white represents
1). (d) Result of
filtering. (Original
image courtesy of
NASA.)

Butterworth with order 4



Bandpass Filter

= Hpp(u,v) =1 — Hy(u,v)




Notch Filters

= Notch reject or notch pass filters
» Appear in symmetric pairs about the origin
» Conjugate symmetry of DFT

=  Number of pairs in notch filters can be arbitrary
" an(U,V) — 1 - Hnr(u,V)




Notch Filters

Notch reject filter at (ug, vo) and (—up, —vp) with radius Dy

Di(u,v) = [(u— 'H-H)Q + (v — -1.1{}}2] 1/2
Da(u,v) = [(u4u0)? + (v+v0)?]t/?
[deal
0 ifD'l{Hj-?_l} ‘i_ D{}Dl’ Di}('ﬁ'_ir'?_j} c:_ D”
H(u,v) = .
1 otherwise
Butterworth
1
H{u,v) = . _
- Dz_.
L+ [D'l['1¢~1’:'j7—i)2f'ta-.1:j]
Gaussian

‘”l':'ff-i"ﬁlf}:j__}{.fa..:~';.]

' _%[ D2
H(uv)=1—¢ -



Notch Filters

- Superposition of many
notch filters to design
arbitrary shape filter




Advanced Notch Filtering

ab

FIGURE 5.20

(a) Image of the
Martian terrain
taken by
Mariner 6.

(b) Fourier
spectrum showing
periodic
interference.
(Courtesy of
NASA.)

Clearly defined interference patterns are not common

N {\'1.{-, v) = H{\'u'a v “(_;f(u ?‘j)

™ Design notch pass filter H (u, v) by inspection of G(u, v)

\ /

W n(x.y) = IDFT[N (u, v)] is a coarse estimation of the noise signal

Ideally, f(z,y) = g(x.y) — n(x.y)

s w b

" we can remove too much information

Weighted subtraction

A

flx,y) = glx,y) —w(z, y)n(x, y)

™ The problem is how to design the weighting window w(z, )



Advanced Notch Filtering

flx,y) = g(z,y) — w(z,y)nlz.y)

. . . e . ) .
Smoothness constraint: design w(x, ¥) to minimize the local variance o= (z, y) of f(x, y)

o = 5
o (x,y) = s,y+t)— flz,y)l”
Yy ‘>u+11>b+1 ZZ Y f(x.y))

s=—at=—b

— J_ L
(x, = ‘ t
Sz, y) Qo+ Db+ 1) Z Z flz+s.y+1)

S=—11 f_—'.l

Assuming w(x + s,y + t) = w(x, y), it can be shown that the optimal w(x, ) is given by

glz,y)n(x,y) — glx.y)n(z,y)

w(r,y) = —

N
n?(xz,y) — 7 (z, y)



Advanced Notch Filtering

=

o

i

i
¥
NiT
LR AH

1w,
o5

~

Weighted
Subtraction
of Noise




Linear Shift-Invariant Degradations

FIGURE 5.1 A
h model of the
flx.¥) image
degradation/
restoration
process.

Degradation

Fle,y) o function

H

Restoration
filter(s)

Moise
(X, v)

DEGRADATION

RESTORATION

Underlying assumption: the degradation function H is
» linear

» shift-invariant (position-invariant)

Point spread function (impulse function)

»  h(xy) = H[3(x,y)]

Space domain (convolution)

> g(x.y) = h(xy)*(x,y)+n(x,y)

» The restoration filter is called deconvolution filter

Frequency domain
» G(u,v) = H(u,v)F(u,v)+N(u,v)



Estimating the Degradation Function

=  Blind deconvolution = degradation estimation +
restoration
» True degradation function is seldom available

=  Degradation function can be estimated via
» Observation
» EXperimentation
» Mathematical modeling



Estimation by Image Observation

™ Find a strong edge region g. (. 1)
™ Most degradation are lowpass filtering (blurring)

W It is easier to detect blurring in edge regions

™ Guess the original content of the region ﬁ; (x, 1)

™ The most difficult part

" Degradation is estimated in frequency domain by




Estimation by Experimentation

= |If the image acquisition system (camera or display)
IS avallable

» Acquire the impulse response (point spread function)
directly

i i

FIGURE 5.24
Degradation
estimation by
impulse
characterization.
(a) An impulse of
light (shown
magnified).

(b) Imaged
(degraded)
impulse.




Estimation by Modeling

m Physical model of degradation caused by
atmospheric disturbance

H(u, “U) = e_;"'(u-j-i—t-‘?);fﬁ

m k= 0.0025: severe disturbance
m k= 0.001: mild disturbance

m &= 0.00025: low disturbance



Estimation by Modeling

Blurring due to the motion between object and sensor
f(x, y) moves at trajectory (xo(t), ya(t)).
glx,y) = [ flz —xo(t),y — yo(t))dt.
1" the duration of shutter opening
Output gray level = integration of instantaneous exposure

In frequency domain

h - N 3y Py \
(__;(’l.t;’-'.lj = / / [ f('.?_‘ — ;IT{}(IL-),y — y”(f}jdt f:?_-?'?“"u*l""'l’?}f}(]{m d.’y
- / [/ / flx—zo(t),y — yo(t))e 72T e da dy | dt
S J— e J —
e

— 27 (uxg(t)+vyo(t))
= F(’u?’{-‘} / e J flt““xf.-‘l‘lynﬁf},'df
Jo
Thus, the degradation function 1s given by

— 72w {uxp(t) ETRIEAD
H('u-,'l-‘) = / e’ f‘t”"-‘f;‘l‘lynifudf
J U



Estimation by Modeling

Blurring due to the motion between image and sensor

" Constant velocity: x(t) = aTt and yo(t) = %
" Then,
.-I‘ o
H(u,v) = f e—J2m(uzo(t)+vyol(t)) gy
0
T ; —jmluatvb)
= (vra + ob) sin[m(ua + vb)le™ 7™
m(ua + v

ab

FIGURE 5.26 (a) Original image. (b) Result of blurring using the function in Eq.(5.6-11)
witha=0b=0land7T = 1.



Inverse Filtering

-
W)
(R

Glu, v) N{u,v
(Y _ py ) 4+ (u, v)
H(-u.: v) ) H('H.: )

Fu,v) =
Small H (wu, v) may cause noise amplification
Often H (u, v) has large values at low frequencies

So to avoid the amplified noise, F'(wu, v) can be lowpass filtered



Inverse Filtering
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FIGURE 5.27
Restoring

Fig. 5.25(b) with
Eq. (5.7-1).

(a) Result of
using the full
filter. (b) Result
with H cut off
outside a radius of
40 (¢) outside a
radius of 70; and
(d) outside a
radius of §5.




Derivation of Wiener Filter — Summary

Discrete-time Fourier Transform

.:)C.

X(ejw) = Z :I?("T?..)E’_j wn e
n=—oc Properties of auto-correlation
z(n) = 2i X (e)el" duw and power spectrum
Vi P

o —

- I'w(n) is an even function
- Si(e™) is real

| - Power of x(n)
ree(n) = E{z(m)z(m —n)} 1 /’ & (iwy g
5= [ Swa(e’)dw

Stationary random signals
»  Auto-correlation

E{r*(n)} =
> Power spectrum
.“'_)C.

Sm;p(t’.‘jw) — Z 'T’T;p(TI..)E’_jwn - Fllterlng of random Slgnal
relatio X(n) — H = y()
»  Cross-correlation and its transform _ i S B 2
| Syy(61) = Sy (e7) | H (1"
rag(n) = E{z(m)y(m—n)} yy (67Y) = S (7)) H (W), )

o0

Say (ejw) = Z Py (1) e Jwn

n=—oc



Derivation of Wiener Filter — Summary

Original Degradation Observed Linear Estimated

or processing T ( n ) estimation ’E}( n )

= Orthogonality Principle

» For the linear estimator to minimize the mean square
error

E{ly(n) —g(n))*} for each n.

the prediction error and the observation should be
orthogonal, i.e.,

E{ly(n) —y(n)lz(m)} for all n and m.



Wiener Filtering — Derivation

Filter G

Wiener ~
uw —H —>@—> v — —

We assume that
E{u(nin(m)} =0 for all n and m

From the orthogonality principle
E{lu(n)—da(n)vim)] =0  for all n and m

::" f‘,gH-[;ll::l = f,g-,!,gl_‘.'l-?__l

= ~5r.!.!e-'::f"jul::' — '51.!'.!1":"'}“. ] \ /
Wiener Filter Formula

~

We can also show that H*(ei)S,,

G(el?) =

— F TTIEY i IS F L ~ ; fapps le,ju | ||".-i' I—I— ,E‘; |:f|:",);“"'|
Sw(€’") = |H|~'“J“ ,:'|2~5uu (e?" )+ -5:j'!}|‘|! U > | ‘ Suul it

H* (e
Suv ”’“.] = H' (e Imlk-’.!.:ulf’“.:'- H(ew I‘ + L'}r}r,*lf,i'-: )/ Suu (™)

1)

-"1- i ..li; I . ¥ ..-|; Ty i |_Ii; (T
Sipled ™) = Gled 7 ) Sule’™)



Wiener Filtering

Consider both the original image f(x, y) and noise n(x, y) as random signals
S ¢ (u, v): power spectrum of image
Sy (u, v): power spectrum of noise
W . . o . .o . . R
Given g(x, y), find the best linear estimate f(x,y) which minimizes E{(f — )~}

In frequency domain, Wiener filtering is given by

. H* (u,v i
Flu,v) = = ( ) ] Gu,v)
\ | H (w,v)]2 + Sy (u,v) /Sy (u,v)

1 H(u,v)|” i

_ . | ji,’l | — ] (_;{'1.{-,'1‘)
| H(u,v) |H(u, ’UHE + Sylu,v)/ ‘Sf{f“ﬂ v) \
1 H (u,v)|? :

~ | (u'?’| -1 G, v)
| H(u,v) |H(u,v)|? + K -

Fourier transform
of observed image,
not the restoration filter



Wiener Filtering

HEElE o

FIGURE 5.28 Comparison of inverse- and Wiener filtering. (a) Result of full inverse filtering of Fig. 5.25(b).
(b) Radially limited inverse filter result. (¢) Wiener filter result.

Inverse
filter

Wiener
filter

Smoothing
filter

(b) Deblurring



Wiener Filtering

Strong
noise

Medium
noise

Weak
noise




Geometric Mean Filter

Eat

Flu,v)=

- a $fo0 o l—a
! J] [ H(u, ) G(u, v)

[ H(u, v | H(u,v)|? 4+ BS,(u.v)/Ss(u.v)
a = 1: inverse filter
a = 0 and 3 = 1: Wiener filter

a = 1/2 and 3 = 1: spectrum equalization filter



Restoration of Geometrically Distorted Image

E f(x,y) is geometrically distorted to
g(x,y)
» g, y)=1(x,y)
x X =r(xy)
X y=s(xy)
» For example
x  r(x,y) =x/2 and s(x,y) = y/2

x  gX/2, yI2) = f(x,y)
x  g(x,y) is a shrunken image of
f(x,y) by a factor 2

" A model for geometric
transformations
» X =r(Xy) =CX+Cy+CyXy+C,
> Y =8(XY)=CsX + Cy +CoXy + Cq
» If we know four pairs of

corresponding points, the eight
coefficients can be obtained




Restoration of Geometrically Distorted Image

=  Corresponding points are established by
» human inspection
» taking a picture of a calibration box or image

=  Geometric transformations r(x,y) and s(x,y) are
estimated block by block

=  For each pixel coordinate (x,y),
» Its corresponding coordinate (x’, y’) in g is computed
» Then, f(xy)=g(x\y)
» If X ory’is notinteger, do ZOH or bilinear interpolation

Spatial transformation

/_\h\
i \ ’ Nl
v Iy Y
? =
\ / Nearest neighbor to (1", ¥')

., el
\_//

f(.‘r. ¥) Gray-level assignment glx, v

FIGURE 5.33 Gray-level interpolation based on the nearest neighbor concept.

Calibration box



Restoration of Geometrically Distorted Image

cd

FIGURE 5.35 (a) An image before geometric distortion. (b) Image geometrically dis-
torted using the same parameters as in Fig. 5.34(e). (c) Difference between (a) and (b}).
(d) Geometrically restored image.



