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Image Restoration

▪ Subjective Enhancement vs. Objective Restoration

▪ Restoration

recover an image that has been degraded by using a 

priori knowledge of the degradation phenomenon

modeling the degradation and then apply the inverse 

process

▪ Image degradation

g(x,y) = h(x,y)*f(x,y)+n(x,y)

G(u,v) = H(u,v)F(u,v)+N(u,v)



Noise Models

▪ Typical assumption

Independent of one another

Identically distributed

Independent of the original image

▪ Important noise distributions



What Is Range Imaging?

▪ Intensity image vs. range image



Noise Models



Estimation of Noise Parameters

▪ If image 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
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Estimation of Noise Parameters

▪ If image 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

????



Mean Filters



Mean Filters

▪ 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 a 2a a a a

Arithmetic a
0.67 

a
0.67a 0.67a a 1.33a 1.33a 1.33a a

Geometric a 0 0 0 a 1.26a 1.26a 1.26a a

Harmonic a 0 0 0 a 1.20a 1.20a 1.20a a

Contraharmonic 

(Q=-1.5)
a 0 0 0 a 1.15a 1.15a 1.15a a

Contraharmonic 

(Q=1.5)
a a a a a 1.59a 1.59a 1.59a a



Mean Filters



Mean Filters



Mean Filters

▪ Contraharmonic filter cannot reduce both salt 

and pepper noises simultaneously



Order-Statistics Filter

▪ There is no clear cut between enhancement and 

restoration

▪ Recall

Sort the gray levels of the neighborhood

(0, 1, 2, 2, 3, 4, 5, 6, 6)

min       median       max

Min filter

Replace the center pixel with the minimum gray level (0)

Max filter

Replace the center pixel with the maximum gray level (6)

Median filter

Replace the center pixel with the median (3)

Excellent suppression of salt-and-pepper noises without 

blurring

6 4 6

2 1 3

2 5 0



▪ Recursive application of median filter

Order-Statistics Filter



▪ Noisy image

Order-Statistics Filter



▪ 1st iteration

Order-Statistics Filter



▪ 2nd iteration

Order-Statistics Filter



▪ 3rd iteration

Order-Statistics Filter



▪ 4th iteration

Order-Statistics Filter



▪ 100th iteration

Order-Statistics Filter



▪ 1000th iteration

Order-Statistics Filter



▪ Noisy image

Recursive Application of 3x3 Average Filter



▪ 1st iteration

Recursive Application of 3x3 Average Filter



▪ 2nd iteration

Recursive Application of 3x3 Average Filter



▪ 3rd iteration

Recursive Application of 3x3 Average Filter



▪ 4th iteration

Recursive Application of 3x3 Average Filter



▪ 100th iteration

Recursive Application of 3x3 Average Filter



▪ 1000th iteration

Recursive Application of 3x3 Average Filter



Order-Statistics Filter

Pepper noise 

with p = 0.1

Salt noise

with p = 0.1

Max filter

output

Min filter

output



Order-Statistics Filter

Sort the gray levels of the neighborhood

(0, 1, 2, 2, 3, 4, 5, 6, 6)

min       median       max

Midpoint filter

½  [ max + min ]

Replace the center pixel with ½  (6+0) = 3 

Good for randomly distributed uniform and Gaussian 
noise

Alpha-trimmed mean filter

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

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

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

6 4 6

2 1 3

2 5 0



Order-Statistics Filter

Uniform noise

with variance 800

Uniform noise

with variance 800

+ salt-and-pepper noise 

with ps = pp = 0.1

Arithmetic mean 

filter (5x5)

Geometric mean 

filter (5x5)

Median filter

(5x5)

Alpha trimmed 

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 Sxy around each pixel (x,y)

▪ Obtain the local variance sL
2 in Sxy

High sL
2 → edge regions

Low sL
2 → smooth regions

▪ Filter response depends on sL
2



Adaptive Mean Filters – Method 1

g(x, y)

(x, y)

Sxy

▪ Local mean: mL

▪ Local variance: sL
2



Adaptive Mean Filters – Method 2



Adaptive Mean Filters – Method 2



Adaptive Mean Filter



Adaptive Median Filter

▪ Change the window size

▪ Apply median filtering 

only if the current pixel is 

extreme (an impulse)

▪ zmin, zmax, zmed = 

minimum, maximum, and 

median gray levels in Sxy

▪ zxy = gray level of current 

pixel (x,y)

▪ Wmax = maximum size of 

Sxy

void main{

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

▪ 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 

Try to 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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Frequency Domain Filtering for Periodic Noise Reduction

Butterworth with order 4



Bandpass Filter

▪ Hbp(u,v) = 1 – Hbr(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

▪ Hnp(u,v) = 1 – Hnr(u,v)



Notch Filters



Notch Filters

▪ Superposition of many 

notch filters to design 

arbitrary shape filter



Advanced Notch Filtering



Advanced Notch Filtering



Advanced Notch Filtering

Input
Estimated Noise

Weighted

Subtraction

of Noise



Linear Shift-Invariant Degradations

▪ Underlying assumption: the degradation function H is

linear

shift-invariant (position-invariant)

▪ Point spread function (impulse function)

h(x,y) = H[d(x,y)]

▪ Space domain (convolution)

g(x,y) = h(x,y)*f(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



Estimation by Experimentation

▪ If the image acquisition system (camera or display) 

is available

Acquire the impulse response (point spread function) 

directly



Estimation by Modeling



Estimation by Modeling



Estimation by Modeling



Inverse Filtering



Inverse Filtering



Derivation of Wiener Filter – Summary

▪ Discrete-time Fourier Transform

▪ Stationary random signals

Auto-correlation

Power spectrum

Cross-correlation and its transform

- rxx(n) is an even function

- Sxx(e
jw) is real

- Power of x(n)

- Filtering of random signal

Hx(n) y(n)

Properties of auto-correlation

and power spectrum



▪ Orthogonality Principle

For the linear estimator to minimize the mean square 

error

the prediction error and the observation should be 

orthogonal, i.e.,

Degradation

or processing

Linear 

estimation

EstimatedObservedOriginal

Derivation of Wiener Filter – Summary



Wiener Filtering – Derivation

H +
Wiener

Filter G

▪ We assume that

▪ From the orthogonality principle

▪ We can also show that

Wiener Filter Formula



Wiener Filtering

Fourier transform 

of observed image,

not the restoration filter



Wiener Filtering



Wiener Filtering

Strong 

noise

Medium

noise

Weak

noise



Geometric Mean Filter



Restoration of Geometrically Distorted Image

▪ f(x,y) is geometrically distorted to 

g(x,y)

g(x’, y’) = f(x, y)

x’ = r(x,y)

y’= s(x,y)

For example

r(x,y) = x/2 and s(x,y) = y/2

g(x/2, y/2) = f(x,y)

g(x,y) is a shrunken image of 

f(x,y) by a factor 2

▪ A model for geometric 

transformations 

x’ = r(x,y) = c1x + c2y + c3xy + c4

y’ = s(x,y) = c5x + c6y + c7xy + c8

If we know four pairs of 

corresponding points, the eight 

coefficients can be obtained



▪ 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,

If x’ or y’ is not integer, do ZOH or bilinear interpolation 

Calibration box

ˆ( , ) ( ', ')f x y g x y=

Restoration of Geometrically Distorted Image



Restoration of Geometrically Distorted Image


