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Fundamental Steps in DIP
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Light and EM Spectrum

c  ,   :  Planck's constant.E h h
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Light and EM Spectrum

► The colors that humans perceive in an object are 
determined by the nature of the light reflected 
from the object.

e.g. green objects reflect light with wavelengths primarily 
in the 500 to 570 nm range while absorbing most of the 
energy at other wavelength
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Light and EM Spectrum

►Monochromatic light: void of color
Intensity is the only attribute, from black to white

Monochromatic images are referred to as gray-scale
images

►Chromatic light bands: 0.43 to 0.79 um
The quality of a chromatic light source:

Radiance: total amount of energy

Luminance (lm): the amount of energy an observer perceives  
from a light source

Brightness: a subjective descriptor of light perception that is 
impossible to measure. It embodies the achromatic notion of intensity 
and one of the key factors in describing color sensation.
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Image Acquisition

Transform 
illumination 
energy into 

digital images 
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Image Acquisition Using a Single Sensor
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Image Acquisition Using Sensor Strips
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Image Acquisition Process
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A Simple Image Formation Model

𝑓 𝑥, 𝑦 = 𝑖 𝑥, 𝑦 ∗ 𝑟(𝑥, 𝑦)
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Some Typical Ranges of illumination

► Illumination
Lumen — A unit of light flow or luminous flux

Lumen per square meter (lm/m2) — The metric unit of measure for illuminance of a surface

 On a clear day, the sun may produce in excess of 90,000 lm/m2 of illumination on the surface of the 
Earth

 On a cloudy day, the sun may produce less than 10,000 lm/m2 of illumination on the surface of the 
Earth

 On a clear evening, the moon yields about 0.1 lm/m2 of illumination 

 The typical illumination level in a commercial office is about 1000 lm/m2
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Some Typical Ranges of Reflectance

► Reflectance

 0.01 for black velvet

 0.65 for stainless steel

 0.80 for flat-white wall paint  

 0.90 for silver-plated metal

 0.93 for snow
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Image Sampling and Quantization

Digitizing the 
coordinate 
values

Digitizing the 
amplitude 
values
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Image Sampling and Quantization
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Representing Digital Images
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Representing Digital Images

►The representation of an M×N numerical array as

(0,0) (0,1) ... (0, 1)

(1,0) (1,1) ... (1, 1)
( , )

... ... ... ...

( 1,0) ( 1,1) ... ( 1, 1)

f f f N

f f f N
f x y

f M f M f M N

 
 


 
 
 

    
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Representing Digital Images

►The representation of an M×N numerical array as

0,0 0,1 0, 1

1,0 1,1 1, 1

1,0 1,1 1, 1

...

...

... ... ... ...

...

N

N

M M M N

a a a

a a a
A

a a a





   

 
 
 
 
 
 
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Representing Digital Images

►The representation of an M×N numerical array in MATLAB

(1,1) (1,2) ... (1, )

(2,1) (2,2) ... (2, )
( , )

... ... ... ...

( ,1) ( , 2) ... ( , )

f f f N

f f f N
f x y

f M f M f M N

 
 
 
 
 
 
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Representing Digital Images

► Discrete intensity interval [0, L-1], L=2k

► The number b of bits required to store a M × N digitized image 

b = M × N × k 
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Representing Digital Images
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Geometric Spatial Transformations

► Geometric transformation (rubber-sheet transformation)
— A spatial transformation of coordinates

— intensity interpolation that assigns intensity values to the spatially 
transformed pixels.

► Affine transform

( , ) {( , )}x y T v w

   
11 12

21 22

31 32

0

1 1 0

1

t t

x y v w t t

t t

 
 


 
  
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Intensity Assignment 

► Forward Mapping

It’s possible that two or more pixels can be transformed to the same 
location in the output image.

► Inverse Mapping

The nearest input pixels to determine the intensity of the output pixel 
value.

Inverse mappings are more efficient to implement than forward 
mappings.

( , ) {( , )}x y T v w

1( , ) {( , )}v w T x y
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Example: Image Rotation and Intensity 
Interpolation



6

Image Registration

► Input and output images are available but the 
transformation function is unknown.

Goal: estimate the transformation function and use it to 
register the two images.

► One of the principal approaches for image registration is 
to use tie points (also called control points)

 The corresponding points are known precisely in the input and 
output (reference) images. 
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Image Registration

► A simple model based on bilinear approximation:

1 2 3 4

5 6 7 8

Where ( , ) and ( , ) are the coordinates of 

tie points in the input and reference images.

x c v c w c vw c

y c v c w c vw c

v w x y

   


   
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Image Registration
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Image Transform

► A particularly important class of 2-D linear transforms, 
denoted T(u, v)

1 1

0 0

( , ) ( , ) ( , , , )

where ( , ) is the input image,

( , , , ) is the   ker ,

variables  and  are the transform variables, 

 = 0, 1, 2, ..., M-1 and  =  0, 1,

M N

x y

T u v f x y r x y u v

f x y

r x y u v forward transformation nel

u v

u v

 

 



 ..., N-1.
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Image Transform

► Given T(u, v), the original image f(x, y) can be recoverd 
using the inverse tranformation of T(u, v).

1 1

0 0

( , ) ( , ) ( , , , )

where ( , , , ) is the   ker ,

 = 0, 1, 2, ..., M-1 and  =  0, 1, ..., N-1.

M N

u v

f x y T u v s x y u v

s x y u v inverse transformation nel

x y

 

 


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Image Transform



12

Example: Image Denoising by Using DCT Transform
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Forward Transform Kernel

1 1

0 0

1 2

1 2

( , ) ( , ) ( , , , )

The kernel ( , , , ) is said to be SEPERABLE if

( , , , ) ( , ) ( , )

In addition, the kernel is said to be SYMMETRIC if 

( , ) is functionally equal to ( ,

M N

x y

T u v f x y r x y u v

r x y u v

r x y u v r x u r y v

r x u r y v

 

 







1 1

),  so that

( , , , ) ( , ) ( , )r x y u v r x u r y u
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The Kernels for 2-D Fourier Transform

2 ( / / )

2 ( / / )

The  kernel

( , , , )

Where = 1

The  kernel

1
( , , , )

j ux M vy N

j ux M vy N

forward

r x y u v e

j

inverse

s x y u v e
MN





 








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2-D Fourier Transform

1 1
2 ( / / )

0 0

1 1
2 ( / / )

0 0

( , ) ( , )

1
( , ) ( , )

M N
j ux M vy N

x y

M N
j ux M vy N

u v

T u v f x y e

f x y T u v e
MN





 
 

 

 


 








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Probabilistic Methods

Let ,  0,  1,  2,  ...,  -1, denote the values of all possible intensities

in an  digital image. The probability, ( ), of intensity level

 occurring in a given image is estimated as

              

i

k

k

z i L

M N p z

z





     ( ) ,

where  is the number of times that intensity  occurs in the image.

k
k

k k

n
p z

MN

n z



1

0

( ) 1
L

k

k

p z






1

0

The mean (average) intensity is given by

                  = ( )
L

k k

k

m z p z





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Probabilistic Methods

1
2 2

0

The variance of the intensities is given by

                  = ( ) ( )
L

k k

k

z m p z






th

1

0

The  moment of the intensity variable  is 

                 ( ) = ( ) ( )
L

n

n k k

k

n z

u z z m p z





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Example: Comparison of Standard Deviation 
Values

31.6 14.3  49.2 
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Image Sharpening Using Frequency Domain 
Filters

A highpass filter is obtained from a given lowpass filter 
using

( , ) 1 ( , )HP LPH u v H u v 

0

0

A 2-D ideal highpass filter (IHPL) is defined as

0    if ( , )
                ( , )

1    if ( , )

D u v D
H u v

D u v D


 





3

Image Sharpening Using Frequency Domain 
Filters

 
2

0

A 2-D Butterworth highpass filter (BHPL) is defined as

1
                ( , )

1 / ( , )
n

H u v
D D u v




2 2
0( , )/2

A 2-D Gaussian highpass filter (GHPL) is defined as

                ( , ) 1
D u v D

H u v e


 
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The Spatial Representation of Highpass 
Filters
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Filtering Results by IHPF
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Filtering Results by BHPF
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Filtering Results by GHPF
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Using Highpass Filtering and Threshold for 
Image Enhancement

BHPF 
(order 4 with a cutoff 
frequency 50)
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The Laplacian in the Frequency Domain

 2 1

The Laplacian image 

( , ) ( , ) ( , )f x y H u v F u v  

2 2 2( , ) 4 ( )H u v u v  

2 2 2

2 2

( , ) 4 ( / 2) ( / 2) )

           4 ( , )

H u v u P v Q

D u v





      

 

2

Enhancement is obtained 

( , ) ( , ) ( , )     -1g x y f x y c f x y c   
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The Laplacian in the Frequency Domain

 

  

 

1

1

1 2 2

The enhanced image 

( , ) ( , ) ( , ) ( , )

           1 ( , ) ( , )

           1 4 ( , ) ( , )

g x y F u v H u v F u v

H u v F u v

D u v F u v







  

  

    
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The Laplacian in the Frequency Domain
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Unsharp Masking, Highboost Filtering and 
High-Frequency-Emphasis Fitering

Unsharp masking and highboost filtering

( , ) ( , ) * ( , )maskg x y f x y k g x y 

( , ) ( , ) ( , )mask LPg x y f x y f x y 

 1( , ) ( , ) ( , )LP LPf x y H u v F u v 

  
  

1

1

( , ) 1 * 1 ( , ) ( , )

           1 * ( , ) ( , )

LP

HP

g x y k H u v F u v

k H u v F u v





     

  
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Unsharp Masking, Highboost Filtering and 
High-Frequency-Emphasis Fitering

  1

1 2

1 2

( , ) * ( , ) ( , )

0  and  0

HPg x y k k H u v F u v

k k

  

 
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Gaussian Filter
D0=40

High-Frequency-Emphasis Filtering
Gaussian Filter

K1=0.5, k2=0.75
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Homomorphic Filtering

     ( , ) ( , ) ( , )f x y i x y r x y   

( , ) ( , ) ( , )f x y i x y r x y

( , ) ln ( , ) ln ( , ) ln ( , )z x y f x y i x y r x y  

= ?

       ( , ) ln ( , ) ln ( , ) ln ( , )z x y f x y i x y r x y   

( , ) ( , ) ( , )i rZ u v F u v F u v 
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Homomorphic Filtering

 

 

   

1

1

1 1

( , ) ( , )

          ( , ) ( , ) ( , ) ( , )

          ( , ) ( , ) ( , ) ( , )

          '( , ) '( , )

i r

i r

s x y S u v

H u v F u v H u v F u v

H u v F u v H u v F u v

i x y r x y





 

 

  

  

 

( , ) ( , ) ( , )

          ( , ) ( , ) ( , ) ( , )i r

S u v H u v Z u v

H u v F u v H u v F u v



 

( , ) '( , ) '( , )

0 0( , ) ( , ) ( , )s x y i x y r x yg x y e e e i x y r x y  
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Homomorphic Filtering

The illumination component of an image generally is 
characterized by slow spatial variations, while the 
reflectance component tends to vary abruptly

These characteristics lead to associating the low 
frequencies of the Fourier transform of the logarithm of an 
image with illumination the high frequencies with 
reflectance.
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Homomorphic Filtering

2 2
0( , )/

( , ) ( ) 1
c D u v D

H L LH u v e  
 
     

  

Attenuate the contribution 
made by illumination and 

amplify the contribution made 
by reflectance

Attenuate the contribution 
made by illumination and 

amplify the contribution made 
by reflectance
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Homomorphic Filtering

0

0.25

2

1

80

L

H

c

D












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Homomorphic Filtering



22

Selective Filtering

Non-Selective Filters: 
operate over the entire frequency rectangle

Selective Filters
operate over some part, not entire frequency rectangle
• bandreject or bandpass: process specific bands
• notch filters: process small regions of the frequency 
rectangle
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Selective Filtering: 
Bandreject and Bandpass Filters

( , ) 1 ( , )BP BRH u v H u v 
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Selective Filtering: 
Bandreject and Bandpass Filters
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Selective Filtering: 
Notch Filters

Zero-phase-shift filters must be symmetric about the origin.
A notch with center at (u0, v0) must have a corresponding 
notch at location (-u0,-v0).

Notch reject filters are constructed as products of highpass 
filters whose centers have been translated to the centers of 
the notches.

1

-

                         ( , ) ( , ) ( , )

where ( , ) and ( , ) are highpass filters whose centers are 

at ( , ) and (- , - ), respectively.

Q

NR k k

k

k k

k k k k

H u v H u v H u v

H u v H u v

u v u v






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Selective Filtering: 
Notch Filters

1

-

                         ( , ) ( , ) ( , )

where ( , ) and ( , ) are highpass filters whose centers are 

at ( , ) and (- , - ), respectively.

Q

NR k k

k

k k

k k k k

H u v H u v H u v

H u v H u v

u v u v







1/2
2 2

1/2
2 2

( , ) ( / 2 ) ( / 2 )

( , ) ( / 2 ) ( / 2 )

k k k

k k k

D u v u M u v N v

D u v u M u v N v

       

       

   

3

2 2
1 0 0

A Butterworth notch reject filter of order n

1 1
( , )

1 / ( , ) 1 / ( , )
NR n n

k k k k k

H u v
D D u v D D u v 

   
    

       

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Examples: 
Notch 

Filters (1)

0

A Butterworth notch 

reject filter D =3 

and n=4 for all 

notch pairs
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Examples: 
Notch Filters 

(2)
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