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UNIT I

DIGITAL IMAGE FUNDAMENTALS AND TRANSFORM

Introduction:

          Digital  image processing deals with manipulation of digital  images through a digital

computer. It is a subfield of signals and systems but focus particularly on images. DIP focuses on

developing a computer system that is able to perform processing on an image. The input of that

system is a digital image and the system process that image using efficient algorithms, and gives

an image as an output. The most common example is Adobe Photoshop. It is one of the widely

used application for processing digital images.

What is Digital Image Processing (DIP)?

Digital Image Processing (DIP) is a software which is used to manipulate the digital images by the

use of computer system. It is also used to enhance the images, to get some important information

from it.

For example: Adobe Photoshop, MATLAB, etc.

It is also used in the conversion of signals from an image sensor into the digital images.

A certain number of algorithms are used in image processing.

Digital Image Processing

o Digital Image Processing is a software which is used in image processing. For example:

computer graphics, signals, photography, camera mechanism, pixels, etc.

o Digital  Image Processing provides a platform to perform various operations like image

enhancing, processing of analog and digital signals, image signals, voice signals etc.

o It provides images in different formats.

Digital Image Processing allows users the following tasks
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o Image sharpening and restoration: The common applications of Image sharpening and

restoration are zooming, blurring, sharpening, grayscale conversion, edges detecting, Image

recognition, and Image retrieval, etc.

o Medical field: The common applications of medical field are Gamma-ray imaging, PET

scan, X-Ray Imaging, Medical CT, UV imaging, etc.

o Remote  sensing: It  is  the  process  of  scanning  the  earth  by  the  use  of  satellite  and

acknowledges all activities of space.

o Machine/Robot  vision: It  works  on  the  vision  of  robots  so  that  they  can  see  things,

identify them, etc.

Characteristics of Digital Image Processing

o It uses software, and some are free of cost.

o It provides clear images.

o Digital Image Processing do image enhancement to recollect the data through images.

o It is used widely everywhere in many fields.

o It reduces the complexity of digital image processing.

o It is used to support a better experience of life.

Advantages of Digital Image Processing

o Image reconstruction (CT, MRI, SPECT, PET)

o Image reformatting (Multi-plane, multi-view reconstructions)

o Fast image storage and retrieval

o Fast and high-quality image distribution.

o Controlled viewing (windowing, zooming)

Disadvantages of Digital Image Processing

o It is very much time-consuming.
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o It is very much costly depending on the particular system.

o Qualified persons can be used.

Elements of Visual Perception

Although  the  digital  image  processing  field  is  built  on  a  foundation  of  mathematical  and
probabilistic formulations, human intuition and analysis play a central role in the choice of one
technique versus another, and this choice often is made based on subjective, visual judgments.

Structure of the human Eye

The eye is nearly a sphere with average approximately 20 mm diameter. The eye is enclosed with

three membranes

a) The cornea and sclera: it is a tough, transparent tissue that covers the anterior surface of the

eye. Rest of the optic globe is covered by the sclera

b) The  choroid:  It  contains  a  network  of  blood  vessels  that  serve  as  the  major  source  of

nutrition to the eyes. It helps to reduce extraneous light entering in the eye

It has two parts

1) Iris Diaphragms- it contracts or expands to control the amount of light that enters the eyes.

2) Ciliary body

c) Retina – it is innermost membrane of the eye. When the eye is properly focused, light

from an object outside the eye is imaged on the retina. There are various light receptors over the

surface of the retina

The two major classes of the receptors are-
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1) cones- it is in the number about 6 to 7 million. These are located in the central portion of the

retina called the fovea. These are highly sensitive to color. Human can resolve fine details

with these cones because each one is connected to its own nerve end. Cone vision is called

photopic or bright light vision

2) Rods – these are very much in number from 75 to 150 million and are distributed over the

entire  retinal  surface.  The large area  of distribution  and the fact  that  several  roads are

connected to a single nerve give a general overall picture of the field of view. They are not

involved in the color vision and are sensitive to low level of illumination. Rod vision is

called is scotopic or dim light vision. The absent of reciprocators is called blind Spot.

Image Formation in the Eye

The major difference between the lens of the eye and an ordinary optical lens in that the former

is flexible.

The shape of the lens of the eye is controlled by tension in the fiber of the ciliary body. To focus

on the distant object the controlling muscles allow the lens to become thicker in order to focus

on object near the eye it becomes relatively flattened.
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The distance between the center of the lens and the retina is called the focal length and it varies
from 17mm to 14mm as the refractive power of the lens increases from its minimum to its
maximum.

When the eye focuses on an object  farther away than about 3m.the lens exhibits  its  lowest

refractive power. When the eye focuses on a nearly object. The lens is most strongly refractive.

The retinal image is reflected primarily in the area of the fovea. Perception then takes place by

the relative excitation of light receptors, which transform radiant energy into electrical impulses

that are ultimately decoded by the brain.

Brightness Adaption and Discrimination

Digital image are displayed as a discrete set of intensities. The range of light intensity levels to
which the human visual system can adopt is enormous- on the order of 1010 from scotopic
threshold to  the glare  limit.  Experimental  evidences  indicate  that  subjective  brightness  is  a
logarithmic function of the light intensity incident on the eye.
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The curve represents the range of intensities to which the visual system can adopt. But the

visual  system  cannot  operate  over  such  a  dynamic  range  simultaneously.  Rather,  it  is

accomplished by change in its overcall sensitivity called brightness adaptation.

For any given set of conditions, the current sensitivity level to which of the visual system is

called brightness adoption level , Ba in the curve. The small intersecting curve represents the

range  of  subjective  brightness  that  the  eye  can  perceive  when  adapted  to  this  level.  It  is

restricted at level Bb , at and below which all stimuli are perceived as indistinguishable blacks.

The upper portion of the curve is not actually restricted. whole simply raise the adaptation level

higher than Ba .

The  ability  of  the  eye  to  discriminate  between  change  in  light  intensity  at  any  specific

adaptation level is also of considerable interest.

Take a flat, uniformly illuminated area large enough to occupy the entire field of view of the

subject. It may be a diffuser such as an opaque glass, that is illuminated from behind by a light

source whose intensity, I can be varied. To this field is added an increment of illumination ∆I in

the  form  of  a  short  duration  flash  that  appears  as  circle  in  the  center  of  the  uniformly

illuminated field. If ∆I is not bright enough, the subject cannot see any perceivable changes.

I+∆I

As ∆I gets stronger the subject may indicate of a perceived change. ∆Ic is the increment of

illumination discernible 50% of the time with background illumination I. Now, ∆Ic /I is called

the Weber ratio.

Small value means that small percentage change in intensity is discernible representing 

“good” brightness discrimination. Large value of Weber ratio means large percentage change 

in intensity is required representing “poor brightness discrimination”.
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Optical illusion

In this the eye fills the non existing information or wrongly pervious geometrical properties of 
objects.

Image Sampling and Quantization : 

Sampling and quantization  are the two important  processes used to convert  continuous analog

image into digital image. Image sampling refers to discretization of spatial coordinates (along x

axis) whereas quantization refers to discretization of gray level values (amplitude (along y axis)).

(Given  a  continuous  image,  f(x,y),  digitizing  the  coordinate  values  is  called  sampling  and

digitizing the amplitude (intensity) values is called quantization.)

              The output of most sensors is a continuous voltage waveform whose amplitude and spatial

behavior are related to the physical phenomenon being sensed. To create a digital image, we need 

to convert the continuous sensed data into digital form. This involves two processes:

sampling   and quantization.

Basic Concepts of Sampling and Quantization:
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            The basic idea behind sampling and quantization is illustrated in Fig..1. Figure .1(a) shows

a continuous image, f(x, y), that we want to convert to digital form. An image may be continuous

with respect to the x- and y-coordinates, and also in amplitude. To convert it to digital form, we

have to sample the function in both coordinates and in amplitude. Digitizing the coordinate values

is  called  sampling.  Digitizing  the  amplitude  values  is  called  quantization.

          The one-dimensional function shown in Fig..1 (b) is a plot of amplitude (gray level) values

of the continuous image along the line segment AB in Fig. .1(a).The random variations are due to

image noise. To sample this function, we take equally spaced samples along line AB, as shown in

Fig.6.1 (c).The location of each sample is given by a vertical tick mark in the bottom part of the

figure. The samples are shown as small white squares superimposed on the function. The set of

these discrete locations gives the sampled function. However, the values of the samples still span

(vertically) a continuous range of gray-level values. In order to form a digital function, the gray-

level values also must be converted (quantized) into discrete quantities. The right side of Fig. 1 (c)

shows the gray-level scale divided into eight discrete levels, ranging from black to white.  The

vertical  tick  marks  indicate  the  specific  value  assigned  to  each  of  the  eight  gray  levels.  The

continuous gray levels are quantized simply by assigning one of the eight discrete gray levels to

each sample. The assignment is made depending on the vertical proximity of a sample to a vertical

tick mark. The digital samples resulting from both sampling and quantization are shown in Fig.6.1

(d). Starting at the top of the image and carrying out this procedure line by line produces a two-

dimensional  digital  image.

          Sampling in the manner just described assumes that we have a continuous image in both

coordinate directions as well as in amplitude. In practice, the method of sampling is determined

by the sensor arrangement used to generate the image. When an image is generated by a single

sensing element combined with mechanical motion, as in Fig. 2.13, the output of the sensor is

quantized in the manner described above. However, sampling is accomplished by selecting the

number  of  individual  mechanical  increments  at  which  we  activate  the  sensor  to  collect  data.

Mechanical motion can be made very exact so, in principle; there is almost no limit as to how

fine we can sample an image. However, practical limits are established by imperfections in the

optics used to focus on the sensor an illumination spot that is inconsistent with the fine resolution
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achievable with mechanical displacements. When a sensing strip is used for image acquisition, the

number  of  sensors  in  the  strip  establishes  the  sampling  limitations  in  one  image  direction.

Mechanical motion in the other direction can be controlled more accurately,  but it makes little

sense  to  try  to

achieve  sampling  density  in  one  direction  that  exceeds  the sampling  limits  established by the

number  of  sensors  in  the  other.  Quantization  of  the  sensor  outputs  completes  the  process  of

generating  a  digital  image.

Fig. Generating a digital image (a) Continuous image (b) A scan line from A to Bin the

continuous image, used to illustrate the concepts of sampling and quantization (c) Sampling

and quantization. (d) Digital scan line

When a sensing array is used for image acquisition, there is no motion and the number of sensors

in  the  array  establishes  the  limits  of  sampling  in  both  directions.  Figure:  illustrates  this

concept.  Figure:  (a)  shows  a  continuous  image  projected  onto  the  plane  of  an  array  sensor.

Figure:  (b)  shows the  image after  sampling  and quantization.  Clearly,  the  quality  of  a  digital

image is determined to a large degree by the number of samples and discrete gray levels used in

sampling and quantization.
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Fig...  (a)  Continuous  image  projected  onto  a  sensor  array  (b)  Result  of  image
sampling and quantization.

Representing Digital Image:

        An image may be defined as a two-dimensional function, f(x, y), where x and y are spatial

(plane) coordinates, and the amplitude of „f  at any pair of coordinates (x, y) is called the intensity‟

or gray level of the image at that point.

Fig: Coordinate convention used to represent digital images
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               Digital image is composed of a finite number of elements referred to as picture elements,

image elements, pels, and pixels. Pixel is the term most widely used to denote the elements of a

digital image. We can represent M*N digital image as compact matrix as shown in fig below

           When x, y, and the amplitude values of f are all finite, discrete quantities, we call the image

a digital image. The field of digital image processing refers to processing digital images by means

of a digital computer.

          If k is the number of bits per pixel, then the number of gray levels, L, is an integer power of

2. k  2L  When an image can have k 2 gray levels, it is common practice to refer to the image as

a “k-bit image”.

 For example, an image with 256 possible grey level values is called an 8 bit image. 

Therefore the number of bits required to store a digitalized image of size M*N is 

M *N*kb

When M=N then b N2 *k

 Spatial and Gray-Level Resolution:

                 Spatial resolution is the smallest discernable (detect with difficulty )change in an image.

Gray level  resolution  is  the  smallest  discernable  (detect  with  difficulty)  change in  gray  level.

Image resolution quantifies how much close two lines (say one dark and one light) can be to each

other and still  be visibly resolved. The resolution can be specified as number of lines per unit

distance, say 10 lines per mm or 5 line pairs per mm. Another measure of image resolution 
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is dots per inch, i.e. the number of discernible dots per inch.

         Image of size 1024*1024 pixels whose gray levels are represented by 8 bits is as shown in fig

above. The results of subsampling the 1024*1024 image. The subsampling was accomplished by

deleting the appropriate number of rows and columns from the original image. For example, the

512*512 image was obtained by deleting every other row and column from the 1024*1024 image.

The 256*256 image was generated by deleting every other row and column in the  M *N*kb

512*512 image, and so on. The number of allowed gray levels was kept at 256. These images

show dimensional proportions between various sampling densities, but their size differences make

it difficult to see the effects resulting from a reduction in the number of samples. The simplest way

to compare these effects is to bring all the subsampled images up to size 1024 x1024.
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Int his example, we keep the number of samples constant and reduce the number of grey levels 

from 256 to 2.

Image Interpolation:

Nearest  neighbor  interpolation:  Nearest  neighbor  interpolation  is  the  simplest  method  and

basically makes the pixels bigger. The intensity of a pixel in the new image is the intensity of the

nearest pixel of the original image. If you enlarge 200%, one pixel will be enlarged to a 2 x 2 area

of 4 pixels with the same color as the original pixel.

 Bilinear interpolation: Bilinear interpolation considers the closest 2x2 neighborhood of known

pixel values surrounding the unknown pixel. It then takes a weighted average of these 4 pixels to

arrive at its final interpolated value. This results in much smoother looking images than nearest

neighbor.

         Image shrinking is done in a similar manner as just described for zooming. The equivalent

process of pixel replication is row-column deletion. For example, to shrink an image by one-half,

we delete every other row and column.

Some Basic Relationships Between Pixels

15



In this  section,  we consider several important  relationships  between pixels in a digital

image as mentioned before, an image is denoted by f(x, y).When referring in this section

to a particular pixel, we use lowercase letters, such as p and q.

        Neighbors of a Pixel

A  pixel  p  at  coordinates  (x,  y)  has  four  horizontal and  vertical neighbors  whose

coordinates are given by

(x+1, y), (x-1, y), (x, y+1), (x, y-1)

This set of pixels, called the 4-neighbors of p, is denoted by N4(p). Each pixel is a unit

distance from (x, y), and some of the neighbors of p lie outside the digital image if (x, y) is

on the border of the image.

The four diagonal neighbors of p have coordinates 

(x+1, y+1), (x+1, y-1), (x-1, y+1), (x-1, y-1)

and are denoted by ND(p). These points, together with the 4-neighbors, are called the 8-

neighbors of p, denoted by N8(p). As before, some of the points in ND(p) and N8(p) fall

outside the image if (x, y) is on the border of the image.

        Adjacency, Connectivity, Regions, and Boundaries

Connectivity  between pixels is  a  fundamental  concept  that  simplifies  the definition  of

numerous digital  image concepts,  such as regions and boundaries.  To establish if  two

pixels are connected, it must be determined if they are neighbors and if their gray levels

satisfy a specified criterion of similarity (say, if their gray levels are equal).For instance,

in a binary image with values 0 and 1, two pixels may be 4-neighbors, but they are said to

be connected only if they have the same value.

Let V be the set of gray-level values used to define adjacency. In a binary image, V={1} if

we are referring to adjacency of pixels with value 1. In a grayscale image, the idea is the

same, but set V typically contains more elements. For example, in the adjacency of pixels
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with a range of possible gray-level values 0 to 255, set V could be any subset of these 256

values. We consider three types of adjacency:

(a) 4-adjacency. Two pixels p and q with values from V are 4-adjacent if q is in the set

(b) 8-adjacency. Two pixels p and q with values from V are 8-adjacent if q is in the set

(c) m-adjacency (mixed adjacency).Two pixels p and q with values from V are m-

adjacent if

(i) q is in N4(p), or

(ii) q is in ND(p) and the set has no pixels whose values are from V.

  Distance Measure

For pixels p,q and z, with coordinates (x,y),(s,t) and (v,w), repectively, D is a distance function if 

(a) D( p,q)  0 (D(p,q)=0 iff p=q)

 (b) D(p,q)= D(q,p)

 (c) D(p,z)  D(p,q)  D(q,z) 

The distance between two pixels p and q with coordinates (x1, y1), (x2, y2) respectively can be
formulated in several ways:

Pixels having a Euclidean distance r from a given pixel will lie on a circle of radius r centered at it
and r = distance

In this case, the pixels having a D4 distance from (x,y) less  than or equal to some value r from a
diamond centered at (x,y). For example,  the pixels with D4 distance ≤2 from (x,y) (the center
point) form the following contours of constant distance:
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Pixels having a city-block distance 1 from a given pixel are its 4-neighbors. 

Green line is Euclidean distance. Red, blue and yellow are City Block Distance 

 It's  called  city-block distance,  because  it  is  calculated  as  if  on each pixel  between your  two
coordinates stood a block (house) which you have to go around. That means, you can only go
along the vertical or horizontal lines between the pixels but not diagonal. It's the same like the
movement of the rook on a chess field. 

In this case, the pixels having a D8 distance from (x,y) less  than or equal to some value r from a
square centered at (x,y). For example, the pixels with D8 distance ≤2 from (x,y) (the center point)
form the following contours of constant distance 

 To measure  D8 distance,  you can  only  go along  the  vertical  or  horizontal  or  diagonal  lines
between the pixels. 

18



Pixels having a chess-board distance 1 from a given pixel are its 8-neighbors 

 Dm distance between two points is defined as the shortest m path between the points. 

 When  V={1} p,p2  and p4  have value 1 

Dm shortest distance between p and p4 is 2 

 When  V={1} p,p1,p2  and p4  have value 1 or p,p2,p3  and p4 have value 1 

 

Dm shortest distance between p and p4 is 3 
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 Dm distance between p and p4 is 4 

Introduction to Fourier Transform and DFT:

Any function  that  periodically  reports  itself  can  be  expressed  as  a  sum of  sines  and cosines  of
different frequencies each multiplied by a different coefficient, this sum is called Fourier series. Even
the functions which are non periodic but whose area under the curve if finite can also be represented
in such form; this is now called Fourier transform.

A function represented in either of these forms and can be completely reconstructed via an inverse
process with no loss of information.

1-D Fourier Transformation and its Inverse

If there is a single variable, continuous function f(x) , then Fourier transformation F (u) may be given
as

And the reverse process to recover f(x) from F(u) is 

Fourier transformation of a discrete function of one variable f(x), x=0, 1, 2, m-1 is given by
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to obtain f(x) from F(u)

The above two equation (e) and (f) comprise of a discrete Fourier transformation pair. 
According to Euler’s formula

e jx = cos x + j sin x

Substituting these value to equation (e)

F(u)=Σf(x)[cos 2πux/N+jSin 2πux/N] for u=0,1,2,……,N-1

Now each of the m terms of F(u) is called a frequency component of transformation.

“The Fourier transformation separates a function into various components, based on frequency 
components. These components are complex quantities.

F(u) in polar coordinates

2-D Fourier Transformation and its Inverse

The Fourier Transform of a two dimensional continuous function f(x,y) (an image) of size M * N is 
given by

Inverse Fourier transformation is given by equation
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Where (u,v) are frequency variables. Preprocessing is done to shift the origin of F(u,v) to frequency 
coordinate (m/2,n/2) which the center of the M*N area occupied by the 2D-FT. It is known as frequency 
rectangle. 

Below are roots of unity for N D 2, N D 4, and N D 8, graphed in the complex plane.
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Powers of roots of unity are periodic with period N, since the Nth roots of unity are points on the
complex unit circle every 2  =N radians apart,  and multiplying by  WN is equiv-alent to rotation
clockwise by this angle. Multiplication by WN

N is rotation by 2 radians, that is, no rotation at all. In
general, WN

k D WN
kC j N for all integer j. Thus, when raising WN to a power, the exponent can be

taken modulo N.

The sequence  Ak is the discrete Fourier transform of the sequence  an. Each is a sequence of  N
complex numbers.

Fast Fourier Transform (FFT)

Fourier  Transform decomposes  an  image  into  its  real  and  imaginary  components  which  is  a
representation  of the image in the frequency domain.  If  the input  signal  is  an image then the
number of frequencies in the frequency domain is equal to the number of pixels in the image or
spatial domain. The inverse transform re-transforms the frequencies to the image in the spatial
domain. The FFT and its inverse of a 2D image are given by the following equations:
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Where f(m,n) is the pixel at coordinates (m, n), F(x,y) is the value of the image in the frequency
domain corresponding to the coordinates x and y, M and N are the dimensions of the image.

As can be seen from the equation, a naïve implementation of this algorithm is very expensive. But
the beauty of FFT is that it is separable, namely, the 2D transform can be done as 2 1D transforms
as shown below (shown only in the horizontal direction) - one in the horizontal direction followed
by the other in the vertical direction on the result of the horizontal transform. The end result is
equivalent to performing the 2D transform in the frequency space.

The FFT that's implemented in the application here requires that the dimensions of the image are a
power of two. Another interesting property of the FFT is that the transform of N points can be
rewritten as the sum of two N/2 transforms (divide and conquer). This is important because some
of the computations can be reused thus eliminating expensive operations.

The output of the Fourier Transform is a complex number and has a much greater range than the
image in the spatial  domain. Therefore to accurately represent these values,  they are stored as
floats. Furthermore, the dynamic range of the Fourier coefficients are too large to be displayed on
the screen, and hence, these values are scaled (usually by dividing by Height*Width of the image)
to bring them within the range of values that can be displayed.
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Butterflies and Bit-Reversal. The FFT algorithm decomposes the DFT into log2 N stages, each

of which consists of N=2 butterfly computations. Each butterfly takes two complex numbers p

and q and computes from them two other numbers, p C q and p − q, where

is a complex number. Below is a diagram of a butterfly operation.

p

p+a

q
a

q
-a

p-aq

In the diagram of the 8-point FFT above, note that the inputs aren’t in normal order: a0; a1; a2;

a3; a4; a5; a6; a7, they’re in the bizarre order: a0; a4; a2; a6; a1; a5; a3; a7. Why this sequence?

Below is a table of j and the index of the jth input sample, n j:

J 0 1 2 3 4 5 6 7
n j 0 4 2 6 1 5 3 7
j base 2 000 001 010 011 100 101 110 111
n j base 2 000 100 010 110 001 101 011 111
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The pattern is obvious if j and n j are written in binary (last two rows of the table). Observe that

each n j is the bit-reversal of j. The sequence is also related to breadth-first traversal of a binary

tree.

It  turns out that this FFT algorithm is simplest  if the input array is rearranged to be in bit-

reversed order. The re-ordering can be done in one pass through the array a:

for j = 0 to N-1

nj = bit_reverse(j)

if (j<nj) swap a[j] and a[nj]

UNIT II
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INTENSITY TRANSFORMATION AND SPATIAL FILTERING

Spatial Domain Methods

Image enhancement

Enhancing an image provides better  contrast  and a more detailed image as compare to non
enhanced  image.  Image  enhancement  has  very  applications.  It  is  used  to  enhance  medical
images, images captured in remote sensing, images from satellite e.t.c

The transformation function has been given below

s = T ( r )

where  r  is  the  pixels  of  the  input  image  and  s  is  the  pixels  of  the  output  image.  T  is  a
transformation function that maps each value of r to each value of s. Image enhancement can be
done through gray level transformations which are discussed below.

Gray level transformation

There are three basic gray level transformation.

 Linear

 Logarithmic

 Power – law

The overall graph of these transitions has been shown below.

Linear transformation
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First we will look at the linear transformation. Linear transformation includes simple identity
and negative transformation. Identity transformation has been discussed in our tutorial of image
transformation, but a brief description of this transformation has been given here.

Identity transition is shown by a straight line. In this transition, each value of the input image is
directly mapped to each other value of output image. That results in the same input image and
output image. And hence is called identity transformation. It has been shown below:

Negative transformation

The  second  linear  transformation  is  negative  transformation,  which  is  invert  of  identity
transformation. In negative transformation, each value of the input image is subtracted from the
L-1 and mapped onto the output image.

The result is somewhat like this.

Input Image

Output Image
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In this case the following transition has been done.

s = (L – 1) – r

since the input image of Einstein is an 8 bpp image, so the number of levels in this image are
256. Putting 256 in the equation, we get this

s = 255 – r

So each  value  is  subtracted  by  255 and the  result  image  has  been  shown above.  So what
happens is that, the lighter pixels become dark and the darker picture becomes light. And it
results in image negative.

It has been shown in the graph below.

Logarithmic transformations

Logarithmic transformation further contains two type of transformation. Log transformation and
inverse log transformation.

Log transformation

The log transformations can be defined by this formula
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s = c log(r + 1).

Where s and r are the pixel values of the output and the input image and c is a constant. The
value 1 is added to each of the pixel value of the input image because if there is a pixel intensity
of 0 in the image, then log (0) is equal to infinity. So 1 is added, to make the minimum value at
least 1.

During log transformation, the dark pixels in an image are expanded as compare to the higher
pixel values. The higher pixel values are kind of compressed in log transformation. This result
in following image enhancement.

The value of c in the log transform adjust the kind of enhancement you are looking for.

Input Image

                               

Fig: (a)Log Tranform Image    (b) The inverse log transform is opposite to log 
transform.

Power – Law transformations

There are further two transformation is power law transformations, that include nth power and
nth root transformation. These transformations can be given by the expression:

s=cr^γ

This symbol γ is called gamma,  due to which this  transformation is  also known as gamma
transformation.

Variation in the value of γ varies the enhancement of the images. Different display devices /
monitors have their  own gamma correction,  that’s why they display their image at different
intensity.

This type of transformation is used for enhancing images for different type of display devices.
The  gamma  of  different  display  devices  is  different.  For  example  Gamma of  CRT lies  in
between of 1.8 to 2.5, that means the image displayed on CRT is dark.

Correcting gamma.
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s=cr^γ

s=cr^(1/2.5)

The same image but with different gamma values has been shown here.

For example

Gamma = 10                                                Gamma = 8

    

Gamma = 6

 

What is Histogram 

The histogram in the context of image processing is the operation by which the occurrences of

each intensity value in the image is shown. Normally,  the histogram is a graph showing the

number of pixels in an image at each different intensity value found in that image. For an 8-bit

grayscale image there are 256 different possible intensities, and so the histogram will graphically

display  256  numbers  showing  the  distribution  of  pixels  amongst  those  grayscale  values.

Histogram  modification  is  a  classical  method  for  image  enhancement,  especially  histogram
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equalization. Histogram equalization method is a self-acting process since it does not request any

information, just only the probability of each intensity level of image. However, the enhanced

image is obtained by the global area histogram equalization will cause an effect  of intensity

saturation in some areas.

Histogram Equalization:

Histogram  equalization  is  a  widely  used  scheme  for  contrast  enhancement  in  a  variety  of

applications  due  to  its  simple  function  and  effectiveness.  One  possible  drawback  of  the

histogram equalization is that it can change the mean brightness of an image significantly as a

consequence of histogram flattening. Clearly, this is not a desirable property when preserving the

original mean brightness of a given image is necessary. As an effort to overcome such drawback

for extending the applications of the histogram equalization in consumer electronic products, bi-

histogram equalization has been proposed by the author which is capable of preserving the mean

brightness of an image while it performs contrast enhancement. The essence of the bi-histogram

equalization  is  to utilize  independent  histogram equalizations  separately over  two subimages

obtained by decomposing the input image based on its mean. A simplified version of the bi-

histogram  equalization  is  proposed,  which  is  referred  to  as  the  quantized  bi-histogram

equalization. The proposed algorithm provides a much simpler hardware (H/W) structure than

the bi-histogram equalization since it is based on the cumulative density function of a quantized

image.  Thus,  the  realization  of  bihistogram equalization  in  H/W is  feasible,  which  leads  to

versatile applications in the field of consumer electronics .

 What is Histogram Equalization 

Histogram equalization is  the technique by which the dynamic range of the histogram of an

image is increased.  Histogram equalization assigns the intensity values of pixels in the input

image such that  the output  image contains  a  uniform distribution  of  intensities.  It  improves

contrast and the goal of histogram equalization is to obtain a uniform histogram. This technique

can be used on a whole image or just on a part of an image. Histogram equalization redistributes

intensity distributions. If the histogram of any image has many peaks and valleys, it will still

have peaks and valley after equalization, but peaks and valley will be shifted. Because of this,
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"spreading" is a better term than "flattening" to describe histogram equalization. In histogram

equalization, each pixel is assigned a new intensity value based on its previous intensity level. 

 

General Working :

The histogram equalization is operated on an image in three step:

 1). Histogram Formation 

2). New Intensity Values calculation for each Intensity Levels 

3). Replace the previous Intensity values with the new intensity values

 For the first step see the article on histogram. In step 2, new intensity values are calculated for

each intensity level by applying the following equation: The meaning of Max. Intensity Levels

maximum intensity level which a pixel can get.

For example, if the image is in the grayscale domain, then the count is 255. And if the image is

of size 256x256 then, the No. of pixels is 65536. And the expression is the bracket means that

the no. of pixels having the intensity below the output intensity level or equal to it. For example,

if we are calculating the output intensity level for 1 input intensity level, then it means that the

no. of pixels in the image having the intensity below or equal to 1 means 0 and 1. If we are

calculating the output intensity level for 5 input intensity level, then the it means that the no. of

pixels in the image having the intensity below or equal to 5 means 0 , 1 , 2 , 3 , 4 , 5. Thus, if we

are calculating the output intensity level for 255 input intensity level, then the it means that the

no. of pixels in the image having the intensity below or equal to 255 means 0 , 1 , 2 , 3 , ...... ,

255. That is how new intensity levels are calculated for the previous intensity levels. The next

step is to replace the previous intensity level with the new intensity level. This is accomplished

by putting the value of Oi in the image for all the pixels, where Oi represents the new intensity

value, whereas i represents the previous intensity level.

 To understand the working of the histogram equalization, take the example of the following

image: the dynamic range of image intensities is shown by the following histogram: 
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Image Subtraction

Image subtraction or pixel subtraction is a process whereby the digital numeric value of one

pixel or whole image is subtracted from another image. This is primarily done for one of two

reasons – levelling uneven sections of an image such as half an image having a shadow on it, or

detecting  changes  between  two  images.[1] This  detection  of  changes  can  be  used  to  tell  if

something in the image moved. This is commonly used in fields such as astrophotography to

assist  with the computerized  search for asteroids or Kuiper  belt  objects in which the target  is

moving and would be in one place in one image, and another from an image one hour later and

where using this technique would make the fixed stars in the background disappear leaving only

the target. 
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Dark Frame Subtraction:

In digital  photography, dark-frame  subtraction is  a  way  to  minimize image  noise for

photographs  shot  with long  exposure times,  at  high  ISO  sensor  sensitivity  or  at  high

temperatures. It takes advantage of the fact that a component of image noise, known as fixed-

pattern  noise,  is  the  same from shot  to  shot.  Noise  from the image  sensor include defective

pixels, which light up more brightly than other pixels, based on the amount of received light. The

technique works by taking a picture with the shutter closed and subtracting that electronically

from the original photo exhibiting the noise.

Dark-frame subtraction has been applied to the left half of the image. The right half is directly

from the image sensor.

A dark frame is an image captured with the sensor in the dark, i.e., with a closed shutter or the

lens and viewfinder capped. Such a dark frame is essentially an image of noise produced by the

sensor.  A  dark  frame,  or  an  average  of  several  dark  frames,  can  then  be  subtracted  from

subsequent images to correct for fixed-pattern noise such as that caused by dark current, but it

also works for removing what is called amp glow, portions of the sensor lighting up due to

internal  heat  sources.[1] Dark-frame  subtraction  has  been  done  for  some  time  in  scientific

imaging.

Image Averaging

Frame Averaging provides a way to average multiple video frames to create a more stable image.

This module can be used to eliminate pixel vibrations or high frequency image changes.
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The  frame  averaging  works  by  adding  each  frame  into  a  moving  average  of  frames.  This

effectively creates the same effect of averaging many frames without the significant memory and

time that averaging hundreds of frames would take.

The averaging effect can be used to remove fast moving objects from frames if a high frame

averaging is used. If fewer frames are averaged the effect creates a washing or strobe like effect

(way cool!!). 

Image averaging is a digital image processing technique that is often employed to enhance

video  images  that  have  been  corrupted  by  random  noise.  The  algorithm  operates  by

computing an average or arithmetic mean of the intensity values for each pixel position in a

set of captured images from the same scene or viewfield. Each corrupted image has a stable

signal  component  and  a  random noise  component.  In  the  averaging  process,  the  signal

component of the image remains the same, but the noise component differs from one image

frame to another.  Because the noise is random, it  tends to cancel during the summation.

When the averaged image is computed, the image signal component has a stronger influence

over  the  summation  than  does  the  noise  component.  The  result  is  an  enhanced  signal

component, while the noise component tends to be reduced by a factor approximately equal

to the square root of the number of images averaged.

As  an  example,  if  the  average  of N image  frames  is  to  be  computed,  then  intensity

values A(N, x, y) of pixels located at coordinates (x, y) in the averaged digital image will be

expressed by the equation:

where the sum is taken over I(i, x, y), which is the pixel intensity value of the ith frame from

the N set of image frames. This form of the algorithm requires that all of the N image frames

be available  simultaneously,  which typically  requires a considerable amount  of computer

memory (RAM). In order to reduce the algorithm memory requirements,  it  is possible to

instead compute a running average of a continuous image stream by applying the following

equation:

A(N,  x,  y)  =  [I(x,  y)  +  (N  -  1)  •  A(N  -  1,  x,  y)]  /  N

where I(x,  y) represents  the  intensity  value  of  a  pixel  at  the  location (x,  y) in  the  image
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frame, and A(N - 1, x, y) represents the average pixel intensity value from the previous N -

1 image frames. This form of the algorithm is especially useful for implementation of image

averaging in video hardware devices, because it requires memory storage for only two image

frames and has the additional benefit of enabling user adjustment of the number of image

frames to average. The algorithm also allows for continuous display of the averaged image

during the averaging process, even before the entire set of N image frames has been received.

Basics of Spatial Filtering :

Many image enhancement  techniques  are  based on spatial  operations  performed on local

neighbourhoods  of  input  pixels.  The  image  is  usually  convolved  with  a  finite  impulse

response filter  called spatial  mask. The use of spatial  masks on a digital  image is called

spatial  filtering.  Suppose  that  we  have  an  image  f ( x, y) of  size  N 2 and  we  define  a

neighbourhood around each pixel. For example let this neighbourhood to be a rectangular

window of size 3 3

w1 w2 w3

w4 w5 w6

w7 w8 w9

Popular techniques for lowpass spatial filtering

Uniform filtering

The most popular masks for lowpass filtering are masks with all their coefficients positive
and equal to each other as for example the mask shown below. Moreover, they sum up to 1 in
order to maintain the mean of the image.
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1 1 1

1
 1 1 19

1 1 1

Gaussian filtering

The two dimensional Gaussian mask has values that attempts to approximate the continuous function

G(x, y) 

1  x 2  y2

 2

2 2 e
In theory, the Gaussian distribution is non-zero everywhere, which would require an

infinitely large convolution kernel, but in practice it is effectively zero more than about

three standard deviations from the mean, and so we can truncate the kernel at this point.

The following shows a suitable integer-valued convolution kernel that approximates a

Gaussian with aof 1.0.

1 4 7 4 1

4 16 26 16 4

1
 7 26 41 26 7

273

4 16 26 16 4

1 4 7 4 1
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Median filtering

The median m of a set of values is the value that possesses the property that half the values in

the set are less than  m and half are greater than  m . Median filtering is the operation that

replaces each pixel by the median of the grey level in the neighbourhood of that pixel.
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Median filters are non linear filters because for two sequences x(n) and
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y(n) median x(n) y(n) median x(n) median y(n)
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Median  filters  are  useful  for  removing  isolated  lines  or  points  (pixels)  while  preserving

spatial resolutions. They perform very well on images containing binary (salt and pepper)

noise but perform poorly when the noise is Gaussian. Their performance is also poor when

the number of noise pixels in the window is greater than or half the number of pixels in the

window (why?)

Isolated

0 0 0 0 0 0
Median filtering

0 1 0 0 0 0

0 0 0 0 0 0

Directional smoothing

To protect the edges from blurring while smoothing, a directional averaging filter can be
useful.  Spatial  averages are  calculated  in  several  selected  directions  (for

example could be horizontal, vertical, main diagonals)

g(x, y :)  1  f (x  k, y  l)
 

N  (k ,l )  W

f ( x, y)  g( x, y :  ) is minimum. (Note that W  isand a direction is found such that

the neighbourhood along the direction and  N   is the number of pixels within this
neighbourhood). Then by replacing g( x, y : ) with g( x, y : ) we get the desired result.

High Boost Filtering

A high pass filtered image may be computed as the difference between the original image

and a lowpass filtered version of that image as follows:

(Highpass part of image) = (Original) - (Lowpass part of image)
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Multiplying the original image by an amplification factor denoted by A , yields the so called
high boost filter:

(Highboost image) = ( A) (Original)-(Lowpass) = ( A1) (Original)+(Original)-(Lowpass)

= ( A 1) (Original) + (Highpass)

The general process of subtracting a blurred image from an original as given in the first line

is called unsharp masking. A possible mask that implements the above procedure could be

the one illustrated below.

0 0 0

 

-1 -1 -1

10 A 0 -1 -1 -1
9

0 0 0 -1 -1 -1

-1 -1 -1

1
 -1 9A  1 -19

-1 -1 -1

The high-boost filtered image looks more like the original with a degree of edge 
enhancement, depending on the value of A .
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Popular techniques for highpass spatial filtering. Edge detection using derivative 
filters

About two dimensional high pass spatial filters

An edge is the boundary between two regions with relatively distinct grey level properties.

The idea underlying most edge detection techniques is the computation of a local derivative

operator. The magnitude of the first derivative calculated within a neighbourhood around the

pixel of interest, can be used to detect the presence of an edge in an image.

The gradient of an image  f (x, y) at location (x, y) is a vector that consists of the partial

derivatives of  f (x, y) as follows.
x 

f (x, y)

 f
(x, y)
 

 f (x, y) 
 

y 
The magnitude of this vector, generally referred to simply as the gradient   f  is

 f (  x  .  y  )   2f(x,y)
2


1 / 2

x  y  




 


f (x, y)  mag( f (x, y))  

Common practice is to approximate the gradient with absolute values which is simpler to 
implement as follows.

f (x, y)  f (x, y)  f (x, y)
yx

(1) Consider a pixel of interest  f (x, y)   z5 and a rectangular neighbourhood of size

3 3  9 pixels (including the pixel of interest) as shown below.

 y

z1 z2

z
3

z
4 z5 z6

z7

z
8

z
9

x
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Roberts operator

Equation (1) can be approximated at point z5 in a number of ways. The simplest is to use the

difference (z5 z8 ) in the x direction and (z5 z6 ) in the y direction. This approximation is known

as the Roberts operator, and is expressed mathematically as follows.

f z5 z8 z5 z6

(2) Another approach for approximating (1) is to use cross differences

f z5     z9 z6     z8

(3) Equations (2), (3) can be implemented by using the following masks. The original

image  is  convolved  with  both  masks  separately  and the  absolute  values  of  the  two

outputs of the convolutions are added.

1 0 1 -1

-1 0 0 0

Roberts operator

1 0 0 1

0 -1 -1 0

Roberts operator

Prewitt operator

Another approximation of equation (1) but using now a 3 3 mask is the following.

f (z7     z8     z9 )   (z1    z2     z3 ) (z3    z6     z9 )   (z1    z4 z7 ) (4)

This approximation is known as the Prewitt operator. Equation (4) can be implemented by

using  the  following  masks.  Again,  the  original  image  is  convolved  with  both  masks

separately and the absolute values of the two outputs of the convolutions are added.

Sobel operator.

Definition and comparison with the Prewitt operator



The most popular approximation of equation (1) but using a 3 3 mask is the following.

f (z7    2z8    z9 )  (z1    2z2    z3 ) (z3    2z6    z9 )  (z1    2z4    z7 ) (5)

This approximation is known as the Sobel operator.

y

-1 0 1

-1 0 1

-1 0 1

-1 -1 -1

0 0 0

1 1 1

Prewitt operator

x

-1 0 1

-2 0 2

-1 0 1

y

-1 -2 -1

0 0 0

1 2 1

Sobel operator

If we consider the left mask x Sobel operator, this causes differentiation along the y 

direction. A question that arises is the following: What is the effect caused by the same mask
along the x direction?

If we isolate the following part of the mask

1

2

1

and treat it as a one dimensional mask, we are interested in finding the effects of that mask.

We will therefore, treat this mask as a one dimensional impulse response h[n] of the form



h[n]

2

1

-1 0 1 n

The above response applied to a signal x[n] yields a signal  y[n] x[n  1]  2x[n] x[n  1]

or in z-transform domain Y (z)   (z 1 2   z) X (z) Y ( j  ) 2(cos 1) X ( j  ) . Therefore,

h[n] is    the impulse response    of a system with transfer function

H ( j )   2(cos 1) H ( j) shown in thefigure below for [0, ] . This is a lowpass

filter type of response. Therefore, we can claim that the Sobel operator has a differentiation

effect along one of the two directions and a smoothing effect along the other direction.

4

3.5

3

2.5

2

1.5

1

0.5

0
0 0.5 1 1.5 2 2.5 3 3.5

The same analysis for the Prewitt operator would give



Y (z)   (z 1    1  z) X (z) Y ( j  )   (2cos1) X ( j  ) H ( j  ) 2 cos1

shown in the figure below for [0, ] . This response looks “strange” since it decreases up

to the point 2 cos1 0    cos 0.5 and then starts increasing.

3

2.5

2

1.5

1

0.5

0
0 0.5 1 1.5 2 2.5 3 3.5

Based on the above analysis it is stated in the literature that the Sobel operator have the

advantage  of  providing  both  a  differencing  a  smoothing  effect  while  Prewitt  does  not.

However, if you implement both operators you cannot see any visual difference.

Laplacian operator

The Laplacian of a 2-D function  f ( x, y) is a second order derivative defined as


2 f (x, y) 

2 f (x, y)



2 f (x, y)

x2
y2

In practice it can be also implemented using a 3x3 mask as follows (why?)

2 f4z5 (z2 z4 z6 z8 )

The main disadvantage of the Laplacian operator is that it produces double edges (why?).



Basis of Filtering in Frequency Domain

Basic steps of filtering in frequency Domain

i) Multiply  the  input  image  by (-1)  X+Y to  centre  the

transform ii)  Compute F(u,v),  Fourier  Transform of the

image

iii) Multiply f(u,v) by a filter function H(u,v)

iv) Compute the inverse DFT of Result of

(iii) v) Obtain the real part of result of (iv)

vi) Multiply the result in (v) by (-1)x=y

H(u,v)  called  a  filter  because  it  suppresses  certain  frequencies  from the  image  while  leaving  others
unchanged.

Smoothing Frequency Domain Filters

Edges and other sharp transition of the gray levels of an image contribute significantly to the high
frequency  contents  of  its  Fourier  transformation.  Hence  smoothing  is  achieved  in  the  frequency
domain by attenuation a specified range of high frequency components in the transform of a given
image.

Basic model of filtering in the frequency domain is

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



F(u,v) - Fourier transform of the image to be smoothed. Objective  is to find out a filter function H (u,v)
that yields G (u,v) by attenuating  the high frequency component of F (u,v)

There are three types of low pass filters

1. Ideal

2. Butterworth

3. Gaussian

IDEAL LOW PASS FILTER

It is the simplest of all the three filters

It cuts of all high frequency component of the Fourier transform that are at a distance greater that a 
specified distance D0 form the origin of the transform.

it is called a two – dimensional ideal low pass filter (ILPF) and has the transfer function

Where D0 is a specified nonnegative quantity and D(u,v) is the distance from point (u,v) to the center 
of frequency rectangle

If the size of image is M*N , filter will also be of the same size so center of the frequency rectangle 
(u,v) = (M/2, N/2) because of center transform



ILPF is not suitable for practical usage. But they can be implemented in any computer system

BUTTERWORTH LOW PASS FILTER

 It has a parameter called the filter order.

For high values of filter order it approaches the form of the ideal filter whereas for low filter
order values it reach Gaussian filter. It may be viewed as a transition between two extremes.
The  transfer  function  of  a  Butterworth  low  pass  filter  (BLPF)  of  order  n  with  cut  off
frequency at distance Do from the origin is defined as

Most appropriate value of n is

2.It does not have sharp discontinuity unlike ILPF that establishes a clear cutoff between passed 
and filtered frequencies.

Defining a cutoff frequency is  a main concern in these filters.  This filter  gives a smooth
transition in blurring as a function of increasing cutoff frequency. A Butterworth filter of
order 1 has no ringing. Ringing increases as a function of filter order. (Higher order leads
to negative values)



          GAUSSIAN LOW PASS FILTER

The transfer function of a Gaussian low pass filter is

Where:

D(u,v)- the distance of point (u,v) from the center of the transform

σ = D0- specified cut off frequency

The filter has an important characteristic that the inverse of it is also Gaussain.

SHARPENING FREQUENCY DOMAIN FILTERS

Image sharpening can be achieved by a high pass filtering process, which attenuates the
low-  frequency  components  without  disturbing  high-frequency  information.  These  are
radially symmetric and completely specified by a cross section.

If we have the transfer function of a low pass filter the corresponding high pass filter can be
obtained using the equation

Hhp(u,v)=1-Hlp(u,v)



IDEAL HIGH PASS FILTER

This filter is opposite of the Ideal Low Pass filter and has the transfer function of the form

BUTTERWORTH HIGH PASS FILTER

The transfer function of Butterworth High Pass filter of order n is given by the equation

GAUSSIAN HIGH PASS FILTER



The transfer function of a Gaussain High Pass Filter is given by the equation

Homomorphic Filtering

 

Homomorphic filters are widely used in image processing for compensating the effect of no

uniform illumination in an image. Pixel intensities in an image represent the light reflected from

the corresponding points in the objects. As per as image model, image f(z,y) may be characterized

by two components: (1) the amount of source light incident on the scene being viewed, and (2)

the amount of light reflected by the objects in the scene. These portions of light are called the

illumination and reflectance components, and are denoted i ( x , y) and r ( x , y) respectively. The

functions i ( x , y) and r ( x , y) combine multiplicatively to give the image function f ( x , y):

f ( x , y) = i ( x , y).r(x, y) (1)

where 0 < i ( x , y ) < a and 0 < r( x , y ) < 1. Homomorphic filters are used in such situations

where the image is subjected to the multiplicative interference or noise as depicted in Eq. 1. We

cannot  easily  use the  above product  to  operate  separately  on  the  frequency components  of

illumination and reflection because the Fourier transform of f ( x , y) is not separable; that is

F[f(x,y)) not equal to F[i(x, y)].F[r(x, y)].

We can separate the two components by taking the logarithm of the two sides

ln f(x,y) = ln i(x, y) + ln r(x, y).

Taking Fourier transforms on both sides we get,

F[ln f(x,y)} = F[ln i(x, y)} + F[ln r(x, y)].



UNIT III
IMAGE RESTORATION

What is image restoration?

Image Restoration refers to a class of methods that aim to remove or reduce the degradations
that  have occurred while  the digital  image was being obtained.  All  natural  images  when
displayed have gone through some sort of degradation:

 during display mode

 during acquisition mode, or

 during processing mode 

The degradations may be due to

 sensor  noise

 blur due to camera misfocus

 relative object-camera motion

 random atmospheric turbulence

 others

In most of the existing image restoration methods we assume that the degradation process 

can be described using a mathematical model.

 Image restoration differs from image enhancement in that the latter is concerned more 
with accentuation or extraction of image features rather than restoration of degradations.

 Image restoration problems can be quantified precisely, whereas enhancement criteria are
difficult to represent mathematically.

 Enhancement techniques– Example:Contrast Stretching

 Image Degradation – Example: Image Blur

 Goal of restoration technique is to improve an image in some predefined sense.

 Restoration attempts to reconstruct or recover an image that has been degraded by using a
prior knowledge of the degradation phenomenon.

 Restoration techniques are oriented towards modeling the degradation and applying the 
inverse process in order to recover the original image.

 The degradation process for an image uses a degradation function together with an 
additive noise term.



 This operates on an input image f(x, y) to produce a degraded image g(x, y)

 Given g(x, y), some knowledge of the degradation function H, some knowledge about the
additive noise term η(x, y) the objective of restoration is to obtain an estimate fˆ(x, y) will
be to f(x, y).

 If H is a linear, position-invariant process, then the degraded image is given in the spatial 
domain by

g(x, y)=h(x, y) * f(x, y)+ η(x, y)

Where,

h(x, y)–spatial representation of the degradation function

* - indicates spatial convolution

η(x, y)- Additive noise term

f(x, y)- Input Image

 The degraded image is given in the frequency domain by

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

Image Degradation

 All natural images when displayed have gone through some sort of degradation:

 During display mode

 Acquisition mode, or

 Processing mode

The degradations may be due to

 Sensor noise

 Blur due to camera misfocus

 Relative object-camera motion

 Random atmospheric turbulence

NOISE MODELS

Noise tells unwanted information in digital images. Noise produces undesirable effects such as
artifacts, unrealistic edges, unseen lines, corners, blurred objects and disturbs background scenes.
To  reduce  these  undesirable  effects,  prior  learning  of  noise  models  is  essential  for  further
processing.  Digital  noise  may  arise  from various  kinds  of  sources  such as  Charge  Coupled
Device  (CCD)  and  Complementary  Metal  Oxide  Semiconductor  (CMOS)  sensors.  In  some



sense, points spreading function (PSF) and modulation transfer function (MTF) have been used
for  timely,  complete  and quantitative  analysis  of  noise  models.  Probability  density  function
(PDF) or Histogram is  also used to  design and characterize the noise models.  Here we will
discuss few noise models, their types and categories in digital images.

Gaussian Noise Model

It is also called as electronic noise because it arises in amplifiers or detectors. Gaussian noise
caused by natural sources such as thermal vibration of atoms and discrete nature of radiation of
warm objects. Gaussian noise generally disturbs the gray values in digital images. That is why
Gaussian  noise  model  essentially  designed  and  characteristics  by  its  PDF  or  normalizes
histogram with respect to gray value. This is given as

Where  g  =  gray  value,  σ  =  standard  deviation  and  µ  =  mean.  Generally  Gaussian  noise
mathematical model represents the correct approximation of real world scenarios. In this noise
model, the mean value is zero, variance is 0.1 and 256 gray levels in terms of its PDF, which is
shown in Fig. 1.

Due to this equal randomness the normalized Gaussian noise curve look like in bell shaped. The
PDF of  this  noise  model  shows that  70% to  90% noisy  pixel  values  of  degraded image  in
between µ σ µ σ − + and . The shape of normalized histogram is almost same in spectral domain.



Impulse Valued Noise (Salt and Pepper Noise) :

This is also called data drop noise because statistically its drop the original data values. This
noise is also referred as salt and pepper noise. However the image is not fully corrupted by salt
and pepper noise instead of some pixel  values are changed in the image.  Although in noisy
image, there is a possibilities of some neighbours does not changed. This noise is seen in data
transmission. Image pixel values are replaced by corrupted pixel values either maximum ‘or’
minimum pixel value i.e., 255 ‘or’ 0 respectively, if number of bits are 8 for transmission. Let us
consider  3x3  image  matrices  which  are  shown in  the  Fig.  3.  Suppose  the  central  value  of
matrices is corrupted by Pepper noise. Therefore, this central value i.e., 212 is given in Fig. 3 is
replaced by value zero. In this connection, we can say that, this noise is inserted dead pixels
either dark or bright. So in a salt and pepper noise, progressively dark pixel values are present in
bright region and vice versa

Inserted dead pixel in the picture is due to errors in analog to digital conversion and errors in bit
transmission.  The  percentagewise  estimation  of  noisy  pixels,  directly  determine  from  pixel
metrics. The PDF of this noise is shown in the Fig. 4.



Fig. 4 shows the PDF of Salt and Pepper noise, if mean is zero and variance is 0.05. Here we will

meet two spike one is for bright region (where gray level is less) called ‘region a’ and another
one is dark region (where gray level is large) called ‘region b’, we have clearly seen here the
PDF values are minimum and maximum in ‘region a’ and ‘region b’, respectively [16]. Salt and
Pepper  noise  generally  corrupted  the  digital  image  by  malfunctioning  of  pixel  elements  in
camera sensors, faluty memory space in storage, errors in digitization process and many more.

Periodic Noise

This noise is generated from electronics interferences, especially in power signal during image
acquisition.  This  noise  has  special  characteristics  like  spatially  dependent  and  sinusoidal  in
nature at multiples of specific frequency. It’s appears in form of conjugate spots in frequency
domain. It can be conveniently removed by using a narrow band reject filter or notch filter. 

Gamma Noise:

 Gamma noise is generally seen in the laser based images. It obeys the Gamma distribution.
Which is shown in the Fig. 10



Rayleigh noise

Rayleigh noise presents in radar range images. In Rayleigh noise, probability density function is

Restoration In the Presence of Noise Only-Spatial Filtering

When the only degradation present in an image is noise, i.e.

g(x,y)= f(x,y)+ η(x,y)



or

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

The noise terms are unknown so subtracting them from g(x,y) or G(u,v) is not a realistic
approach. In the case of periodic noise it is possible to estimate N(u,v) from the spectrum
G(u,v) . So N(u,v) can be subtracted from G(u,v) to obtain an estimate of original image.
Spatial filtering can be done when only additive noise is present.

The following techniques can be used to reduce the noise effect:

1.Mean Filter

Arithmetic Mean Filter

It is the simplest mean filter. Let Sxy represents the set of coordinates in the sub image of size
m*n centered at point (x,y). The arithmetic mean filter computes the average value of the
corrupted image g(x,y) in the area defined by Sxy. The value of the restored image f at any
point (x,y) is the arithmetic mean computed using the pixels in the region defined by Sxy.   

This operation can be using a convolution mask in which all coefficients have value 1/mn

A mean filter smoothes local variations in image Noise is reduced as a result of blurring. For
every pixel in the image, the pixel value is replaced by the mean value of its neighboring pixels (

Geometric mean filter

An image restored using a geometric mean filter is given by the expression

Here, each restored pixel is given by the product of the pixel in the subimage window, raised
to the power 1/mn. A geometric mean filters but it to loose image details in the process.

Harmonic mean filter



The harmonic mean filtering operation is given by the expression

The harmonic mean filter works well for salt noise but fails for pepper noise. It does well 
with Gaussian noise also.

2. Order statistics filter

Order  statistics  filters  are  spatial  filters  whose  response  is  based  on  ordering  the  pixel
contained in the image area encompassed by the filter.

The response of the filter at any point is determined by the ranking result.

Median filter

It is the best order statistic filter; it replaces the value of a pixel by the median of gray 
levels in the Neighborhood of the pixel.

The original of the pixel is included in the computation of the median of the filter are quite
possible  because for  certain  types of  random noise,  the provide excellent  noise reduction
capabilities with considerably less blurring then smoothing filters of similar size. These are
effective for bipolar and unipolor impulse noise.

Max and Min Filters

Using the l00th percentile of ranked set of numbers is called the max filter and is given by the
equation



It is used for finding the brightest point in an image. Pepper noise in the image has very low
values, it is reduced by max filter using the max selection process in the sublimated area sky.

The 0th percentile filter is min filter

This filter is useful for flinging the darkest point in image. Also, it reduces salt noise of the
min operation

Midpoint Filter

The  midpoint  filter  simply  computes  the  midpoint  between  the  maximum and  minimum
values in the area encompassed by the filter

It comeliness the order statistics and averaging .This filter works best for randomly distributed
noise like Gaussian or uniform noise.

Periodic Noise Reduction By Frequency Domain Filtering

These types of filters are used for this purpose-

Band Reject Filters

It removes a band of frequencies about the origin of the Fourier transformer.

Ideal Band reject Filter

An ideal band reject filter is given by the expression



D(u,v)- the distance from the origin of the centered frequency rectangle.

W- the width of the band

Do- the radial center of the frequency rectangle.

Butterworth Band reject Filter

Gaussian Band reject Filter

These filters are mostly used when the location of noise component in the frequency domain
is known. Sinusoidal noise can be easily removed by using these kinds of filters because it
shows two impulses that are mirror images of each other about the origin. Of the frequency
transform.

Band Pass Filters

The function of a band pass filter is opposite to that of a band reject filter It allows a specific
frequency band of the image to be passed and blocks the rest of frequencies.

The transfer function of a band pass filter can be obtained from a corresponding band reject
filter with transfer function Hbr(u,v) by using the equation-

These filters cannot be applied directly on an image because it may remove too much details
of an image but these are effective in isolating the effect of an image of selected frequency
bands.



Notch Filters

This type of filters rejects frequencies I predefined in neighborhood above a centre frequency
These filters are symmetric about origin in the Fourier transform the transfer function of ideal
notch reject filter of radius do with centre at (…) and by symmetry at (……) is

Where

Butterworth notch reject filter of order n is given by

A Gaussian notch reject filter has the fauna

These filter become high pass rather than suppress. The frequencies contained in the notch 
areas. These filters will perform exactly the opposite function as the notch reject filter.

The transfer function of this filter may be given as

Hnp(u,v)- transfer function of the pass filter

Hnr(u,v)- transfer function of a notch reject filter



Inverse Filtering

It is a process of restoring an image degraded by a degradation function H. This function can be 
obtained by any method.

The simplest approach to restoration is direct, inverse filtering.

Inverse filtering provides an estimate F(u,v) of the transform of the original image simply by 
during the transform of the degraded image G(u,v) by the degradation function.

It shows an interesting result that even if we know the depredation function we cannot recover 
the underrated image exactly because N(u,v) is not known .

If the degradation value has zero or very small values then the ratio N(u,v)/H(u,v) could easily 
dominate the estimate F(u,v).



Constrained Least Squares Filtering:







UNIT IV

Image compression 

The term data compression refers to the process of reducing the amount of data required to

represent a given quantity of information. A clear distinction must be made between data and

information.  They are not synonymous.  In fact,  data  are the means by which information is

conveyed. Various amounts of data may be used to represent the same amount of information.

Such might be the case, for example, if a long-winded individual and someone who is short and

to the point were to relate the same story. Here, the information of interest is the story; words are

the data used to relate the information. If the two individuals use a different number of words to

tell the same basic story, two different versions of the story are created, and at least one includes

nonessential data. That is, it contains data (or words) that either provide no relevant information

or simply restate that which is already known. It is thus said to contain data redundancy.

Data redundancy is a central issue in digital image compression. It is not an abstract concept but

a mathematically quantifiable entity. If n1 and n2 denote the number of information-carrying units

in two data sets that represent the same information, the relative data redundancy RD of the first

data set (the one characterized by n1) can be defined as

where CR , commonly called the compression ratio, is



For the case n2 = n1, CR = 1 and RD = 0, indicating that (relative to the second data set) the first

representation  of  the  information  contains  no redundant  data.  When n2 << n1,  CR  ∞ and

RD1, implying significant compression and highly redundant data. Finally, when n2 >> n1 ,

CR 0 and RD ∞, indicating that the second data set contains much more data than the original

representation. This, of course, is the normally undesirable case of data expansion. In general, CR

and RD lie in the open intervals (0,∞) and (-∞, 1), respectively. A practical compression ratio,

such as 10 (or 10:1), means that the first data set has 10 information carrying units (say, bits) for

every 1 unit in the second or compressed data set. The corresponding redundancy of 0.9 implies

that 90% of the data in the first data set is redundant.

In digital  image compression,  three basic data  redundancies  can be identified and exploited:

coding redundancy, interpixel redundancy, and psychovisual redundancy. Data compression

is achieved when one or more of these redundancies are reduced or eliminated.

Coding Redundancy:

In  this,  we utilize  formulation  to  show how the  gray-level  histogram of  an  image  also can

provide a great deal of insight into the construction of codes to reduce the amount of data used to

represent it.

Let us assume, once again, that a discrete random variable rk in the interval [0, 1] represents the
gray levels of an image and that each rk occurs with probability pr (rk).



where L is the number of gray levels, nk is the number of times that the kth gray level appears in the

image, and n is the total number of pixels in the image. If the number of bits used to represent each

value of rk is l (rk), then the average number of bits required to represent each pixel is

That is, the average length of the code words assigned to the various gray-level values is found by

summing the product of the number of bits used to represent each gray level and the probability that

the gray level occurs. Thus the total number of bits required to code an M X N image is MNLavg.

Interpixel Redundancy:

Consider the images shown in Figs. 1.1(a) and (b). As Figs. 1.1(c) and (d) show, these images have

virtually identical histograms. Note also that both histograms are trimodal, indicating the presence of

three dominant ranges of gray-level values. Because the gray levels in these images are not equally

probable, variable-length coding can be used to reduce the coding redundancy that would result from

a straight or natural binary encoding of their pixels. The coding process, however, would not alter the

level of correlation between the pixels within the images. In other words, the codes used to represent

the  gray  levels  of  each  image  have  nothing  to  do  with  the  correlation  between  pixels.  These

correlations result from the structural or geometric relationships between the objects in the image.

Figures 1.1(e) and (f) show the respective autocorrelation coefficients computed along one line of

each image.

where



Fig.1.1 Two images and their gray-level histograms and normalized 

autocorrelation coefficients along one line.

The scaling factor in Eq. above accounts for the varying number of sum terms that arise for each

integer value of n. Of course, n must be strictly less than N, the number of pixels on a line. The

variable x is the coordinate of the line used in the computation. Note the dramatic difference between

the shape of the functions shown in Figs. 1.1(e) and (f). Their shapes can be qualitatively related to

the structure in the images in Figs. 1.1(a) and (b).This relationship is particularly noticeable in Fig.

1.1 (f), where the high correlation between pixels separated by 45 and 90 samples can be directly

related to the spacing between the vertically oriented matches of Fig. 1.1(b). In addition, the adjacent

pixels of both images are highly correlated. When n is 1, γ is 0.9922 and 0.9928 for the images of

Figs.  1.1 (a)  and (b),  respectively.  These values are typical  of most  properly sampled television

images.



These illustrations reflect another important form of data redundancy—one directly related to the

interpixel correlations within an image.  Because the value of any given pixel  can be reasonably

predicted from the value of its neighbors, the information carried by individual pixels is relatively

small. Much of the visual contribution of a single pixel to an image is redundant; it could have been

guessed on the basis of the values of its neighbors. A variety of names, including spatial redundancy,

geometric  redundancy,  and  interframe redundancy,  have been coined to  refer  to  these interpixel

dependencies. We use the term interpixel redundancy to encompass them all.

In order to reduce the interpixel redundancies in an image, the 2-D pixel array normally used for

human viewing and interpretation must be transformed into a more efficient (but usually "nonvisual")

format.  For example, the differences between adjacent pixels can be used to represent an image.

Transformations of this type (that is, those that remove interpixel redundancy) are referred to as

mappings. They are called reversible mappings if the original image elements can be reconstructed

from the transformed data set.

Psychovisual Redundancy:

The brightness of a region, as perceived by the eye, depends on factors other than simply the light

reflected by the region. For example, intensity variations (Mach bands) can be perceived in an area of

constant intensity. Such phenomena result from the fact that the eye does not respond with equal

sensitivity to all visual information. Certain information simply has less relative importance than

other  information  in  normal  visual  processing.  This  information  is  said  to  be  psychovisually

redundant. It can be eliminated without significantly impairing the quality of image perception.

 That psychovisual redundancies exist should not come as a surprise, because human perception of

the information in an image normally does not involve quantitative analysis of every pixel value in

the image. In general,  an observer searches for distinguishing features such as  edges or textural

regions and mentally combines them into recognizable groupings. The brain then correlates these

groupings with prior knowledge in order to complete the image interpretation process. Psychovisual

redundancy is fundamentally different from the redundancies discussed earlier. Unlike coding and



interpixel  redundancy,  psychovisual  redundancy  is  associated  with  real  or  quantifiable  visual

information. Its elimination is possible only because the information itself is not essential for normal

visual  processing.  Since  the  elimination  of  psychovisually  redundant  data  results  in  a  loss  of

quantitative information, it is commonly referred to as quantization.

This terminology is consistent with normal usage of the word, which generally means the mapping of

a broad range of input values to a limited number of output values. As it is an irreversible operation

(visual information is lost), quantization results in lossy data compression.

Principal types of data redundancies 

1) Coding Redundancy 

2) Spatial and temporal redundancy 

3) Irrelevant information 

Coding Redundancy: A code is a system of symbols (letters, numbers, bits) used to represent a
body of information or set of events

 • Each piece of information or event is assigned a sequence of code symbols, called a code word
• Number of symbols in each code word is its length



 Spatial and temporal redundancy: Pixels of most 2-D intensity arrays are correlated spatially
(i.e. each pixel is similar to or dependent on neighboring pixels

Principal types of data redundancies 

• Information is unnecessarily replicated in the representations of the correlated pixels 

• In a video sequence, temporally correlated pixels also duplicate information 



Irrelevant information: Most 2-D intensity arrays contain information that is ignored by human
visual system and/or extraneous to the intended use of the image. It is redundant in the sense that
it is not used



Measuring Image Information

 • How few bits are actually needed to represent the information in an image?

 • Is there a minimum amount of data that is sufficient to describe an image without losing
information? 

• Answer is given by Information Theory

 • I(E) = log(1/P(E) )= - log(P(E)) units of information 

• If the base 2 is selected, the unit of information is the bit

Measuring Image Information 

• Given a source of statistically independent random events from a discrete set of possible events
{a1,a2,…..,aj} with associated probabilities {P(a1), P(a2),……,P(aj)}, the average information
per source output, called the entropy of the source, is 

• aj is called the source symbols

 • Because they are statistically independent, the source itself is called a zero-memory source

• H for previous example (first image) is 1.6614 bits/pixel

 • H for second image is 8 bits/pixel



 • H for third image is 1.566 bits/pixel

 • Shannon’s first theorem

IMAGE COMPRESSION MODELS

Fig.  shows,  a  compression  system  consists  of  two  distinct  structural  blocks:  an  encoder  and  a

decoder. An input image f(x, y) is fed into the encoder, which creates a set of symbols from the input

data. After transmission over the channel, the encoded representation is fed to the decoder, where a

reconstructed output image f^(x, y) is generated. In general, f^(x, y) may or may not be an exact

replica of f(x, y). If it is, the system is error free or information preserving; if not, some level of

distortion is present in the reconstructed image. Both the encoder and decoder shown in Fig. 3.1

consist of two relatively independent functions or subblocks. The encoder is made up of a source

encoder,  which  removes  input  redundancies,  and  a  channel  encoder,  which  increases  the  noise

immunity of the source encoder's output.  As would be expected, the decoder includes a channel

decoder followed by a source decoder. If the channel between the encoder and decoder is noise free

(not  prone to  error),  the channel  encoder and decoder are omitted,  and the general  encoder and

decoder become the source encoder and decoder, respectively.

                              Fig. A general compression system model

LZW Coding:

The technique, called Lempel-Ziv-Welch (LZW) coding, assigns fixed-length code words to variable
length  sequences  of  source  symbols  but  requires  no  a  priori  knowledge  of  the  probability  of
occurrence of the symbols to be encoded. LZW compression has been integrated into a variety of
mainstream imaging file formats, including the graphic interchange format (GIF), tagged image file
format (TIFF), and the portable document format (PDF).



LZW coding is conceptually  very simple (Welch [1984]).  At the onset of the coding process,  a

codebook  or  "dictionary"  containing  the  source  symbols  to  be  coded  is  constructed.  For  8-bit

monochrome images, the first 256 words of the dictionary are assigned to the gray values 0, 1, 2...,

and 255. As the encoder sequentially examines the image's pixels, gray-level sequences that are not

in the dictionary are placed in algorithmically determined (e.g., the next unused) locations. If the first

two pixels of the image are white, for instance, sequence “255-255” might be assigned to location

256, the address following the locations reserved for gray levels 0 through 255. The next time that

two consecutive white pixels are encountered, code word 256, the address of the location containing

sequence 255-255, is used to represent them. If  a 9-bit,  512-word dictionary is employed in the

coding process, the original (8 + 8) bits that were used to represent the two pixels are replaced by a

single 9-bit code word. Cleary, the size of the  dictionary is an important system parameter. If it is too

small, the detection of matching gray-level sequences will be less likely; if it is too large, the size of

the code words will adversely affect compression performance.

Consider the following 4 x 4, 8-bit image of a vertical edge:

Table 6.1 details the steps involved in coding its 16 pixels. A 512-word dictionary

with the following starting content is assumed:



Locations 256 through 511 are initially unused. The image is encoded by processing its pixels in a

left-to-right, top-to-bottom manner. Each successive gray-level value is concatenated with a variable
—column 1 of Table 6.1 —called the "currently recognized sequence." As can be seen, this variable
is initially null or empty. The dictionary is searched for each concatenated sequence and if found, as
was the case in the first row of the table, is replaced by the newly concatenated and recognized (i.e.,
located in the dictionary) sequence. This was done in column 1 of row 2.

 

                                                                            Table : LZW coding example

No output codes are generated, nor is the dictionary altered. If the concatenated sequence is not

found,  however,  the address of the currently recognized sequence is  output  as  the next  encoded

value,  the  concatenated  but  unrecognized  sequence is  added to the  dictionary,  and the currently

recognized sequence is initialized to the current pixel value. This occurred in row 2 of the table. The

last two columns detail the gray-level sequences that are added to the dictionary when scanning the

entire  4  x  4  image.  Nine  additional  code  words  are  defined.  At  the  conclusion  of  coding,  the



dictionary  contains  265  code  words  and  the  LZW  algorithm has  successfully  identified  several

repeating gray-level sequences—leveraging them to reduce the original 128-bit image lo 90 bits (i.e.,

10 9-bit codes). The encoded output is obtained by reading the third column from top to bottom. The

resulting compression ratio is 1.42:1.

A unique feature of the LZW coding just demonstrated is that the coding dictionary or code book is

created  while  the  data  are  being  encoded.  Remarkably,  an  LZW  decoder  builds  an  identical

decompression  dictionary  as  it  decodes  simultaneously  the  encoded data  stream.  .  Although not

needed  in  this  example,  most  practical  applications  require  a  strategy  for  handling  dictionary

overflow.  A simple  solution  is  to  flush  or  reinitialize  the  dictionary  when  it  becomes  full  and

continue coding with a new initialized dictionary. A more complex option is to monitor compression

performance and flush the dictionary when it becomes poor or unacceptable. Alternately, the least

used dictionary entries can be tracked and replaced when necessary.

Bit-Plane Coding:

An effective technique for reducing an image's interpixel redundancies is to process the image's bit

planes individually. The technique, called bit-plane coding, is based on the concept of decomposing a

multilevel (monochrome or color) image into a series of binary images and compressing each binary

image via one of several well-known binary compression methods.

Bit-plane decomposition:

The gray levels of an m-bit gray-scale image can be represented in the form of the base 2 polynomial

Based on this property, a simple method of decomposing the image into a collection of binary images

is to separate the m coefficients of the polynomial into m 1-bit bit planes. The zeroth-order bit plane

is generated by collecting the a0 bits of each pixel, while the (m - 1) st-order bit plane contains the

am-1, bits or coefficients. In general, each bit plane is numbered from 0 to m-1 and is constructed by



setting its pixels equal to the values of the appropriate bits or polynomial coefficients from each pixel

in the original image. The inherent disadvantage of this approach is that small changes in gray level

can  have  a  significant  impact  on  the  complexity  of  the  bit  planes.  If  a  pixel  of  intensity  127

(01111111) is adjacent to a pixel of intensity 128 (10000000),  for instance, every bit  plane will

contain a corresponding 0 to 1 (or 1 to 0) transition. For example, as the most significant bits of the

two binary codes for 127 and 128 are different, bit plane 7 will contain a zero-valued pixel next to a

pixel of value 1, creating a 0 to 1 (or 1 to 0) transition at that point.

An alternative decomposition approach (which reduces the effect of small gray-level variations) is to

first represent the image by an m-bit Gray code. The m-bit Gray code gm-1... g2g1g0 that corresponds

to the polynomial in Eq. above can be computed from

Here, denotes the exclusive OR operation. This code has the unique property that successive code

words differ in only one bit position. Thus, small changes in gray level are less likely to affect all m

bit planes.  For instance, when gray levels 127 and 128 are adjacent,  only the 7th bit  plane will

contain a 0 to 1 transition, because the Gray codes that correspond to 127 and 128 are 11000000 and

01000000, respectively.

PREDICTIVE CODING

Lossy Predictive Coding:

In this  type of coding, we add a quantizer  to the lossless predictive model and examine the

resulting  trade-off  between  reconstruction  accuracy  and  compression  performance.  As  Fig.9

shows, the quantizer,  which absorbs the nearest integer  function of the error-free encoder,  is

inserted between the symbol encoder and the point at which the prediction error is formed. It



maps the prediction error into a limited range of outputs, denoted e^n which establish the amount

of compression and distortion associated with lossy predictive coding.

                             Fig.  A lossy predictive coding model: (a) encoder and (b) decoder.

In order to accommodate the insertion of the quantization step, the error-free encoder of figure must

be altered so that the predictions generated by the encoder and decoder are equivalent. As Fig.9 (a)

shows, this is accomplished by placing the lossy encoder's predictor within a feedback loop, where

its input, denoted f˙n, is generated as a function of past predictions and the corresponding quantized

errors. That is,

This closed loop configuration prevents error buildup at the decoder's output. Note from Fig. 9 (b) 

that the output of the decoder also is given by the above Eqn.



Optimal predictors:

The optimal predictor used in most predictive coding applications minimizes the encoder's mean-

square prediction error

subject to the constraint that

and

That  is,  the  optimization  criterion  is  chosen  to  minimize  the  mean-square  prediction  error,  the

quantization error is assumed to be negligible (e˙n ≈ en), and the prediction is constrained to a linear

combination of m previous pixels.1 These restrictions are not essential, but they simplify the analysis

considerably and, at  the same time, decrease the computational complexity of the predictor.  The

resulting predictive coding approach is referred to as differential pulse code modulation (DPCM).

BLOCK TRANSFORM CODING

Transform Coding:

All the predictive coding techniques operate directly on the pixels of an image and thus are spatial

domain methods. In this coding, we consider compression techniques that are based on modifying the

transform of  an  image.  In  transform coding,  a  reversible,  linear  transform (such  as  the  Fourier

transform) is used to map the image into a set of transform coefficients, which are then quantized and



coded. For most natural images, a significant number of the coefficients have small magnitudes and

can  be  coarsely  quantized  (or  discarded  entirely)  with  little  image  distortion.  A  variety  of

transformations, including the discrete Fourier transform (DFT), can be used to transform the image

data.

                        Fig.  A transform coding system: (a) encoder; (b) decoder.

Figure  shows a typical transform coding system. The decoder implements the inverse sequence of

steps (with the exception of the quantization function) of the encoder, which performs four relatively

straightforward operations: subimage decomposition, transformation, quantization, and coding. An N

X N input image first is subdivided into subimages of size n X n, which are then transformed to

generate (N/n)  2 subimage transform arrays,  each of size n X n. The goal of the transformation

process is to decorrelate the pixels of each subimage, or to pack as much information as possible into

the smallest number of transform coefficients. The quantization stage then selectively eliminates or

more coarsely quantizes the coefficients that carry the least information. These coefficients have the

smallest  impact  on  reconstructed  subimage  quality.  The  encoding  process  terminates  by  coding

(normally  using  a  variable-length  code)  the  quantized  coefficients.  Any  or  all  of  the  transform

encoding steps can be adapted to local image content, called adaptive transform coding, or fixed for

all subimages, called nonadaptive transform coding.



Wavelet Coding:

The wavelet coding is based on the idea that the coefficients of a transform that decorrelates the

pixels  of  an  image  can  be  coded  more  efficiently  than  the  original  pixels  themselves.  If  the

transform's basis functions—in this case wavelets—pack most of the important visual information

into a small number of coefficients, the remaining coefficients can be quantized coarsely or truncated

to zero with little image distortion.

Figure  shows a typical wavelet coding system. To encode a 2J X 2J image, an analyzing wavelet, Ψ,

and minimum decomposition level,  J  - P,  are selected and used to compute the image's discrete

wavelet transform. If the wavelet has a complimentary scaling function φ, the fast wavelet transform

can be used. In either case, the computed transform converts a large portion of the original image to

horizontal,  vertical,  and  diagonal  decomposition  coefficients  with  zero  mean  and  Laplacian-like

distributions.

                                    Fig. A wavelet coding system: (a) encoder; (b) decoder



Since many of the computed coefficients carry little visual information, they can be quantized and

coded  to  minimize  Interco  efficient  and  coding  redundancy.  Moreover,  the  quantization  can  be

adapted to exploit any positional correlation across the P decomposition levels. One or more of the

lossless coding methods, including run-length, Huffman, arithmetic, and bit-plane coding, can be

incorporated into the final symbol coding step. Decoding is accomplished by inverting the encoding

operations—with the exception of quantization, which cannot be reversed exactly.

The principal difference between the wavelet-based system and the transform coding system is the 

omission of the transform coder's sub image processing stages. Because wavelet transforms are both 

computationally efficient and inherently local (i.e., their basis functions are limited in duration), 

subdivision of the original image is unnecessary.



UNIT V

Image Segmentation and Representation 

Image  segmentation  is  an  essential  preliminary  step  in  most  automatic  pictorial  pattern

recognition and scene analysis algorithms. The purpose of representation and description is used

to be the application of image. In the application of image processing, we have to choose an

approach and to do representation and description, just like recognition of the word, picture, and

so on.

Introduction

Segmentation is to subdivide an image into constituent regions or objects. Image segmentation

algorithms are generally based on one of the two basic properties of intensity value: discontinuity

and similarity.  In this  section,  we discuss  many different  approaches  to detect  the boundary

choose of  threshold,  and  so  on.  After  an  image  is  segmented  into  regions,  each  region  is

represented and described in a form suitable for further computer processing. Basically, there are

two ways to represent a region involves two choices.  The external representation is used when

the  primary  focus  is  on  shape  characteristics. The internal  representation  is  used  when  the

primary focus is on regional properties. Of course,  sometimes it may be necessary to use both

type.

Edge-Based Segmentation

There are three basic types  of gray-level discontinuities in a digital image: points, lines, and

edges. The most common way to look for discontinuities is to run a mask through the image.

And the response of the mask at any 1 3u   point in the image is given by 
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                    (2-1)



Point Detection

We say that a point has been detected at the location on which the mask is centered if

                              R T                            (2.1-1)   

-1 -1 -1

-1 8 -1

-1 -1 -1

                   Fig.2-1 a point detection mask

Line Detection

In the line detection, we use the same way of point to detect different angle of line. Fig.1.2

illustrates the line detection mask at horizontal direction.

-1 -1 -1
2 2 2
-1 -1 -1

Fig.2-2 a mask of horizontal direction

Edge Detection

Although point and line detection certainly are important in any discussion on segmentation,

edge detection is by far the most common approach for detecting meaningful discontinuities in

gray level. About the edge detection, we discuss approaches for implementing first- and second-

order digital derivatives for the detection lf edges in an image. 



 

Fig.2.3 Gray-level profile       First derivative        Second derivative

Gradient operation

The gradient of an image at location (x, y) is defined as the vector
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We can use this to find the magnitude direction angle
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2.3.2 The Laplacian

The Laplacian of a 2-D function f(x, y) is a second-order derivative defined as
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The Laplacian of Gaussian(LOG) is a operation that
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Fig.1.3-1 and 1.3-2 is a 3-D plot image and the mask

         

(a)                                (b)

Fig1.3 (a) 3-D plot (b) 55 mask approximation to the shape of (a)

Thresholding

In this section, we introduce an approach to produce the two-level image from the gray level

image. After we decide a threshold T, we make the gray level value become 1 if the value more

than T, and vice versa. The formula is shown as following.

 1    if   ( , )
0    if   ( , )  ( , ) f x y T

f x y Tg x y 

                       (4-1)

 Basic Global Thresholding

The following algorithm can be used to obtain T automatically:

(1) Select an initial estimation for T

(2) Segment the image using T. This will produce two groups of pixels: G1 consisting of all

pixels with gray level values >T and G2 consisting of pixels with values<=T

(3) Compute the average gray level values u1 and u2 for the pixels in regions G1 ane G2/



(4) Compute a new threshold value: T=1/2(u1+ u2).

(5) Repeat steps 2 through 4 until the difference in T in successive iterations is smaller than a

predefined parameter T0

Basic Adaptive Thresholding

Because of the role of illumination, we find an approach to solve this problem that is subdividing

Image  into  individual  subimages.  The  following  graph  shows  the  result  of  the  adaptive

thresholding.

(a)                                 (b)

                (c)                              (d)

Fig.4.(a)  Original  image  (b)  Result  of  global thresholding (c)  An  image  subdivided  into

subimages (d) Result of adaptive thresholding                         

Optimal Global and Adaptive Thresholding

If gray level values belong to Gaussian distribution. Threshold is  calculated as following when



error rate is minimized.
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Region-Based Segmentation

Region Growing

Region growing is  a  procedure that  groups pixels  or  subregion into larger  regions based on

predefined criteria. The basic approach is to start with a set of “seed” points and from these grow

regions by appending to each seed those neighboring pixels that have properties similar to the

seed.

  

(a) (b)

(c)                             (d)

Fig.4.1-1 (a) Image showing defective welds (b) Seed points (c) Result of region growing (d)

Boundaries of segmented defective welds                 



Region and merging in region growing is an important step. The result of region splitting and

merging is better than threshold. Because the image segmentation by threshold just have two

gray level value, but the image use region splitting and merging have similar sharp with original

image. There is a procedure of region splitting and merging below.

(a) (b)

Fig.4.1-2 (a) Partitioned image (b) Corresponding quadtree

Unseeded region growing

A characteristic of USRG different to SRG is  no explicit seed selection is necessary, the seeds

can be generated by the segmentation procedure automatically. And the automatic segmentation

is by added benefit of robustness from region-based segmentation. Advantages of it are easy to

use and can readily incorporate higher level knowledge of the image composition through region

threshold.

Region Splitting & Merging:

1) In this method an image is first subdivided into a set of arbitrary disjointed region and

then merges and/or splits the regions.

2) Let R represent the entire image region and then select a predicate P.

3) For image one approach for segmenting R is to subdivide it successively into smaller and

smaller quadrant region so that for any region Ri, Predicate(Ri) = True.

4) If Predicate(Region) = False then divide the image into quadrants.

5) If  Predicate(Region)  = False for  any quadrant  then subdivide that  quadrant  into sub-

quadrants and so on.



Characteristic of the split and merge method was the algorithm due to Horwitz and Plavidis. This

was based on the use of a segmentation tree, which is normally a quadtree. Each node, say k, in

the tree corresponds to a square region of the image, and has stored with it a maximum Mk and

minimum mk brightness (or other search property) value.

 The  algorithm  starts  with  a  cutset  of  nodes.  This  consists  of  five  arrays  storing  the  node

properties: {xk,yk,size,Mk,mk}. Note that only the cutset is stored, not the whole tree. For an

image of resolution NxN pixels it is theoretically possible that each array requires N2 entries,

though, in practical cases, where regions do exist, the requirement is much smaller.

 Merging is done by comparing adjacent groups of four nodes with a common parent. If they

obey the criterion they are replaced by their parent node. Similarly splitting is done by breaking

non uniform nodes into the four children nodes at the lower level The process is constrained by

the tree structure, so, when all the splitting and merging is complete, the final cutset must be

grouped into regions. This is essentially a further merging process.

 Quadtree Segmentation Algorithms

Although the Horwitz/Plavidis algorithm is essentially based on a quadtree, the whole tree is

never stored complete.  This is because of the memory requirement.  For an nxn image, there

would be m levels in the tree where n=2m, and {22(m+1) - 1 }/3 nodes in the tree. Values of n can be

up to 512 (m=9) meaning the number of nodes is 349,522. Since each node has at least four

pointers (to its children) and one to its parent for efficient processing, the minimum requirement

is  about  1.5  MBytes.  However,  with  the  introduction  of  cheap  VLSI  memories,  quadtree

algorithms have become practical propositions in the eighties.

 A naive quadtree algorithm can be constructed by building a quadtree upwards from the image

pixels,  storing  only  the  mean  value  of  the  subtree  pixels  in  each  node.  To  minimise  the

computation, the mean is computed as the tree is built.

1. Construct a quadtree storing at each node the mean of its four children.



2. Search from the root of the tree to find the node highest in the tree whose mean

is in the required range.

3.  Use  neighbour  finding  techniques  to  merge  adjacent  nodes  whose  mean is

within the desired range.

Although this gives in essence the quadtree method it requires a few modifications before it is a

practical algorithm.

Boundary Representation:

The segmentation techniques usually consider the pixel along a boundary and pixel contained in

the region. And an approach to obtain the descriptor that is compact the data into representation.

There are several approaches above. 

Chain Code

The chain code is used to represent a boundary by the length and the direction of  straight-line

segments. Typically, this representation is based on 4- or 8- connectivity of the segments.

         

(a)                             (b)

Fig.5.1.1 (a) 4-directional chain code (b) 8-directional chain code.



      

             (a)                            (b)

(c)                                 

                           (c)                           (d)

            Fig.5.1.2 (a) Digital boundary with resampling grid srperimposed. (b) Result of  

resample. (c) 4-directional chain code. (d) 8-directional chain code

Digital  images  are uaually processed  in  a  grid  format,  but  it  may  not match shape  of  the

boundary if  the  chain of codes is quite long or the boundary is distributed by the noise.  An

approach frequently used to circumvent the problems just discussed is to resample the boundary

by selecting a larger grid spacing. It can be seen that the accuracy and samples is related to grid

spacing.

 



Polygonal Approximations

The goal of polygonal approximation is to capture the essence of the boundary shape with the

fewest  possible  polygonal  segments. Several  polygonal  approximation  techniques  of  middle

complexity and processing requirements are suitable for image processing applications.

Minimum Perimeter Polygons

We visualize this enclosure as two walls corresponding to the outside and inside boundaries of

the strip of cells, and think of the object boundary as a rubber band contained within the wall. If

the rubber band is allowed to shrink, it takes the shape shown in Fig.5.2.1

     

(a)                              (b)
Fig.5.2.1 (a) Object boundary enclosed by cells, and (b) Minimum perimeter polygon.

         

Boundary Segments

Decomposing a boundary into segments often is useful. Decomposition reduces the boundary’s

complexity. This approach is useful when the boundary contains one or more concavities. In this

case use of the convex hull of the region enclosed by the boundary is a powerful tool for robust

decomposition of the boundary. 



5.5 Skeletons

Skeletons mean thinning. The skeleton of a region may be defined via the MAT (medial axis

transformation) proposed by Blum [1967]. According to the definition, the step 1 flags a contour

point 1p  for deletion if the following conditions are satisfied: (a) 12 ( ) 6N p 

        (b) 1( ) 1T p 

        (c) 2 4 6p p p  =0

        (d) 4 6 8 0p p p                                            (5.5-1)

Where 1( )N p is the number of nonzero neighbors of 1p : that is,

1 2 3 8 9( ) ........N p p p p p                         (5.5-2)

9p 2p 3p

8p 1p 4p

7p 6p 5p

Fig.6.5 Neighborhood arrangement used by the thinning algorithm

In section 2, conditions (a) and (b) remain the same, but conditions (c) and (d) are changed to 

( )c 2 4 8p p p  =0

         ( )d 2 6 8p p p  =0                                        (5.5-3)

The iteration of the thinning algorithm consists of (1) applying step 1 to flag border points for

deletion; (2) deleting the flagged points; (3) applying step 2 to flag the remaining border points

for deletion; and (4) deleting the flagged points. 

Descriptor

In this section, we discuss boundary descriptors and regional descriptors. 



Boundary Descriptors

There are several approaches to describe the boundary of a region. We illustrate as follows.

Some Simple Descriptors

There are several simple descriptors. Just like basic rectangular, eccentricity, curvature and so on.

Basic rectangular is the rectangular that generate by major axis and minor axis. Eccentricity is

the ratio of major axis and minor axis. Curvature is defined as the rate of the boundary that use

convex and concave to describe the boundary.

Shape Numbers

The first difference of a chain-coded boundary depends on the starting point. The shape number

of such a boundary, based on the 4-directional code is defined as the first difference of smallest

magnitude. For a desired shape order, we find the rectangle of order n whose eccentricity best

approximates that of the basic rectangle and use this new rectangle to establish the grid size.

Fourier Descriptors

The Fourier  descriptors  are starting at  an arbitrary  point ( , )x y . Each coordinate  pair  can be

treated as a complex number so that 

                 ( ) ( ) ( )s k x k jy k                            (6.1.3-1)

This representation has one great advantage that it reduces a 2-D to a 1-D problem. The discrete

Fourier transform (DFT) of ( )s k  is 
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                   (6.1.3-2)

for 0,1,2,......, 1u K  .The complex coefficients  ( )a u are called the Fourier descriptors of the



boundary. The inverse Fourier transform of these coefficients restore ( )s k . That is, 
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                      (6.1.3-3)

for 0,1,2,...., 1k K  . Suppose, however, that instead of all the Fourier coefficients, only the

first P coefficient  is used. This is equivalent to setting ( ) 0a u   for 1u P  . The result is the

following approximation to ( )s k :
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                      (6.1.3-4)

The smaller P becomes, the more detail that is lost on the boundary. And the bigger P becomes, it

more similar to boundary.

Regional Descriptors

In this section, we consider various approaches for describing image regions.

Some Simple Descriptor

The area and the perimeter are sometimes used as descriptors. A more frequent use of these two

descriptors is in measuring compactness of a region. 

Topological Descriptor

Topological is the study of properties of a figure that are unaffected by any deformation, as long

as there is no tearing. It can be defined by the number of holes, and connected component. In this

section, we define the Euler formula:

E V Q F C H                           (6.2.2-1)

V: the number of vertices

Q: the number of edges



F: the number of faces

C: the number of connected component

H: the number of holes 

 

Texture

An important approach to region description is to quantify its texture content. There are three

approaches introduced above.

1. Statistical approaches

Statistical approaches yield characterizations of textures as smooth, coarse, and grainy, and so

on. One of the approaches for describing texture is to use statistical moments of the gray-level

histogram of an image or region. The nth moment of z about the mean is 
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Where 
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                             (6.2.3-2)

The second moment is important. It is a measure of gray- level contrast that can be used to

establish descriptors of relative smoothness. For example, the measure of constant intensity 
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                            (6.2.3-3)

The third  moment  is  a  measure  of  the  skewness  of  the  histogram.  The fourth  moment  is  a

measure  of  its  relative  flatness.  The  fifth  and  higher  moments  are  not  so  easily  related  to

histogram  shape.  Some  useful  approaches  established  in  the  histogram  is  measuring  of

uniformity
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and measuring of an average entropy
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2. Structural Approaches

Structural techniques deal with the arrangement of image primitives. Suppose that we have a rule

of the form S aS , which indicates that the symbol S  may be rewritten as aS . If a  represents

a circle [Fig.3.2.3 (a)] and the meaning of “circles to the right” is assigned to a string of the form

aaa…., the rule S aS allows generation of the texture pattern shown in Fig.3.2.3-2 (b).

      

  

(a)                              (b)

Fig.6.2.3 (a) Texture primitive. (b) Pattern generated by the rule S aS .

3. Spectral Approaches

Spectral techniques are based on properties of the Fourier spectrum and are used primarily to

detect global periodicity in an image by identifying high energy, narrow peaks in the spectrum.

Interpretation  of  spectrum  features  just  mentioned  often  are  simplified  by  expressing  the

spectrum in polar coordinates to yield a function ( , )S r  , where S is the spectrum function and r

and   are the variables in this coordinate system. Analyzing ( )S r  for a fixed value of   yield

the behavior of the spectrum along a radial direction from the origin, whereas analyzing S ( )r 

for a fixed value of r yields the behavior along a circle centered on the origin.

0
( ) ( )S r S r




                         (6.2.3-6)
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                         (6.2.3-7)

Discriminating  the  different  texture  patterns  by  analyzing  their  corresponding  S(θ)  and  S(r)



waveforms would be straightforward. 
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