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xv

Preface

Why another book on image processing? One might wonder, especially 
when almost all of the books available in the market are written by very 
well-versed and experienced academicians. Even more intriguing is the 
fact that I am a lot younger compared to all of them when they wrote those 
books! However, I think this is the main driving force behind this effort. 
Over the past few years when I have been involved teaching the subject in 
various countries around the world, I have felt that the available textbooks 
are not very “student friendly.” Not too long ago, I shared similar feel-
ings when I was on the student benches myself. In today’s ultra-fast-paced 
life, the definition of “student friendly” is predominantly related to how 
fast the information can be disseminated to the students in as easy (and 
fun) way as possible. This definition, essentially, depicts the whole intent 
of writing this book.

 This book covers topics that I believe are essential for undergradu-
ate students in the areas of engineering and sciences in order to obtain 
a minimum understanding of the subject of digital image processing. At 
the same time, the book is written keeping in mind “average” students not 
only in the United States but elsewhere in the world as well. This is also the 
reason that the book has been proposed as a textbook for the subject since 
I believe that a textbook must be completely (or at least 90%) comprehen-
sible by the students. However, students who want to delve deeper into the 
topics of the book can refer to some of the references in the bibliography 
section including several Web links. The book can also be a very good 
starting point for student projects as well as for start-up research in the 
field of image processing because it will give an encouraging jump-start to 
students without bogging them down with syntactical and debugging issues 
that they might encounter when using a programming environment other 
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xvi  �  Preface

than MATLAB®, or even trying out MATLAB for the first time for imag-
ing applications.

The magic number of 15 chapters is based on a typical 15-week semester 
(plus or minus two more for the exams, etc.). Hence, typically one chapter 
can be completed per week, although in some cases, it may spill over to 
the next week as well. Each chapter is divided into three distinct sections. 
Their content varies in length relative to the topic being covered. The first 
of these sections is related to the actual theoretical contents to be covered 
under the chapter title. These theoretical topics are also presented in a 
very simple and basic style with generic language and mathematics. In 
several places, only a final result has been presented rather than the com-
plex mathematical derivation of that result. The intent of this section is to 
equip the student with general understanding of the topic and any math-
ematical tool they will be using.

The second section (explicitly titled “Algorithmic Account”) explains 
the theoretical concepts from the theoretical section in the form of a 
flowchart to streamline the concepts and to lay a foundation for students 
to get ready for coding in any programming language. The language 
used in the flowchart is purposely kept simple and generic, and standard 
symbols for flowcharts are used. The third section (“MATLAB Code”) 
will complete this understanding by providing the actual MATLAB 
code for realizing the concepts and their applications. Specific empha-
sis is given on reproducing the figures presented in the chapter through 
the listed code in this section. At the end of each chapter, a bulleted 
summary of the chapter is provided. This gives a bird’s-eye view to the 
students as well as the instructors of the topics covered in the chapter. 
The exercises at the end of the chapter are mostly programming based 
so that students learn the underlying concepts through practice.

By no means can I claim that this is sufficient for students to become 
well-versed in the area of image processing. It will, however, open the 
door to a fundamental understanding, and make it very easy for them 
afterward to comprehend the advanced topics in the field, as well as other 
mathematical details.

 The book has some additional support material that can be found on 
the following Web site:

http://faculty.qu.edu.qa/qidwai/DIP

It contains the following items:
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Preface  �  xvii

PowerPoint slides that can be used for chapterwise lectures•	

A GUI tool infrastructure in MATLAB that can be developed by •	
the student into a full-functionality image processing GUI tool as a 
course project

A folder containing all the images used in the book with MATLAB •	
codes

In order to gain full benefit from the book, one must have MATLAB 6.5 
or higher with toolboxes on image processing, image acquisition, statistics, 
signal processing, and fuzzy logic. 

Disclaimer: To the best of my knowledge, all of the text, tables, images, 
and codes in the book are either original or are taken from public domain 
Web sites from the Internet. The images football.jpg, circles.png, coins.png, 
and testpat1.png are reproduced with permission from The MathWorks 
Inc. (U.S.), and onion.png and peppers.png are reproduced with permis-
sion of Jeff Mather, also of MathWorks.

MATLAB® is a registered trademark of The MathWorks, Inc. For prod-
uct information, please contact:

The MathWorks, Inc.
3 Apple Hill Drive
Natick, MA 01760-2098 USA
Tel: 508-647-7000
Fax: 508-647-7001
E-mail: info@mathworks.com
Web: www.mathworks.com

Uvais Qidwai
April 2009
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1

1C h a p t e r  

Introduction to Image 
Processing and the 
MATLAB® Environment

1.1  InTroducTIon

This chapter briefly introduces the scope of image processing. 
Modern digital technology has made it possible to manipulate multi-

dimensional signals with systems that range from simple digital circuits to 
advanced parallel computers. The goal of this manipulation can be divided 
into three main categories and several subcategories:

Image processing•	

Image input and output•	

Image adjustments (brightness, contrast, colors, etc.)•	

Image enhancement•	

Image filtering•	

Image transformations•	

Image compression•	

Watermarking and encryption•	
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2  �  digital Image Processing: An Algorithmic Approach with MATLAB®

Image analysis•	

Image statistics•	

Binary operations•	

Region of interest operations•	

Image understanding•	

Image classification•	

Image registration•	

Image clustering•	

Target identification and tracking•	

We will focus on the fundamental concepts of the main categories to the 
extent needed by most engineering curricula requirements. Occasionally, 
advanced topics as well as open areas of research will be pointed out. 
Further, we will restrict ourselves to two-dimensional (2D) image process-
ing, although most of the concepts and techniques that are to be described 
can be extended easily to three or more dimensions.

1.1.1  What Is an Image?

A digital image is a 2D signal in essence, and is the digital version of the 
2D manifestation of the real-world 3D scene. Although the words picture 
and image are quite synonymous, we will make the useful distinction that 
“picture” is the analog version of “image.” An image is a function of two 
real variables, for example, a(x,y) with a as the amplitude (e.g., brightness) 
of the image at the real coordinate position (x,y). An image may be con-
sidered to contain subimages, which are sometimes referred to as regions 
or regions of interest (ROIs). The amplitudes of a given image will almost 
always be either real numbers or integers. The latter is usually the result 
of a quantization process that converts a continuous range (say, between 0 
and 100%) to a discrete number of levels.

1.2  dIgITAL IMAgE dEfInITIons: ThEorETIcAL AccounT
A digital image a[m,n] described in a 2D discrete space is derived from an 
analog image a(x,y) in a 2D continuous space through a sampling process 
that is frequently referred to as digitization. Each sample of the image is 
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Introduction to Image Processing and the MATLAB® Environment  �  3

called a pixel (derived somewhere down the line from picture element). 
The manner in which sampling has been performed can affect the size 
and details present in the image. Some of these effects of digitization are 
shown in Figure 1.1.

The 2D continuous image a(x,y) is divided into N rows and M columns. 
The intersection of a row and a column is termed a pixel. The value assigned 
to the integer coordinates [m,n] with {m = 0, 1, 2, ..., M−1} and {n = 0, 1, 2, ..., 
N−1} is a[m,n]. In fact, in most cases a(x,y), which we might consider to be 
the physical signal that impinges on the face of a 2D sensor, is actually a 
function of many variables, including depth (z), color (λ), and time (t).

Images can be of various sizes; however, there are standard values for 
the various parameters encountered in digital image processing. These 
values occur due to the hardware constraints caused by the imaging 
source and/or by certain standards of imaging protocols being used. For 
instance, some typical dimensions of images are 256 × 256, 640 × 480, 
etc. Similarly, the grayscale values of each pixel, G, are also subjected to 
the constraints imposed by quantizing hardware that converts the analog 
picture value into its digital equivalent. Again, there can be several possi-
bilities for the range of these values, but frequently we see that it depends 
on the number of bits being used to represent each value. For several algo-
rithmic reasons, the number of bits is constrained to be a power of 2, that 
is, G = 2B, where B is the number of bits in the binary representation of 
the brightness levels. When B > 1, we speak of a gray-level image; when 
B = 1, we speak of a binary image. In a binary image, there are just two 
gray levels, which can be referred to, for example, as “black” and “white” 
or “0” and “1.” This notion is further facilitated by digital circuits that 
handle these values or by the use of certain algorithms such as the (fast) 
Fourier transform.

In Figure 1.1, images in (b), (c), and (e) have the same size as the origi-
nal. The only difference is that the number of pixels being skipped (and 
replaced with zeros) is different: 10-, 2-, and 5- pixel spacing, respectively. 
Obviously, the larger the spacing, the more information is lost, and com-
bining the actual sampled points will result in a smaller image, as shown in 
the images in (d) and (f). One more observation on pixel loss can be made 
through the images in (d) and (f), where the original image is much more 
distorted for larger sampling spacing. The effects shown in Figure 1.1 can 
also be defined in technical terms: spatial resolution, which describes the 
level of detail an image holds within its physical dimensions. Essentially, 
this means the number of detail elements (or pixels) present in the rows 
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4  �  digital Image Processing: An Algorithmic Approach with MATLAB®

 
(a) (b)

 
(c) (d)

 
(e) (f)

fIgurE 1.1 (See color insert following Page 204.) Digitization of a continu-
ous image. (a) Original image of size 391 × 400 × 3, (b) image information 
is almost lost if sampled at a distance of 10 pixels, (c) resultant pixels when 
sampling distance is 2, (d) new image with 2-pixel sampling with size 196 × 
200 × 3, (e) resultant pixels when sampling distance is 5, (f) new image with 
5-pixel sampling with size 79 × 80 × 3.
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Introduction to Image Processing and the MATLAB® Environment  �  5

and columns of the image. Higher resolution means more image detail. 
Consequently, image resolution can be tied to physical size (e.g., lines per 
millimeter, lines per inch) or to the overall size of a picture (lines per pic-
ture height, number of pixels, and pixel density).

1.3  IMAgE ProPErTIEs
1.3.1  signal-to-noise ratio

Signal-to-noise ratio (SNR) is an important parameter to judge, analyze, 
and classify several image processing techniques. As described previously, 
in modern camera systems the noise is frequently limited by the following:

Amplifier noise in the case of color cameras•	

Thermal noise, which itself is limited by the chip temperature •	 K and 
the exposure time T

Photon noise, which is limited by the photon production rate and the •	
exposure time T

Effectively, SNR is calculated as

 
SNR Signal Power

Noise Power
P
P

Signal

No

= =_
_

log20
iise

.  (1.1)

How noise can affect the image is shown in Figure 1.2. The added noise 
is of “salt-and-pepper” type. The addition of noise is only the addition of 
randomness to the clean pixel values. This, however, is a very common 
problem in digital image acquisition, where the randomness appears from 
hardware elements. Chip behavior can be random on account of thermal 
conditions; such behavior is inherently a charge flow phenomenon and is 
highly dependent on the temperature.

1.3.2  Image Bit resolution

Image bit resolution, or simply image resolution, refers to the number of 
grayscale levels or the number of pixels present in the image. Compared 
to the term spatial resolution mentioned earlier (following Figure 1.1), the 
commonly used terminology of image resolution refers to the representa-
tional capability of the image, using a certain number of bits to represent 
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6  �  digital Image Processing: An Algorithmic Approach with MATLAB®

the intensity levels at various points in the image. A more quantitative and 
algorithmic description is given in Section 1.5.3 and Figure 1.4(c) of this 
chapter. The effect of reducing image resolution (either number of gray 
levels or number of pixels) can be explored to understand these impor-
tant variables. Note that the ability to recognize small features and locate 
boundaries requires enough pixels, and that too few gray levels produce 
visible “contouring” artifacts in smoothly varying regions. These are 
shown in Figure 1.3.

(a)

(b)

fIgurE 1.2 The effect of noise on images. (a) Original Image, (b) noisy 
image with signal-to-noise-ratio (SNR) 20 dB.
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Introduction to Image Processing and the MATLAB® Environment  �  7

1.4  MATLAB
MATLAB stands for MATrix LABoratory, and it is a software environ-
ment extremely suitable for engineering algorithmic development and 
simulation applications. Commercialized in 1984 by The MathWorks Inc. 
(Natick, MA), the MATLAB project was initiated as a result of the rec-
ognition of the fact that engineers and scientists need a more powerful 
and productive computation environment beyond those provided by lan-
guages such as C and FORTRAN. Since then, MATLAB has been heavily 
extended and has become a de facto standard for scientific and engineering 
calculations, visualization, and simulations. Essentially, it is a data analy-
sis and visualization tool that has been designed with powerful support for 
matrices and matrix operations. It operates as an interactive programming 
environment. MATLAB is well adapted to numerical experiments because 
the underlying algorithms for MATLAB’s built-in functions and sup-
plied m-files are based on the standard libraries LINPACK and EISPACK. 
MATLAB programs and script files always have file names ending with 

 
(a) (b)

 
(c) (d)

fIgurE 1.3 (See color insert following Page 204.) The effect of bit resolu-
tion. (a) Original image with 8-bit resolution, (b) 4-bit resolution, (c) 3-bit 
resolution, (d) 2-bit resolution.
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8  �  digital Image Processing: An Algorithmic Approach with MATLAB®

“.m”; the programming language is exceptionally straightforward because 
almost every data object is assumed to be an array. Graphical output is 
available to supplement numerical results.

Although MATLAB is claimed to be the optimal tool for working 
with matrices, its performance can deteriorate significantly if it is not 
used carefully. For instance, several algorithmic tasks involve the use of 
loops to perform different types of iterative procedures. It turns out that 
MATLAB is not too loop friendly. However, if the number of loops can be 
reduced and most of the operations can be converted into matrix-based 
manipulations, then the performance suddenly improves greatly. For 
instance, calculation of the sum-square of a row vector A can be much 
more efficient in MATLAB if performed as A*A′ instead of having to go 
through a loop within which a running sum is calculated.

MATLAB has a basic computation engine that is capable of doing all 
the wonderful things in terms of computations. It does that by utilizing 
basic computational functions. Some of these functions are open so that 
their code can be read. However, the source code for most of the main 
built-in functions, such as the fft() function, cannot be read. These built-in 
functions are the keys to the powerful computational structure which 
MATLAB has and the people who have developed it consider this as one 
of their main assets. There are a number of other helping files that sur-
round this core of MATLAB, and these files include the help documenta-
tion, compilers for converting MATLAB files into C or JAVA, and several 
other operating-system-dependent libraries. MathWorks also enhanced 
the power of MATLAB by introducing sister software or engines such as 
SIMULINK® and Real-Time Workshop. However, all of this would have 
made MATLAB a wonderful mathematical tool only. The real power of 
this environment comes from a huge number of specialized functions 
called toolboxes, specifically written by experts in a certain area not neces-
sarily related to programming. These toolboxes include specialized func-
tions and related files to perform the high-level operations related to that 
particular field. There were approximately 80 toolboxes, each targeting 
a specific area of interest at the time these lines were written! And these 
are only those toolboxes that are recognized by MathWorks. Around the 
world, many graduate students develop a toolbox of their own related to 
their thesis or research work. Some of the interesting toolboxes of use to 
us within the context of this book are Images, Signal, Comm, Control, 
Imaq, Fuzzy, Ident, Nnet, Stats, and Wavelet.
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Introduction to Image Processing and the MATLAB® Environment  �  9

1.4.1  Why MATLAB for Image Processing

As explained earlier, an image is just a set of values organized in the form 
of a matrix. Because MATLAB is optimal for matrix operations, it makes a 
lot of sense to use MATLAB for image-related operations. For most of the 
processing needs, we will be using MATLAB’s Image Processing Toolbox 
(images). Other than real-time acquisition of images, this toolbox has all 
the necessary tools to perform various geometric, arithmetic, logical, as 
well as other higher level transformations on the images. The toolbox is 
also capable of handling both color and grayscale images. However, most 
of the image processing is focused on grayscale images. Even for the color 
images, the processing is done on the converted image, which is obtained 
by mapping the RGB color space into grayscale space. These concepts will 
be discussed in detail in Chapter 2.

Although structural compatibility is a great motivation to use MATLAB 
for image processing, there are several other reasons for doing so. Most 
researchers in the area of image processing use MATLAB as their main 
platform for software implementation, which thus gives a common lan-
guage to compare different algorithms and designs. Also, the speeds of 
various algorithms may also be compared on a common platform, which 
would be difficult if different people were using different programming 
languages that vary considerably in terms of speed of operations. Another 
interesting reason to use MATLAB, most interesting to those engineering 
students who do not like a lot of coding, is the brevity of code in MATLAB. 
Table 1.1 compares some examples of basic operations in MATLAB and C 
as a reference. One can imagine from the comparison how dramatic the 
difference will be for complex operations such as convolution, filtering, 
and matrix inversion. Convolution is the heart of almost all of the filter-
ing and time and frequency domain transformations in image processing, 
and must be done as fast as possible. The MATLAB function conv() is 
also one of the well-kept secrets of MathWorks and is the heart of these 
operations. The function has been optimized for the matrix operations 
and, hence, operations in MATLAB become faster and more efficient than 
coding in other languages.

Of course, there is a limit to the usefulness of MATLAB. Although it is 
wonderful for algorithmic testing, it is not very suitable for real-time imaging 
applications due to the slowness of processing. This slowness comes from more 
levels of compilation and interpretation compared to the other languages, as 
well as from iterative procedures where loops are used frequently in real-world 
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10  �  digital Image Processing: An Algorithmic Approach with MATLAB®

applications. The best solution would be to test the logic and algorithms in 
MATLAB first because this will boost the initial development speed. Once 
the algorithm is finalized, it should be translated into C and then compiled 
into an executable file for real-time or near real-time applications. One com-
ment for those students who are not too enthusiastic about coding: “You will 
forget about other languages once you start working with MATLAB.” This is 
true most of the time for typical engineering student chores, as observed from 
personal experience. However, one must realize the fact that for real-world 
applications, the need for a near machine-language-type environment cannot 
be eliminated, at least for the time being.

1.4.2  The Image Processing Toolbox in MATLAB

The Image Processing Toolbox in MATLAB is a collection of functions 
that supports a wide range of image processing operations, including 
the following:

Image I/O•	

Spatial transformations•	

TABLE 1.1 Comparison of MATLAB and C Code for Simple Matrix Operations

Operation Part of C code
MATLAB 
statements

Addition of two 
matrices A and B

for (i==1, i<=M, i++)
{
     for (j==1, j<=N, j++)
    {
        D[i][j]=A[i][j]+B[i][j];
    {
}

D = A + B ;

Multiplication of 
two matrices A 
and B

for (i==1, i<=M, i++)
{
 for (j==1, j<=N, j++)
 {
  for (c==1, c<=N, c++)
  {
   for (r==1, r<=M, r++)
   {
    D[i][j]+=A[i][c]*B[j][r];
   }
  }
 }
}

D = A * B ;
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Introduction to Image Processing and the MATLAB® Environment  �  11

Morphological operations•	

Neighborhood and block operations•	

Filter design and image enhancement•	

Image registration•	

Many of the toolbox functions are MATLAB m-files, a series of MATLAB 
statements that implement specialized image processing algorithms. One 
can extend the capabilities of the Image Processing Toolbox by writing 
customized m-files, or by using the toolbox in combination with other 
toolboxes, such as the Signal Processing Toolbox and the Wavelet Toolbox, 
etc. The toolbox is also supported by a full complement of demo applica-
tions. These are very useful as templates for learning and customizing the 
applications. To view all the Image Processing Toolbox demos, call the 
iptdemos function. This displays an HTML page in the MATLAB Help 
browser that lists all the Image Processing Toolbox demos.

The toolbox demos are located under the subdirectory MATLAB\
toolbox\images\imdemos.

1.5  ALgorIThMIc AccounT
In this section, the algorithmic logic behind the operations shown in 
Figures 1.1–1.3 is presented in the form of flow charts. Once understood, 
the same results can be obtained by coding in any programming language 
of choice.

1.5.1  sampling

The effect of sampling, as shown in Figure 1.1, is mainly the reduction 
of number of pixels present in the image, which results in some loss of 
information in the image and manifests itself as quantization and appar-
ent boxlike patterns in the image. The images in Figure 1.1 were created 
using the logic shown in Figure 1.4(a).

1.5.2  noisy Image

Figure 1.2(b) represents the noisy image, which was obtained by adding the 
clean image with a specific type of noise called salt and pepper, and will be 
discussed in detail in Chapter 4. The methodology used in generating the 
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12  �  digital Image Processing: An Algorithmic Approach with MATLAB®

images of Figure 1.2 is shown in Figure 1.4(b). The word noise is general 
in the diagram and can be defined as per requirements. The noise is a col-
lection of random numbers, and each of these is added to the clean image. 
The signal-to-noise ratio (SNR) is calculated as in Equation 1.2.

 

snr
x

y x
i j k

ijk

i j k
ijk

=
∑∑∑

∑∑∑ −
20

2

2
log

( )
.  (1.2)

1.5.3  Bit resolution

Bit resolution refers to the number of bits needed to represent the distinct 
grayscale levels present in the images. Since the maximum value on any 

Start

Load
Image (x)

Initialize
Spacing (N)

Loop (i, j)
with inc. N

y(i, j, :) = x(i, j, :)

Display
Images

End  

Start

Load
Image (x)

Loop (i, j)
with inc. N

y(i, j, :) = x(i, j, :) + Noise

Display
Images

End

Calculate
SNR

 

Start

Load
Image (x)

Initialize B
(i.e. Bits Resolution)

Loop (i, j)

y(i, j, :) = x(i, j, :)/2B

Display
Images

End

(a) (b) (c)

fIgurE 1.4 Programming logic for generating the images shown in 
Figures 1.1–1.3. (a) Sampling, (b) noisy image and SNR, (c) bit resolution.
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Introduction to Image Processing and the MATLAB® Environment  �  13

layer of the image is 255 in an 8-bit representation system (which is the 
default system in Windows), dividing each value by a certain power of 2 
will result in reducing the grayscale value and, consequently, the number 
of bits needed to represent this value will be smaller. After the division, a 
rounding operation produces further quantization by removing the frac-
tional part from the pixel values. Figure 1.4(c) depicts this strategy.

1.6  MATLAB codE
In this section, first a brief “jump-start” is provided to the user to get going 
with the Image Processing Toolbox and, second, code is provided for the 
image operations presented in Figures 1.1–1.3.

1.6.1  Basic steps

Clear the MATLAB workspace of any variables and close open figure 
windows:

Clear all; close all;

Although not essential, it is always a good practice to include this step in the 
beginning of an m-file that is being executed from start and is not depen-
dent on the previous data. To read an image, use the imread command:

 I = imread(‘horses.jpg’);

infers from the file that the graphics file format is JPEG and the name is 
“horses,” and stores it into the variable I. For the list of supported graphics 
file formats, see the imread function reference documentation.

The image can then be displayed by using one of the two image dis-
play functions: imshow or imview. You can use either one to display an 
image:

 imshow(I)

Your choice of which display function to use depends on what you want 
to do. For example, because it displays the image in a MATLAB figure 
window, imshow provides access to figure annotation and printing capa-
bilities. The imview function displays an image in a separate Java-based 
window called the Image Viewer, which provides access to additional 
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14  �  digital Image Processing: An Algorithmic Approach with MATLAB®

tools that aid in navigating around an image, especially large images, and 
enable the inspection of pixels in an image. Figure 1.1(a) is the result of 
execution of the aforementioned command imshow(). The MATLAB 
code for the images in Figures 1.1–1.3 is

1.6.2  sampling
clear all ; close all
x = imread(‘horses.jpg’);
imshow(x)
[r,c,s] = size(x) ;
N = 10 ;
y = zeros(size(x)) ;
y(1:N:r,1:N:c,:) = x(1:N:r,1:N:c,:) ;
figure
imshow(y*0.01)
z = y(1:N:r,1:N:c,:) ;
figure
imshow(z*0.005)

1.6.3  noisy Image
clear all ; close all
x = imread(‘flowers001.jpg’);
imshow(x)
[r,c,s] = size(x) ;
y = imnoise(x,’salt & pepper’,0.19);
snr = 20*log10(sum(sum(sum(x.^2)))/ 
sum(sum(sum((y-x).^2)))) ;
figure
imshow(y)

1.6.4  Bit resolution
clear all ; close all
x = imread(‘valley.jpg’);
imshow(x)
[r,c,s] = size(x) ;
m = max(max(max(x))) ;
b = [7 6 5] ;
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Introduction to Image Processing and the MATLAB® Environment  �  15

for i = 1 : length(b)
        d = 2^b(i) ;
       z = round(x/d) ;
       figure
        imshow(z*d)
end

1.7  suMMAry
Images are defined as two-dimensional digital signals.•	

Images are formed by capturing the color intensity values from the •	
real-world 3D views.

Each image element is called a •	 pixel.

Each pixel is a function of its position in the image. For instance, •	
x(i,j) represents a value of the light intensity at position ith row and 
jth column of the image.

The values of these pixels suffer degradation from the procedures of •	
image representation as well as from external factors.

Image processing is the general name given to a number of opera-•	
tions, including image acquisition, image representation, image 
enhancement, image compression, image classification, etc.

Once acquired, the image is represented as a matrix in computer •	
memory and can be of 2 or higher dimensions.

Color images are usually treated as compound images with three •	
layers corresponding to the three electron beams in the display hard-
ware of the monitor screen.

MATLAB is a professional-grade computational environment •	
developed by MathWorks Inc, Natick, MA. Because it is optimized 
in terms of operations and manipulations for matrices, the images 
become the part of its data space quite naturally.

MATLAB can reduce several computationally complicated proce-•	
dures needed for image processing to simpler code. This decreases 
the development time, and more emphasis can be given to algorith-
mic development rather than to coding.
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16  �  digital Image Processing: An Algorithmic Approach with MATLAB®

MATLAB has a number of collections of dedicated functions called •	
toolboxes, which are specific to a particular area of computation and 
are usually developed by the experts in that field.

Included code and its logic have been used to demonstrate some sim-•	
ple image manipulation strategies.

The effects of sampling, number of bits needed to represent a gray-•	
scale value in an image, cause modifications to the pixel values of the 
resulting image.

Sampling an image at a pixel distance greater than 1 results in a •	
smaller image with some loss of information. The loss increases 
with increasing sampling distance, but the image size also decreases 
accordingly.

Bit resolution of an image will affect the number of distinct grayscale •	
levels present in an image.

Typically, in the Windows environment, 8 bits are used to represent •	
grayscale values, and three layers of such bit sets are used to represent 
colors.

Noise in an image corresponds to the randomness present in pixel •	
values. In real life, this can happen due to a number of factors such as 
randomly increased electron emissions due to thermal variations.

1.8  ExErcIsEs
 1. Use the code for the noisy image to implement three different types 

of noise while keeping the SNR constant. Then, by visual inspection 
only, grade the quality of the images as bad, worse, and worst. The 
three types of noise you may try out are the Gaussian, uniform, and 
Poisson distributions. The fixed SNR is 10 dB.

 2. Can an image with 4-bit representation be improved in visual qual-
ity by representing the same grayscale levels with 8 bits? Prove your 
answer with MATLAB code. What convinced you that the quality 
improved or degraded?

 3. One of the methods for improving the pixelization (or the box forma-
tion) effect is to increase the size of the image by inserting the aver-
age values of the neighboring pixels between these pixels. Use the 
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Introduction to Image Processing and the MATLAB® Environment  �  17

image from Figure 1.1(f), increase its size by a factor of 3; comment 
on the quality of this new image. You must use the appropriate code 
provided in the chapter, and modify it to meet the requirements of 
this question.

 4. If a noisy image is subsampled (i.e., the sampling distance is greater 
than 1), will this affect the noise content of the image visually? Will 
this affect the SNR? Prove your answers through MATLAB code.

 5. Repeat the code for sampling with the modification that the new 
image is not initialized to zero in the beginning. You must initialize 
it to 255 (all white pixels) and compare the quality of the resulting 
sampled images for sampling distances of 2, 5, and 10 with those in 
Figure 1.1.
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2C h a p t e r  

Image Acquisition, 
Types, and File I/O

2.1  IMAgE AcquIsITIon

Image processing begins with the image; hence, image acquisition is the 
first key step to investigate. Both the hardware and software used for acqui-

sition can appear quite different, depending on the type of image source and 
interface. This can vary from video cameras with appropriate frame grabbers 
(either on a card internal to the computer or an external device connected 
to it by a parallel or serial interface), to digital cameras with their own serial 
or SCSI interfaces, to slide or flatbed scanners usually with an SCSI or USB 
interface. Connecting this hardware properly and installing the appropriate 
software drivers is sometimes confusing, particularly under Windows. The 
following is an abridged list of common sources for image acquisition:

Real-world 3D objects are converted into digital images•	

Cameras (CCD, CID, CMOS)•	

Infrared cameras•	

Ultrasounds•	

X-rays and radiography•	

Magnetic resonance imaging (MRI)•	

Satellite imagers•	

Scanners•	
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20  �  digital Image Processing: An Algorithmic Approach with MATLAB®

2.1.1  cameras

The cameras and recording media available for modern digital image pro-
cessing applications are changing at a significant pace. Various types of 
technologies are available in the market, such as charge-coupled device 
(CCD), charge injection device (CID), and complementary metal oxide 
semiconductor (CMOS) cameras. The techniques that are used to char-
acterize the basic type of CCD camera remain “universal” and can be 
transparently applied to other technologies. The basic principle of any 
charge-based camera is the emission of charges proportional to the inci-
dent light on these cells from the photosensitive elements or cells present 
in the main imaging hardware.

Whereas regular cameras generate images based on the photoemis-
sions of sensors in the camera, infrared cameras exploit similar behav-
ior of thermal cells; hence, they can detect “heat waves” within certain 
temperature ranges and convert them into electrical signals, which are 
then displayed as images. If the same principle is modified with radiation 
sensors, then a camera would detect the radioactive emissions and gener-
ate the equivalent electrical signals. This constitutes the basis of genera-
tion of digital x-rays and other radiographic images. All of these cameras 
are still direct imaging methods, in which the image is obtained directly 
from the source object without any mapping or transformation of the data 
space. Figure 2.1 shows some of the commonly used cameras for various 
applications.

However, ultrasonic and MRI images are not obtained so easily. They 
have to go through massive mapping and transformation operations before 
they can be seen. A typical ultrasonic image is based on the reflections 
of sound waves from the nonhomogeneities in its path. These reflections 
are recoded with precise time-of-flight (ToF) information related to the 
arrival of this reflection at the sensor. One such waveform in 1D is called 
A-scan. If the ultrasonic transceiver is now shifted and a new reflection 
is obtained, then this will be another A-scan. This procedure is repeated 
for the whole area to be imaged, and a huge data cube is obtained. Taking 
slices out of this cube perpendicular to the direction of the input ultra-
sonic pulse, and assigning normalized values to the various points present 
in the slice will appear as the cross-sectional image of the data cube and is 
called C-scan. Figure 2.2 shows the typical ultrasonic scanning principle 
and the resulting image as used in ultrasonic nondestructive testing of 
metals. 
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Image Acquisition, Types, and file I/o  �  21

Similarly, MRI utilizes the changes in three external perpendicular 
magnetic fields passing through the patient’s body due to the varia-
tions in the body part’s own magnetic activities. These variations are 
then recorded for positions and normalized alterations in amplitude, 
which are then converted to images in a similar fashion as in ultrasonic 
imaging.

 
(a) (b)

 
(c) (d)

fIgurE 2.1 Direct imaging devices. (a) CCD camera, (b) CMOS photo 
sensor, (c) IR camera, (d) digital x-ray camera.
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22  �  digital Image Processing: An Algorithmic Approach with MATLAB®

Another means of acquiring digital images is document scanners. A 
scanner is a movable camera that acquires the intensity images of the doc-
ument under scanning and combines the slices to form a complete image. 
This procedure can be used to digitize photographs that were taken previ-
ously using regular film cameras.

In some cases, the available camera has only analog output available. In 
such cases, a specialized digitizing hardware, called the frame grabber, is 
used which captures the analog video or still images at regular sampling 
intervals in the form of frames of still digital images. Figure 2.3 shows 
these imaging systems’ components.

Sample under study

Raster scanning path

Transducer

Ultrasonic
beam

 
(a) (b)

5040302010
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55

Gating Window: Boxoar

Length  
(c) (d)

fIgurE 2.2 Ultrasonic imaging principle. (a) Raster scanning pattern of 
sensor movement, (b) resulting data cube, (c) one cross-sectional data slice 
from the cube, (d) normalized C-scan.
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2.2  IMAgE TyPEs And fILE I/o
Once an image is acquired by the imaging system, it can be read into the 
computer’s memory as a matrix. However, how this image is actually treated 
in the secondary storage medium varies with type of images and informa-
tion content. Based on the storage types or file I/O standards, the most com-
monly used imaging formats in the Windows environment are as follows:

 1. Bitmap (.bmp)

 2. Joint Photographic Experts Group (.jpg)

 3. Graphics Interchange Format (.gif)

 4. Tagged Image File Format (.tif)

 
(a) (b)

 
(c) (d)

fIgurE 2.3 Imaging system components. (a) MRI scanning system with 
some images, (b) document scanner and its charge-coupled device (CCD) 
element, (c) frame grabber PCI card (NI-1411), (d) analog video to USB 
converter.
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24  �  digital Image Processing: An Algorithmic Approach with MATLAB®

There are several other formats such as Windows Meta File (.wmf), 
Portable Network Graphics (.png), Postscript (.ps), Encapsulated 
Postscript (.eps), Extended Meta File (.emf), etc. However, the four types 
listed earlier are the most commonly used types and will be used in this 
book for several examples with MATLAB® files. Reading any of these 
types requires the function imread(), which will be discussed further in 
Section 2.5.

2.2.1  Bitmap format

The BMP file format is the standard for a Windows 3.0 or later environ-
ment. It may use compression, although usually it does not compress the 
images, and is (by itself) not capable of storing animation. The image data 
itself can either contain pointers to entries in a color table or literal RGB 
values (this is explained later in this chapter).

2.2.2  JPEg format

JPEG is actually a standardized algorithm (not an image type!) to com-
press natural images such as .bmp files or .tiff files. The details of this for-
mat will be discussed in Chapter 8; however, it will suffice here to state 
that this algorithm converts the natural pixels of the image using math-
ematical transformations and redefines the bit allocation and association 
structure in the image.

2.2.3  gIf format

GIF, the brainchild of CompuServe Inc., was specifically developed for 
images on the Internet. It defines a protocol intended for online transmis-
sion and interchange of raster graphic data in a way that is independent 
of the hardware used in their creation or display. A GIF data stream is 
a sequence of protocol blocks and subblocks representing a collection of 
graphics. These blocks are connected through relational flags. GIF files are 
relatively easy to work with but cannot be used for high-precision color 
because only 8 bits are used to encode colors. Colors are encoded using 
local or global color tables and a built-in LZW compression algorithm. This 
compression algorithm is patented technology, and is currently owned by 
Unisys Corporation. This format encodes multiple images within a single 
file with embedded details of image locations on the screen, interlaced 
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Image Acquisition, Types, and file I/o  �  25

display, delay time between adjacent image frames, background color, and 
transition information.

2.2.4  TIff format

The TIFF format is controlled by a specification jointly written by 
Aldus Corporation and Microsoft. The format was designed to incor-
porate various formats with a futuristic vision. It is a complicated and 
platform-independent format made up of three unique data structures: 
Image File Header (IFH), Image File Directory (IFD), and Directory 
Entry (DE). The format is very similar to BMP, at least in terms of stor-
age and usage.

Any of these formats can also be used for writing an image from 
MATLAB workspace to the secondary storage. The function imwrite() is 
used for this purpose and will be further discussed in Section 2.5.

2.3  BAsIcs of coLor IMAgEs
Similar to several other achievements in the areas of science and engineer-
ing that were inspired by nature, image processing takes its inspiration from 
the best imaging system in nature, the human eye. The photo-sensitive area 
of the eye is called the retina, which contains two types of light-sensory cells 
called rods and cones (according to their shapes). Rods are responsible for 
producing the sensation of light intensity as well as perception of boundar-
ies and edges in a view scene. The cones are responsible for color percep-
tion. These are of three types and are commonly called S-, L-, and M-type 
cells. The responses of the cone cells were experimentally recorded in the 
late 1970s, based on the maximum excitation of the cells with respect to a 
particular frequency of the incident light. Light of variable frequency would 
represent a particular color for a particular frequency. The responses of 
the three cone cells were found to be maximum for 420, 534, and 564 nm, 
respectively. These wavelengths (and consequently, the frequencies) corre-
spond to blue, green, and red colors, respectively. Hence, it was discovered 
that human color perception is based on a triad of fundamental colors, RGB, 
which has since remained the most fundamental color model used in digital 
image processing. Figure 2.4 shows the human eye and the sensory cells 
along with the sensitivity curves for the RGB model.

This forms the basis of the most fundamental color model system 
called the RGB (Red, Green, Blue). In fact, once an image is loaded into  
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26  �  digital Image Processing: An Algorithmic Approach with MATLAB®

a computer’s memory system, most of the time it is stored as three layers of 
pixels corresponding to R, G, and B respectively. Figure 2.5 shows a color 
cube that represents various color shades based on the RGB model.

Although Figure 2.5 uses the 8-bit unsigned integer (uint8) system, 
the uint16, and double color cubes all have the same range of colors. In 
other words, the brightest red in a uint8 RGB image appears the same as 
the brightest red in a double RGB image. The difference is that the double 
RGB color cube has many more shades of red (and many more shades of 
all colors). Figure 2.5 shows an RGB color cube for a uint8 image.

Rods & Cones

Retina

Eye-Ball

Optic
Nerve

 (a)

Rods

Cones

 
600500400

420 498 534 564

Wavelength (nm)
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m
al
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ed
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bs

or
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(b) (c)

fIgurE 2.4 (See color insert following Page 204.) The human eye, its sen-
sory cells, and RGB model sensitivity curves. (a) Diagram of the human 
eye showing various parts of interest, (b) cells of rods and cones under the 
electron microscope, (c) experimental curves for the excitation of cones 
for different frequencies.
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2.4  oThEr coLor sPAcEs
MATLAB’s Image Processing Toolbox includes functions that you can use 
to convert RGB data to several common device-dependent color spaces, 
and vice versa.

2.4.1  yIq color space

The National Television System Committee (NTSC) defines a color space as 
YIQ. This color space is used in televisions in the United States. One of the 
main advantages of this format is that grayscale information is separated 
from color data; therefore, having three components—luminance (Y), hue 
(I), and saturation (Q)—enables the same signal to be used for both color 
and black-and-white sets. Luminance represents grayscale information, 
whereas the last two components make up chrominance (color informa-
tion). The YIQ model is related to the RGB color cube as follows:
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White
(255,255,255)

B

R
255

255

255
G

fIgurE 2.5 (See color insert following Page 204.) RGB color cube for the 
8-bit unsigned integer representation system.
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28  �  digital Image Processing: An Algorithmic Approach with MATLAB®

2.4.2  ycbcr color space

The YCbCr color space is widely used for digital video. In this format, lumi-
nance information is stored as a single component (Y), and chrominance 
information is stored as two color-difference components (Cb and Cr). Cb rep-
resents the difference between the blue component and a reference value. Cr 
represents the difference between the red component and a reference value. 
This format is used in JPEG compression of images as well. This color space is 
related to the RGB model according to the following set of equations:

 

′ = × ′ + − − × ′ + × ′

= × ′ − ′
−

Y K R K K G K B

C B Y
K

r r b b

b
b

( ) ,1

1
2 1

,,

.C R Y
Kr

r

= × ′ − ′
−

1
2 1

 (2.3)

Per TV standard ITU-R BT.601 (formerly known as CCIR 601), the value 
of Kb is 0.114 and of Kr is 0.299.

2.4.3  hsv color space

The HSV color space (hue, saturation, value) is often used by people who 
select colors (e.g., of paints or inks) from a color wheel or palette, because 
it corresponds better to how people experience color than the RGB color 
space does. As hue varies from 0 to 1.0, the corresponding colors vary 
from red through yellow, green, cyan, blue, magenta, and back to red, so 

Saturation

0

0

Value

1

Hue

1

fIgurE 2.6 (See color insert following Page 204.) Illustration of the HSV 
color space.
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that there are actually red values both at 0 and 1.0. As saturation var-
ies from 0 to 1.0, the corresponding colors (hues) vary from unsaturated 
(shades of gray) to fully saturated (no white component). As value, or 
brightness, varies from 0 to 1.0, the corresponding colors become increas-
ingly brighter. Figure 2.6 illustrates the HSV color space.

2.5  ALgorIThMIc AccounT
In order to work with RGB images in any programming environment, basic 
information about size and data precision representation must be obtained 
before actual processing starts. An RGB image, also called truecolor image, 
of screen dimensions M rows and N columns, has a size of M × N × 3 pixels. 
Here, 3 represents the three layers of red, green, and blue intensities. Hence, 
an RGB pixel is, in fact, a 3-tuple vector with values corresponding to the 
red, green, and blue intensities on the screen. Graphics file formats store 
RGB images as 24-bit images, where the red, green, and blue components 
are 8 bits each. This yields a potential of 16 million colors. The precision 
with which a real-life image can be replicated has led to the commonly 
used term truecolor image. An RGB array can be of class double, uint8, 
or uint16. In an RGB array of class double, each color component is a 
value between 0 and 1. A pixel whose color components are (0,0,0) is dis-
played as black, and a pixel whose color components are (1,1,1) is displayed 
as white. The three color components for each pixel are stored along the 
third dimension of the data array. Figure 2.7 illustrates this.

The other types of image that are most commonly used are indexed images 
(MATLAB specific), grayscale, and binary images. Assuming the same screen 
dimensions as those of the foregoing RGB image, these images will respec-
tively be M × N + P × 3, M × N, and M × N. The index images are specific 
to MATLAB and store the RGB colors as a separate color map of size P × 3, 
where P represents the total color combinations present in the RGB image. 
The M × N component of the index image has only the table entry index from 
the color map that corresponds to the color present at that particular pixel in 
the M × N image space. P is usually a small finite number and, therefore, there 
is a remarkable savings in the space requirements for storing such an image.

The grayscale image of size M × N would contain only the intensity val-
ues for that particular pixel. Conversion from RGB to grayscale depends 
on the sensitivity response curve of the sensor to light as a function of 
wavelength. However, a common equation used for this purpose is

 gray R G B= × + × + ×0 3 0 59 0 11. . . .  (2.4)
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fIgurE 2.7 Anatomy of an RGB image. The highlighted area in the top 
image is zoomed in for the underlying values in the RGB layers and 10 × 10 
blocks are shown for these layers.
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This flattens the M × N × 3 RGB image to an M × N intensity image. 
A binary image can be the next logical step of progression in this direc-
tion, whereas a grayscale image is thresholded according to a previously 
set limit. Hence, any value below this limit is made 0, and all other values 
are made 1. Figure 2.8 depicts these imaging structures. Obviously, the 
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fIgurE 2.8 (See color insert following Page 204.) Anatomy of image types. 
(a) Index image with 128 color levels showing the values of indices and the 
map for a selected area in the image, (b) index image with 8 color levels, 
(c) grayscale image for index image with 8 levels, (d) binary images with 
thresholding at 90%, 50%, and 10% (from left to right).
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grayscale image can have any value between 0 to 255, and the binary 
images can have only 0 or 1 for black and white areas, respectively.

2.5.1  Image conversions

As can be deduced from the previous account, one type of image can be 
converted to another type. This implies that RGB can be converted to 
index, to grayscale, and finally to binary. Not all of these conversions are 
usually reversible. For instance, conversion to binary image is irrevers-
ible because the information related to individual grayscale values is lost 
owing to thresholding. Similarly, RGB can be converted to grayscale, but 
the process can be reversed if the color map is also saved for the reverse 
transformation. Figure 2.9(a) represents these conversions in the form of 
a small block diagram. Although there are MATLAB functions written 
next to the connecting arrows representing which function would do this 
transformation, the logical flow can be implemented in any programming 
environment by employing the appropriate specialized function from that 
programming environment. Similar types of conversions also exist for 
converting color spaces from RGB to YCbCr, HSV, and YIQ; this is sum-
marized in Figure 2.9(b).

2.6  MATLAB codE
As stated earlier, image processing begins with image acquisition. 
MATLAB is equipped with an acquisition toolbox called IMAQ, and has 
useful functions to acquire images from a Windows-recognized camera or 
other video source. In fact, only a handful number of statements is suffi-
cient to do this using a simple webcam. This procedure is now described.

First, the video source is associated with a local variable by using the func-
tion videoinput(). The parameter for this function is the name of the video 

dither()

dither()

dither()

im2bw() ind2rgb()

ind2gray()

im2bw()

im2bw()
Grayscale

rgb2gray()

gray2ind()

rgb2ind()
RGB

Binary Indexed

 

rgb2ycbcr()

ycbcr2rgb() hsv2rgb()

YCbCr

Equation 2.2Equation 2.1

rgb2hsv()
RGB

Y|Q HSV

(a) (b)

fIgurE 2.9 (a) Image-type conversions, (b) color space conversions.
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adapter in the Windows system. If this information is not available, then 
the default adapter winvideo can be used. This adapter will automatically be 
directed to the video source understood by Windows. More information about 
this particular device can be obtained through the function imaqhwinfo().

Once the device is configured, the image can be previewed using the pre-
view() function to create a typical “viewfinder” window. The actual image 
can be acquired directly into a local variable using the function getsnapshot(). 
Multiple snapshots can be used by employing standard looping techniques. 
The function delete() helps in freeing some memory once the acquisition is 
done. The following is a typical code snippet for acquiring an image:

  x = videoinput(‘winvideo’,1);
  imaqhwinfo(x)
  preview(x)
  y = getsnapshot(x);
  imshow(y)
  delete(x)

The result of the second line is the following text:

ans =
 AdaptorName: ‘winvideo’
 DeviceName: ‘Labtec webcam plus’
 MaxHeight: 288
 MaxWidth: 352
 NativeDataType: ‘uint8’
 TotalSources: 1
 VendorDriverDescription: ‘Windows WDM Compatible 
Driver’
 VendorDriverVersion: ‘DirectX 9.0’

The remaining lines will display two images, one for the preview and the 
other one for the actual acquisition allocation.

The basic data structure in MATLAB is the array, an ordered set of real 
or complex elements. This object is naturally suited to the representation 
of images, real-valued ordered sets of color or intensity data.

MATLAB stores most images as two-dimensional arrays (i.e., matrices) 
in which each element of the matrix corresponds to a single pixel in the 
displayed image. (Pixel is derived from picture element and usually denotes 
a single dot on a computer display.) For example, an image composed 
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of 200 rows and 300 columns of different colored dots would be stored 
in MATLAB as a 200-by-300 matrix. Some images, such as RGB, require 
a three-dimensional array, where the first plane in the third dimension 
represents the red pixel intensities, the second plane represents the green 
pixel intensities, and the third plane represents the blue pixel intensities. 
Figure 2.10 shows the sample code presented in this section.

The program starts with loading the source image valley.jpg using the 
imread() function. Once read, the image appears as a three-dimensional 
array of size 426 × 640 × 3, where the image has 426 rows and 640 col-
umns and the three layers correspond to the RGB triad. How does the 
same image look if only one of the layers is active and the other two are 
all set to zero? This is achieved through the calculation of xr, xg, and xb. 
The original image and these components are shown in Figure 2.11. The 
other two layers must be set to zero in order to get true color perception; 
otherwise, each layer is a special case of the grayscale image.

Next, a window size of 100 by 100 is defined to highlight an area in the 
RGB image, and the first ten values of this area are displayed for each layer 
in order to more clearly understand the various combinations involved in 
RGB image formation. This was illustrated in Figure 2.7. The next block of 
processing involves the conversion of the RGB image to an index image. 
For this purpose, two color levels were specified as 128 and 8. Figure 2.8(a) 
shows the 128-level index image. This implies that the color map for this 
image will have 128 entries depicting 128 significant colors. This, how-
ever, is quite good in terms of approximating the image’s view so that it 
appears the same as that of the original RGB image. However, when the 
index image is formed using 8 levels only, the effects of color contouring 
become quite obvious, as shown in Figure 2.7(b).

After that, the colored images are converted to grayscale. Again, the RGB 
would give an excellent grayscale equivalent, similar to the grayscale represen-
tation of the 128-level index image. However, the 8-level index image showed 
the contouring effect more prominently, as can be seen in Figure 2.7(c).

The grayscale images are then converted to binary images by setting three 
different thresholds: 90%, 50%, and 10%. As can be seen from Figure 2.7(d), 
90% threshold would result mostly in dark areas because most of the gray-
scale values are below this limit and are therefore converted to zeroes. On 
the other hand, a 10% threshold is too low and, hence, most of the grayscale 
values are above this limit and are set to 1. In fact, an optimal thresholding 
is still an interesting research area, where the target is to identify the best 
threshold for an image in a particular imaging system.

C7950.indb   34 9/17/09   5:04:36 PM

co
nt

ro
len

gin
ee

rs
.ir



Image Acquisition, Types, and file I/o  �  35

 clear all; close all
 x = imread (‘valley.jpg’); % source RGB image
 xr = x;
 xr (:, :, [2 3]) = 0; % initializing the Green and Blue 
to zero
 xg = x;
 xg (:, :, [1 3]) = 0; % initializing the Red and Blue
 to zero
 xb = x;
 xb (:, :, [1 2]) = 0; % initializing the Red and Green
 to zero

 N = 100; % size of the block to be isolated from x
 Y = x (200:200+N, 400:400+N, :);
 Y (1; 10, 1:10, :)

 [z, map] = rgb2ind (x, 128); % RGB converted to Index
 Image with 128 colors
 [z8, map8] = rgb2ind(x, 8); % RGB to Grayscale conversion 
with 8 levels

 gx = rgb2gray (x); % RGB image to Grayscale conversion
 gz = ind2gray (z8, map); % Index to Grayscale conversion

 bx1 = im2bw (gx, 0.9); % Binary image with 90% threshold
 bx2 = im2bw (gx, 0.5); % Binary image with 50% threshold
 bx3 = im2bw (gx, 0.1); % Binary image with 10% threshold

 figure ; imshow (x)
 figure ; imshow (y)
 figure ; imshow (z, map)
 figure ; imshow (xr)
 figure ; imshow (xg)
 figure ; imshow (xb)
 figure ; imshow (z8, map)
 figure ; imshow (gx)
 figure ; imshow (gz)
 figure ; imshow (bx1)
 figure ; imshow (bx2)
 figure ; imshow (bx3)

fIgurE 2.10 Sample MATLAB code for various image conversion 
operations.
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In case any of these images needs to be saved to the hard disk, the fol-
lowing syntax can be used:

imwrite(x,’True-Valley.jpg’,’jpg’);

2.7  suMMAry of IMAgE TyPEs And nuMErIc cLAssEs
In this chapter, the following important points have been covered:

Image processing begins with image acquisition, which can be done •	
from a number of sources such as cameras, ultrasonic images, MRI, 
and radiographs. The image quality and characteristics depend on 
the imaging system and its application.

IMAQ toolbox provides very easy procedures to acquire images or •	
video streams from the connected hardware.

Images in MATLAB can be one of the following types: RGB, index, •	
grayscale, binary, etc.

 
(a) (b)

 
(c) (d)

fIgurE 2.11 (See color insert following Page 204.) Original RGB image 
with its components. (a) Source RGB image, (b) red component, (c) green 
component, (d) blue component.
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Color spaces are interchangeable in MATLAB from RGB to HSV or •	
YCbCr or YIQ. Other specialized formats are also provided in the 
toolbox, to which the image can be converted from RGB.

An RGB image is composed of three layers corresponding to the red, •	
green, and blue intensities in the image. A simple procedure has been 
outlined to view these color layers separately.

Indexed images are specialized images used within MATLAB only, •	
and can be employed for better storage utilization.

Index images can also be used to limit the number of color levels by •	
specifying them.

The grayscale image is the most commonly used image form for most •	
image processing algorithms.

Grayscale images can have any value between 0 and 255 for unsigned •	
integer representation.

Binary images are formed by thresholding the grayscale image such that •	
any value below this threshold becomes 0 and other values become 1.

For certain operations, it is helpful to convert an image to a different •	
image type. For example, if you want to filter a color image that is 
stored as an indexed image, you should first convert it to RGB for-
mat. When you apply the filter to the RGB image, MATLAB filters the 
intensity values in the image, as appropriate. If you attempt to filter 
the indexed image, MATLAB simply applies the filter to the indices in 
the indexed image matrix, and the results might not be meaningful.

The following table lists all the image conversion functions in the •	
Image Processing Toolbox.

Function Description
dither Create a binary image from a grayscale intensity image by dithering; 

create an indexed image from an RGB image by dithering
gray2ind Create an indexed image from a grayscale intensity image
im2bw Create a binary image from an intensity image, indexed image, or 

RGB image, based on a luminance threshold
ind2gray Create a grayscale intensity image from an indexed image
ind2rgb Create an RGB image from an indexed image
rgb2gray Create a grayscale intensity image from an RGB image
rgb2ind Create an indexed image from an RGB image
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2.8  ExErcIsEs
 1. Use the image file shapes.jpg, which contains four basic shapes in vari-

ous colors. Analyze the image to build a map of your own with the RGB 
values corresponding to the colors present in the image. Then convert 
the original image into grayscale image so that all the color informa-
tion is lost. Now apply the reverse mapping to convert it from gray-
scale to RGB directly. Note that all the conversions are directly from 
RGB to grayscale or from grayscale to RGB. No other transformation is 
allowed.

 2. Write an m-file to use the webcam for acquiring images every fifth 
second, and display it as a binary image with 50% threshold.

 3. Write an m-file to read a colored image. It will be read as an RGB 
image. Using the equation y = 0.299 R + 0.59 G + 0.11 B, convert this 
RGB image into grayscale (y) ranging from 0 to 255. You may have 
to scale and round the values because the grayscale image values 
should be represented by 8-bit integers only. Your function must 
have this format: y = myrgb2gray(x) where x is the RGB image.

 4. Convert the RGB image from Question #3 into an indexed image 
without using the rgb2ind() function. In this exercise, you must pro-
gram a function of your own to do the conversion by following the 
steps discussed in context of index images:

 1. Make a table of all color values as map.

 2. Assign index values of the map to the pixel position where this 
color occurred in the image.

 3. Your function must have this format: [y,map] = myrgb2ind(x), 
where x is the RGB image.

 5. Convert the RGB image from Question #3 into binary by using 
your own thresholding program. Your function must look like bx = 
myim2bw(gx,t), where gx is the grayscale image to be converted to 
binary and t is the threshold.
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3C h a p t e r  

Image Arithmetic

3.1  InTroducTIon

Once images are inside the computer system, or more specifically, 
once they are read inside a program, the images are nothing but matri-

ces. Hence, all the operations that can be applied to matrices should theoret-
ically be applicable to the images as well. However, that is not entirely true. 
Some of the matrix-arithmetic operators can be applied to image matrices, 
whereas other operators do not have any meaning in image processing. At 
the same time, the image matrices have certain special operators that are 
specific to images and that are not usually found in the matrix-arithmetic 
world. Image arithmetic is the implementation of standard arithmetic opera-
tions, such as addition, subtraction, multiplication, and division, for images. 
Image arithmetic has many uses in image processing, both as a preliminary 
step in more complex operations and by itself.

This chapter covers some of the most commonly used operations applied 
to digital images. The differences from matrix arithmetic will be pointed 
out at the appropriate places in the discussion.

3.2  oPErATor BAsIcs
Image arithmetic operators operate on either two images of exactly the 
same size or an image and a number. Essentially, it corresponds to two 
matrices of the same order or a matrix and a scalar. For the first case, 
the operation is performed on a pixel-by-pixel basis where each pixel cor-
responds to one of the elements in the matrices. For the second case, the 
scalar number is operated over the entire matrix on each element, that is, 
all the pixels. The two behaviors are shown in Figure 3.1.
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3.3  ThEorETIcAL TrEATMEnT
Usually, the following image operators are used as the building blocks for 
complex processing:

 1. Image addition

 2. Image subtraction

 3. Image multiplication

 4. Image division

 5. Image blending

The following sections will discuss these operators theoretically.

3.3.1  Pixel Addition

This operator takes as input two images of the same size and produces 
as output a third image of the same size as the first two, in which each 
pixel value is the sum of the values of the corresponding pixel from each 
of the two input images. The same strategy can be applied to more than 
two images as a continuation of the same operation. A scalar variant of 
the operator also exists, in which a specified constant number is added to 

g h i
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m n o
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e
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c

(a) (b)

fIgurE 3.1 Two modes of image arithmetic operations. (a) Pixel-by-pixel 
operation between two images of same size, (b) scalar operation on an image.
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Image Arithmetic  �  41

every pixel. The addition of two images is performed straightforwardly in 
a single pass. The output pixel values are given by

 R m n P m n Q m n( , ) ( , ) ( , ),= +   (3.1)

where P, Q, and R represent image matrices of the same size, and m and n 
represent the mth and nth pixels.

Alternatively, if it is simply desired to add a constant value C to a single 
image, then:

 R m n P m n C( , ) ( , ) .= +   (3.2)

If each pixel value corresponds to an n-tuple instead of a number (for 
instance, the color image would have each pixel as a vector of three values 
corresponding to red, blue, and green components), then such pixels are 
operated on by addition at each corresponding vector element to produce 
the output value.

The results of addition can easily grow beyond the maximum value that 
the pixel bit resolution will allow. For 8-bit representation of pixels, the 
addition of two pixels with values of 200 each would result in 400, which 
is higher than the maximum representable number with 8 bits, 255. The 
overflowing pixel values are usually set to the maximum allowed value, an 
effect known as saturation.

3.3.2  Pixel subtraction

The pixel subtraction operator takes two images as input and produces as 
output a third image whose pixel values are simply those of the first image 
minus the corresponding pixel values from the second image. It is also 
often possible to just use a single image as input and subtract a constant 
value from all the pixels. Some versions of the operator will output the 
absolute difference between pixel values rather than the signed output. 
The subtraction of two images is performed straightforwardly in a single 
pass. The output pixel values are given by

 R m n P m n Q m n( , ) ( , ) ( , ).= −  (3.3)
Or if the operator computes absolute differences between the two input 
images, then:

 R m n P m n Q m n( , ) | ( , ) ( , )| .= −  (3.4)

Or if it is simply desired to subtract a constant value C from a single image, 
then:

 R m n P m n C( , ) ( , ) .= −  (3.5)
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If each pixel value corresponds to an n-tuple instead of a number (for 
instance, the color image would have each pixel as a vector of three values 
corresponding to red, blue, and green components), then such pixels are 
operated on by subtraction at each corresponding vector element to pro-
duce the output value.

If the operator calculates absolute differences and the two input images 
use the same pixel value type, then it is impossible for the output pixel 
values to be outside the range that may be represented by the input pixel 
type, and so this problem does not arise. This is one good reason to use 
absolute differences.

3.3.3  Pixel Multiplication and scaling

Although images are treated as matrices, image multiplication does not fol-
low the matrix multiplication rule. This implies that instead of having the 
number of columns of the first matrix be the same as the number of rows in 
the second matrix, image multiplication requires the two images to be of the 
same size. Similar to other image arithmetic operators, multiplication comes 
in two main forms. The first form takes two input images and produces an 
output image in which the pixel values are just those of the first image, multi-
plied by the values of the corresponding values in the second image. The sec-
ond form takes a single input image and produces output in which each pixel 
value is multiplied by a specified constant. This latter form is probably more 
widely used and is generally called scaling. The multiplication of two images 
is performed in the obvious way in a single pass using the formula:

 R m n P m n Q m n( , ) ( , ) ( , ).= ×  (3.6)
Scaling by a constant is performed using

 R m n P m n C( , ) ( , ) .= ×  (3.7)
Note that the constant is often a floating-point number, and may be less 
than one, which will reduce the image intensities. It may even be negative 
if the image format supports that.

If each pixel value corresponds to an n-tuple instead of a number (for 
instance, the color image would have each pixel as a vector of three values 
corresponding to red, blue, and green components), such pixels are operated 
on by multiplication at each corresponding vector element to produce the 
output value. If the output values are calculated to be larger than the maxi-
mum allowed pixel value, then they are usually truncated at that maximum 
value. The same is also true for values less than the minimum allowed pixel 
values, in which case the truncation is done at the minimum value.
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3.3.4  Pixel division

The image division operator normally takes two images as input and pro-
duces a third image whose pixel values are the pixel values of the first image 
divided by the corresponding pixel values of the second image. Many 
implementations can also be used with just a single input image, in which 
case every pixel value in that image is divided by a specified constant.

The division of two images is performed in the obvious way, in a single 
pass using the formula:

 R m n P m n Q m n( , ) ( , ) ( , ).= ÷  (3.8)

Division by a constant is performed using

 R m n P m n C( , ) ( , ) .= ÷  (3.9)

If each pixel value corresponds to an n-tuple instead of a number (for 
instance, the color image would have each pixel as a vector of three values 
corresponding to red, blue, and green components), such pixels are oper-
ated on by division at each corresponding vector element to produce the 
output value.

The division operator may only implement integer division, or it may 
also be able to handle floating-point division. If only integer division is 
performed, then results are typically rounded down to the next lowest 
integer for output. The ability to use images with pixel value types other 
than 8-bit integers comes in very handy when doing division.

3.3.5  Blending

This operator produces a blend of two input images of the same size by 
combining scalar multiplication and image addition. Similar to pixel addi-
tion, the value of each pixel in the output image is a linear combination of 
the corresponding pixel values in the input images. The coefficients of the 
linear combination are user specified, and they define the ratio by which 
the images must be scaled before combining them. These proportions are 
applied such that the output pixel values do not exceed the maximum pixel 
value. The resulting image is calculated using the following formula:

 R m n C P m n C Q m n( , ) ( , ) ( ) ( , ).= × + − ×1  (3.10)

P and Q are the two input images. C is the blending ratio, which deter-
mines the influence of each input image in the output. C can either be a 
constant factor for all pixels in the image or can be determined for each 
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pixel separately using a mask. The size of the mask must be identical with 
the size of the images.

3.4  ALgorIThMIc TrEATMEnT
In this section, details related to algorithmic structures and usage of the 
operators mentioned in Section 3.3 will be presented. The emphasis is on 
presenting the algorithms in a generic manner so that they can be pro-
grammed in any language.

3.4.1  Image Addition

Figure 3.2(a) represents the algorithmic structure for adding two images. 
Obviously, the operation is repetitive and can be realized using any recur-
sive programming approach, including loops, or a recursive function call. 
Image addition is usually a supportive operation rather than an opera-
tion on its own in image processing. For example, a constant value can 
be added to the image to brighten up the view, or enhanced edges can be 
added in an image to sharpen the object linings and new images can be  
generated through addition of two or more other images.

One important point to be mentioned here is the fact that although the 
theory presented or the equations mentioned all deal with two images or 
an image with a scalar, the same approach can be extended to more than 
two images by repeating the algorithms as needed.

3.4.2  Image subtraction/Multiplication/division

Once the operation for addition is understood from Section 3.4.1, the 
remaining three operations, subtraction, multiplication, and division, can 
be considered similarly. As can be seen from Figures 3.2(b), (c), and (d), 
the algorithms are exactly the same as for addition except for the main 
processing operation, which is changed according to the desired opera-
tions. Hence, the calculation requirements change at the pixel level only, 
which also depends on the processor in use and the way in which these 
operators are implemented at the hardware level.

Image subtraction can be used as a preliminary step in more complex 
image processing, or by itself. For example, one can use image subtraction 
to detect changes in a series of images of the same scene, or subtraction can 
be used to separate the foreground artifacts from background for appli-
cations such as target detection, scene analysis, localized processing, and 
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Start

Load M×N
Images P and Q

for i = 1 : M

for j = 1 : N

R(i.j) = P(i,j)
+ Q(i,j)

End  

Start

Load M×N
Images P and Q

for i = 1 : M

for j = 1 : N

R(i.j) = P(i,j)
– Q(i,j)

End

       (a) (b)

Start

Load M×N
Images P and Q

for i = 1 : M

for j = 1 : N

R(i.j) = P(i,j)
× Q(i,j)

End
 

Start

Load M×N
Images P and Q

for i = 1 : M

for j = 1 : N

R(i.j) = P(i,j)
÷ Q(i,j)

End

       (c) (d)

fIgurE 3.2 Flow charts for algorithmic implementation of (a) image addi-
tion, (b) image subtraction, (c) image multiplication, (d) image division.
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region of interest (ROI) applications. Subtraction can result in negative 
values for certain pixels. When this occurs with unsigned data types, the 
negative values are truncated to zero (0), which is displayed as black.

Multiplying an image by a constant, referred to as scaling, is a com-
mon image processing operation. When used with a scaling factor greater 
than 1, scaling brightens an image; a factor less than 1 darkens an image. 
Scaling generally produces a much more natural brightening/darkening 
effect than simply adding an offset to the pixels since it preserves the rela-
tive contrast of the image better. Multiplication of unsigned integer values 
in images very often results in overflow. The usual rules for truncation are 
applied in these cases, too.

Image division (also called rationing), like image subtraction, can be 
used to detect changes in two images. However, instead of giving the 
absolute change for each pixel, division gives the fractional change, or 
ratio, between corresponding pixel values. Division can also be used in 
the opposite manner as multiplication, so that division by a number less 
than 1 would result in the same effect as that of multiplication with a 
number larger than 1. However, one important application of division 
would be to normalize the pixel values based on the maximum value. 
In fact, a combination of normalization, subtraction of the minimum 
value as offset and, finally, multiplication with a desired scalar to scale 
the normalized shifted pixels to the printing ranges on the screen is very 
useful for image display on the screen. In any comprehensive image pro-
cessing system, especially an image enhancement system in order to dis-
play the resulting images with relative brightness values, scaling must be 
done for better and more realistic visualization.

3.4.3  Image Blending and Linear combinations

To some extent, the four operators defined so far are considered to be the 
fundamental image processing arithmetic operators. Although one may 
argue as to whether addition and multiplication are fundamental opera-
tors, ultimately it depends on the hardware implementation, in which one 
operator may be given preference over the other in terms of optimality of 
implementation. In any case, you can use these basic image arithmetic 
functions in combination to perform a series of operations. For example, 
to calculate the average of two images, the basic equation

 
R i j P i j Q i j( , ) ( , ) ( , ) ,= +

2
 (3.11)
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can be implemented as any of the following:

 1. Adding images P and Q first, and then dividing the sum by 2

 2. Dividing both P and Q by 2, and then adding them

 3. Multiplying P and Q by 0.5, and then adding them

 4. Adding P and Q, and then multiplying by 0.5, etc. …

Hence, it will depend on the hardware implementation, which may favor 
one operation over the other. Image blending, in a similar way, is another 
classical example of a compound operator resulting from a linear com-
bination of the fundamental operators. Figure 3.3 shows the algorithmic 
implementation of the image blending operation.

A typical application of the blending operation is in image generation, 
in which two different images can be combined to give special effects of 
transparency, fading, or added objects in the original image.

Start

Load M×N
Images P and Q

and scalar C

for i = 1 : M

for j = 1 : N

R(i.j) = C × P(i,j)
+ (1 – C) × Q(i,j)

End

fIgurE 3.3 Algorithm for image blending operation.
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3.5  codIng ExAMPLEs
In this section, the various arithmetic operators discussed so far will be 
explained with examples of codes in MATLAB® using its Image Processing 
Toolbox. The given examples are related to color images and, hence, the 
3-tuple treatment is performed on the images. Once read inside the com-
puter, the images are in unsigned integer format of 8 bits (uint8) and, 
hence, the toolbox functions are used for converting the types and taking 
care of truncation, etc.

In the following examples, some of the sample images are used for con-
venience in presenting the main point. Although simple, these images do 
correspond well with the real-world scenario and can be transparently 
applied in that case.

3.5.1  Image Addition

Consider the following code:

P = imread(‘sml1.jpg’) ;
imshow(P)
Q = imread(‘sml2.jpg’) ;
figure ; imshow(Q)
R = imadd(P,Q) ;
figure ; imshow(R)
figure ; imshow(R+100)

The resulting images are shown in Figure 3.4.
Whereas Figures 3.4(a), (b), and (c) deal with the foregoing code, the 

fourth image represents scalar addition, in which case 100 is added to the 
resulting image of Figure 3.4(c) to get the image shown in Figure 3.4(d). 
Obviously, simple addition may not necessarily produce the desired 
results, and probably more complex operators need to be built to suit the 
application. You can also use addition to brighten an image by adding a 
constant value to each pixel. For example, the following code brightens an 
RGB image, and the results are shown in Figure 3.5.

P = imread(‘peppers.png’);
Rs = imadd(P, 100);
figure ; imshow(P);
figure ; imshow(Rs);
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(a)              (b)

         
(c)             (d)

fIgurE 3.4 Image addition example. (a) Original image P, (b) original 
image Q, (c) resulting image R = P + Q, (d) resulting image with scaling 
R + 100.

 
(a)              (b)

fIgurE 3.5 Brightening an RGB image by adding a constant value to each 
pixel. (a) Original image, (b) resulting image after adding 100 to the origi-
nal image.
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3.5.2  Image subtraction

Image subtraction is used both as a substep in complicated image process-
ing sequences, and also as an important operation in its own right. Two 
examples of the usage of this operator follow.

A common use is to subtract background variations in illumination 
from a scene so that the foreground objects in it may be more easily ana-
lyzed. Figure 3.6(a) shows a whiteboard image taken in very poor illumina-
tion conditions. Figure 3.6(b) is another snapshot of the same whiteboard 
without any text on it, which is then subtracted from the actual image. 
The resulting difference is calculated using Equation 3.4. However, the 
unwanted black color is due to the difference of the same-valued pixels. 
The subtraction operator can be applied again by subtracting this result-
ing image from 255, which is the maximum value of a pixel for 8-bit rep-
resentation. This results in a complementary image for the previous result 

 
(a)              (b)

 
(c)              (d)

fIgurE 3.6 Example of using image subtraction. (a) Original image from 
a whiteboard, (b) background image, (c) result of absolute difference, (d) 
result of complementing the image in (c) by subtracting it from 255.
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that is more visually suitable than the previous one. These last two images 
are shown in Figures 3.6(c) and (d), and the underlying code is as follows:

P = imread(‘back1.jpg’) ;
imshow(P)
Q = imread(‘back2.jpg’) ;
figure ; imshow(Q)
R = imabsdiff(P,Q) ;
figure ; imshow(R)
Rc = 255 - R ;
figure ; imshow(Rc)

A key application of image subtraction is in detecting the changes in a scene, 
an application used in target tracking and movement detection in surveillance 
applications. Figures 3.7(a) and (b) show two scenes that differ very minutely. 
The difference is so small that it is hard for a human user to detect the changes. 
However, the application of absolute image subtraction results in the changes 
being revealed very prominently, as shown in Figure 3.7(c). A complementary 
view in Figure 3.7(d) reveals the changes even more prominently.

The following is the underlying code that generated the foregoing images:

P = imread(‘chng1.jpg’) ;
figure ; imshow(P)
Q = imread(‘chng2.jpg’) ;
figure ; imshow(Q)
R = imabsdiff(P,Q) ;
figure ; imshow(R)
Rc = 255 - R ;
figure ; imshow(Rc)

3.5.3  Multiplying Images

To multiply two images, use the immultiply function, which performs an ele-
ment-by-element multiplication (.*) of corresponding pixels in a pair of input 
images and returns the product of these multiplications in the correspond-
ing pixel in an output image. However, there are very limited applications for 
such a pixel-by-pixel implementation. For example, the filtering operation in 
the frequency domain is done by first taking the Fourier transforms of the 
noisy image as well as the filter and then multiplying them pixel by pixel, after 
which an inverse Fourier transform is taken for the product. This example will 
be covered in Chapter 6, which deals with image filtering.

However, the most common application of image multiplication is to 
scale down the image values so that they can be within the two saturation 
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limits (minimum and maximum) for appropriate viewing. The need for 
such an operation arises on two occasions: first, if the source image is too 
dark or too bright, and second, as a result of some processing step, the 
resulting matrix has values that are very high. A typical example of the 
second situation is convolution of two images, where products of sums can 
result in very high values. This is realized in the following:

P = imread(‘coins.png’) ;
figure ; imshow(P)
Q = fspecial(‘unsharp’,0.5) ;
figure ; mesh(Q)
R = conv2(P,Q) ;
figure ; imshow(R)
figure ; imshow(R*0.005)

Figure 3.8 shows the results of this code.

 
(a)              (b)

 
(c)              (d)

fIgurE 3.7 Detecting changes in the scene using image subtraction. (a) 
Original image, (b) image with changes, (c) changes detected with imab-
sdiff function, (d) complement image of (c).
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3.5.4  dividing Images

Image division can be used the same way as image multiplication for scal-
ing purposes. As such, the code line

imshow(R*0.005);

can be written as
imshow(R/200);

to give the same results as in Figure 3.8.
To divide two images, use the imdivide function. The imdivide func-

tion performs an element-by-element division (./) of corresponding pixels 
in a pair of input images. The immultiply function returns the result 
in the corresponding pixel in an output image. However, an important 
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(a)              (b)

 
(c)              (d)

fIgurE 3.8 Scaling down image values by image multiplication. (a) 
Original image, which is very soft and can be sharpened, (b) the sharpen-
ing filter used, (c) resulting image of the convolution without scaling, (d) 
scaled image from convolution.
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application of the division operator is related to image normalization, as 
shown in the following code:

P = imread(‘coins.png’) ;
figure ; imshow(P)
Q = fspecial(‘unsharp’,0.5) ;
figure ; mesh(Q)
R = conv2(P,Q) ;
figure ; imshow(R)
figure ; imshow(R/max(max(R)))

The results are shown in Figure 3.9.

3.5.5  Image Blending and Linear combinations

Image blending is implemented in MATLAB either using the empirical 
formula of Equation 3.10, or by using the function imlincomb. When 
used with uint8 or uint16 data, each arithmetic function truncates its 
result before passing it on to the next operation. This truncation can sig-
nificantly reduce the amount of information in the output image. In fact, 
a better way to perform this series of calculations is to use the imlincomb 
function instead of the empirical formulation. imlincomb performs all 
the arithmetic operations in the linear combination in double precision 
and only truncates the final result. The following code shows how this 
function can produce a merged image from two images:

P = imread(‘circles.png’) ;
figure ; imshow(P)

 
(a)              (b)

fIgurE 3.9 Image division. (a) is the same as Figure 3.8(c); (b) is the result-
ing image after normalizing through image division.
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Q = imread(‘testpat1.png’) ;
figure ; imshow(Q)
x = 0.8 ;
R = imlincomb(x,P,1-x,Q);
figure ; imshow(R)
x = 0.2 ;
R = imlincomb (x,P,1-x,Q);
figure ; imshow (R)

The results from this code are shown in Figure 3.10.

 
(a)              (b)

 
(c)              (d)

fIgurE 3.10 Results of code merging two images. (a) Original image P, 
(b) original image Q, (c) and (d) are results of xP + (1 − x)Q for x = 0.8 and 
0.2, respectively.
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3.6  suMMAry
Arithmetic operators can operate on images in much the same way •	
as matrices, except for a few considerations (Section 3.1).

Image arithmetic works in a pixel-by-pixel manner for two images of •	
the same size (Section 3.2).

The other form of image arithmetic is to apply a scalar over the image •	
matrix (Section 3.2).

The fundamental arithmetic operators are addition, subtraction, •	
multiplication, and division (Sections 3.3.1–3.3.5).

For •	 n-tuple images, the operation takes place for each pixel with the 
corresponding pixel in the same layer (Section 3.3.3).

Addition is used to change the intensity of pixels, merging images, •	
adding content to an image, etc. (Sections 3.3.1–3.3.5).

Subtraction can be used for target detection, background removal, •	
interframe differentials, and removing artifacts from an image 
(Sections 3.3.1–3.3.5).

Multiplication and division can be used for scaling and normalizing •	
applications to make the image more visually appealing (Sections 
3.3.1–3.3.5).

A linear combination of images is also possible and is used to merge •	
images to produce newer images (Sections 3.3.1–3.3.5).

Overshoots and undershoots in terms of pixel values are usually •	
dealt with through truncation (Section 3.3.3).

3.7  ExErcIsEs
 1. Read the image of an object located on the left side of the image [such 

as sml1.jpg in Figure 3.4(a)]. Write an m-file to produce another 
image having the same number of rows but twice the number of col-
umns to accommodate the mirror image of the source image.

 2. Image subtraction is a very common method for target tracking in 
an image. Use several successive images from a video stream, and 
track a particular target in it using this method.
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 3. Write an m-file to read the images img1.jpg, and img2.jpg. Use the 
cross-correlation function from MATLAB between img1 and img2 
with appropriate thresholding to detect and count the circles in 
img1.jpg.

 4. Repeat Question #3 with the convolution operation instead of cross-
correlation. Is the result similar to the previous one? Comment.

 5. Use two grayscale images x and y, and prove through MATLAB oper-
ations that x.*y = log−1[log(x) + log(y)]. Make sure that the images do 
not have any zero value before attempting to take logarithms.
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4C h a p t e r  

Affine and Logical 
Operations, Distortions, 
and Noise in Images

4.1  InTroducTIon

In many imaging systems, detected images are subject to geometric 
distortion introduced by perspective irregularities in which the posi-

tion of the camera with respect to the scene alters the apparent dimensions 
of the scene geometry. Applying an affine transformation to a uniformly 
distorted image can correct for a range of perspective distortions by trans-
forming the measurements from the ideal coordinates to those actually 
used. Similarly, there are situations related to masking out certain areas 
of an image. This is done through logical operations that act on the image 
in a pixel-by-pixel manner and inhibit or manifest certain values depend-
ing on the operation. In this chapter, these two types of operations are 
explored in detail so that the reader can prepare for the advanced oper-
ations where these two operations will be used repeatedly to perform a 
higher level task.

4.2  AffInE oPErATIons
An affine operation or transformation is an important class of linear 2D 
geometric transformations that maps variables [e.g., pixel intensity val-
ues located at position (x1,y1) in an input image] into new variables [e.g., 
(x2,y2) in an output image] by applying a linear combination of translation, 
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rotation, scaling, and/or shearing (i.e., nonuniform scaling in some direc-
tions) operations. Usually referred to as TRS operators, these affine opera-
tors are extensions of the linear operator with an added bias. This greatly 
helps a machine vision system to correct for perspective errors; that is, an 
object may appear different if it is not straight but tilted slightly. The affine 
operations can correct for the perspective errors by rotating, shifting, and 
scaling certain portions of the image.

The general affine operation is commonly written in homogeneous 
coordinates as follows:

 

x
y

A
x
y

B2

2

1

1












=












+ . (4.1)

The TRS operations are summarized in Table 4.1. Several different affine 
transformations are often combined to produce a resultant transforma-
tion. The order in which the transformations occur is significant because 
a translation followed by a rotation is not necessarily equivalent to the 
converse.

Figure 4.1 depicts some of the affine operations on a sample image. In 
these images, the original image (a) goes through the TRS transforms. In 
Figure 4.1(b), the image appears shuffled because each of its quarter por-
tions has been shifted (translated) to the location of another portion. For 
instance, portions 1 and 4 are swapped while 2 and 3 are swapped. The 
swapping is done through adding or subtracting the appropriate displace-
ment from or to each pixel of the portion. Figure 4.1(c) shows the rotation 
by 45° (counterclockwise rotation). The resulting black portions are zero-
padding regions to keep the overall image rectangular or square in shape. 
It is interesting to note that the image size increases due to this operation. 
For this particular case, the size increases from 480 × 640 × 3 to 793 × 
793 × 3. If an equal rotation is performed in the opposite direction, the 
image will appear straight but the size will increase to 1125 × 1125 × 3. 
The last image in Figure 4.1 shows the effect of scaling, where the image 
size reduces to its quarter by replacing each group of a11 × a22 pixels with 
its average value. This can be clearly seen through the size of the resulting 
image as well as the blurriness produced by this operation.

Most implementations of the affine operator allow the user to define 
a transformation by specifying where three (or less) coordinate pairs 
from the input image (x1,y1) remap in the output image (x2,y2). Once the 
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transformation has been defined in this way, the remapping proceeds by 
calculating, for each output pixel location (x2,y2), the corresponding input 
coordinates (x1,y1). If that input point is outside of the image, then the 
output pixel is set to the background value. Otherwise, the value of (1) the 
input pixel itself, (2) the neighbor nearest to the desired pixel position, or 
(3) a bilinear interpolation of the neighboring four pixels is used.

Affine operations are most commonly applied when an image is detected 
to have undergone some type of distortion. The geometrically correct ver-
sion of the input image can be obtained from the affine transformation by 
resampling the input image such that the information (or intensity) at each 
point (x1,y1) is mapped to the correct position (x2,y2) in a corresponding 

TABLE 4.1 Affine TRS Operations
Operation Operators

Translation: Pixel movement by b1 in x 
and b2 in y direction. The treatment of 
elements near image edges varies with 
implementation. Translation is used to 
improve visualization of an image, but 
also has a role as a preprocessor in 
applications where registration of two or 
more images is required.

A B
b
b

=








 =













1 0
0 1

1

2
,

Rotation: Rotating all pixels by an angle of 
q degrees (counterclockwise for positive 
angle). In most implementations, output 
locations (x2, y2) that are outside the 
boundary of the image are ignored. 
Rotation is most commonly used to 
improve the visual appearance of an 
image, although it can be useful as a 
preprocessor in applications where 
directional operators are involved.

A B
x
y

=
−







 =











cos sin
sin cos

,
θ θ
θ θ

0

0

x0 and y0 are the origin’s coordinates.

Scaling: Performs a geometric 
transformation that can be used to shrink 
or zoom the size of an image. Image 
reduction, commonly known as 
subsampling, is performed by replacement 
(of a group of pixel values by one 
arbitrarily chosen pixel, a11 or a22, value 
from within this group) or by 
interpolating between pixel values in a 
local neighborhood. Image zooming is 
achieved by pixel replication or by 
interpolation. 

A
a

a
B=













=










11

22

0
0

0
0

,

aii represents the number of pixels in a 
selected block per adopted methodology.
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output image. These operations assist in image registration, correction for 
perspective distortions in the image, and alignment in terms of angle as 
well as size for later processing.

4.3  LogIcAL oPErATors
The affine or geometric operations affect the image coordinate values, but 
sometimes there is a need to highlight or completely remove some parts 
of the image. This usually happens when a specific portion of an image 
needs to be removed for certain machine vision applications. In general, 
the logical operations are binary in nature and most of the time operate 
on binary images as well, but they can be tuned to work with grayscale 
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fIgurE 4.1 (See color insert following Page 204.) Various affine operations. 
(a) Original image, (b) translated by (±240, ±320), (c) rotated by 45°, (d) 
scaled by 25%.
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images. In essence, the operators work on the same principles as discrete 
gates in digital logic circuit designs. Table 4.2 summarizes the basic logical 
operations commonly used in image processing.

Figure 4.2 shows these operations in action. Two grayscale images, A 
and B, are used. B is a very simple image and has been selected because it 
can show the effects of logical operations in a much clearer manner than 
a general image. Figures 4.2(c) and (d) show the logical inverts of the two 
source images. Such inverts are also commonly called negatives of the orig-
inal image. By ANDing the two images, the dominant area of the masking 
image, B, reveals a specific region of A and hence can be used to isolate 
or mask out certain parts of an image. The next image is the invert of the 
ANDed image and shows the negative effect for the previously masked 

TABLE 4.2 Logical Operators for Images

Operation Binary operator Grayscale operator
AND and NAND: The most 
obvious application of AND 
is to compute the 
intersection of two images. It 
is also used to extract a 
portion of an image.

A B A&B (A&B)
 0 0 0 1
 0 1 0 1
 1 0 0 1
 1 1 1 0

A&B = min(A,B)
Or
AB = min(A,B)

OR and NOR: The OR 
operator typically outputs a 
third image whose pixel 
values are just those of the 
first image ORed with the 
corresponding pixels from 
the second. 

A B A+B (A+B)
 0 0 0 1
 0 1 1 0
 1 0 1 0
 1 1 0 1

A+B = max(A,B)

XOR and XNOR: For two 
inputs, the XOR function is 
only true if just one (and 
only one) of the input values 
is true, and false otherwise. 

A B A⊕B (A⊕B)
 0 0 0 1
 0 1 1 0
 1 0 1 0
 1 1 0 1

A⊕B = AB’ + A’B

NOT: Logical NOT, or invert, 
is an operator that takes a 
binary or gray-level image as 
input and produces its 
photographic negative; that 
is, dark areas in the input 
image become light and light 
areas become dark.

A A’
0 1
1 0

A’ = 2b−1−A
Where b is the number 
of bits representing the 
grayscales
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(a) (b)

 
(c) (d)

 
(e) (f)

fIgurE 4.2 Demonstration of logical operations. (a) Original image A, 
(b) original image B, (c) A’, (d) B’, (e) AB, (f) (AB)’, (g) A + B, (h) (A + B)’, 
(i) A⊕B, (j) (A⊕B)’.
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area. The next two images are the result of OR and NOR operations, which 
can be used to remove a specific area from the image or to isolate the 
masked area. The last two images represent the XOR and XNOR opera-
tions. As can be seen from Figures 4.2(i) and (j), these operations provide 
better isolation of the masked regions and can be used to generate the 
artificial binocular effect, as if a specific area is the target of a specialized 
binocular vision that has highlighted the image in that portion only.

4.4  noIsE In IMAgEs
In a machine vision system, images acquired through modern sensors may 
be contaminated by a variety of noise sources. This phenomenon is not very 
visible for the usual photographic cameras due to a very stable electronics 
environment and very short imaging paths, which are not the usual condi-
tions in the machine vision system or in extreme applications such as mili-
tary, satellite, and highly noisy vibrating environments in the industry. Noise 
refers to the stochastic variations in the image pixel values. In most of the 

 
(g) (h)

 
(i) (j)

fIgurE 4.2 (Continued)
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imaging applications where photo imaging is of concern, charge-coupled 
device (CCD) cameras are used, where photons produce electrons that are 
commonly referred to as photoelectrons. Nevertheless, most of the observa-
tions outlined in the following sections are about noise and its various sources 
in CCD imaging but hold equally well for other imaging modalities.

4.4.1  Photon noise

When the physical signal that we observe is based on light, then the quan-
tum nature of light plays a significant role. A single photon at l = 500 nm 
carries an energy of E = hn = hc/l = 3.97 × 10−19 J. The noise problem 
arises from the fundamentally statistical nature of photon production. 
We cannot assume that in a given pixel for two consecutive but indepen-
dent observation intervals of length T, the same number of photons will 
be counted. The probability distribution for p photons in an observation 
window of length T seconds is known to be of the Poisson type:

 
P p T T e

p

p pT
| , ( )

!
,σ σ( ) =

−

 (4.2)

where s is the intensity parameter measured in photons per second. It 
is critical to understand that even if there were no other noise sources 
in the imaging chain, the statistical fluctuations associated with photon 
counting over a finite time interval T would still lead to a finite signal-to-
noise ratio (SNR). For very bright signals, where sT exceeds 105, the noise 
fluctuations due to photon statistics can be ignored if the sensor has a suf-
ficiently high saturation level.

4.4.2  Thermal noise

An additional stochastic source of electrons in a CCD camera is thermal 
energy. Electrons can become increasingly agitated and consequently 
freed from the CCD material itself through thermal vibration and then, if 
trapped in the CCD well, can be indistinguishable from “true” photoelec-
trons. By cooling the CCD chip, it is possible to significantly reduce the 
number of thermal electrons that give rise to thermal noise, or dark current. 
The probability distribution of thermal electrons is also a Poisson process, 
where the rate parameter, t, is an increasing function of temperature:
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p
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4.4.3  on-chip Electronic noise

This noise originates in the process of reading the signal from the sensor, 
in this case through the field effect transistor (FET) of a CCD chip. The 
general form of the power spectral density of readout noise is
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 0

, (4.4)

where a, b, and k are constants and f is the frequency at which the signal 
is transferred from the CCD chip to the subsequent circuits.

4.4.4  kTc noise

Noise associated with the gate capacitor of an FET is termed KTC noise 
and can be nonnegligible. The output RMS value of this noise voltage is 
given by

 
n kT

CKTC = ,  (4.5)

where C is the FET gate switch capacitance, k is Boltzmann’s constant, and 
T is the absolute temperature of the CCD chip measured in K. Proper elec-
tronic design that makes use, for example, of correlated double sampling 
and dual-slope integration can almost completely eliminate KTC noise.

4.4.5  Amplifier noise

The standard model for this type of noise is additive, Gaussian, and inde-
pendent of the signal. In modern well-designed electronics, amplifier noise 
is generally negligible. The most common exception to this is in color cam-
eras where more amplification is used in the blue color channel than in the 
green channel or red channel, leading to more noise in the blue channel.

4.4.6  quantization noise

Quantization noise is inherent in the amplitude quantization process 
and occurs in the analog-to-digital converter, ADC. The noise is addi-
tive and independent of the signal when the number of grayscale levels is 
usually more than the 16 levels corresponding to a 4-bit representation. 
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Quantization noise can usually be ignored as the total SNR of a complete 
system is typically dominated by the smallest SNR. In CCD cameras, this 
is photon noise.

4.5  dIsTorTIons In IMAgEs
A more pertinent problem in the photography scenario is that of distor-
tion, commonly called blur. It is treated as a particular point spread func-
tion (PSF) that is convolved with the image. As the name suggests, the 
PSF is a type of a kernel that arises from one point and spreads out in a 
fading manner. The blurring of images is basically a continuous process; 
the PSF can also be presented in a continuous manner. The PSF can be 
represented as h(m,n,y), where y represents the severity function of blur 
PSF. A PSF cannot take any arbitrary value. However, due to the phys-
ics of the underlying imaging system, both f(m,n) and g(m,n) cannot be 
negative. As a consequence, the PSFs need to be nonnegative and real-
valued.

In addition to this, the imperfections in an image formation system 
normally act as passive operations on the data; that is, they do not absorb 
or generate energy. Consequently, all energy arising from a specific point 
in the original image should be preserved, yielding

 

h m n dm dn( , ; ) = 1ψ
−∞

∞

−∞

∞

∫∫ , (4.6)

or in discrete form,

 
h m n( , ) = 1

m n,

,∑  (4.7)

where m and n are the indices of an image pixel. Four commonly used blur 
PSFs are presented next.

4.5.1  Linear Motion Blur

Many types of motion blurs can be distinguished, all of which are due to 
relative motion between the recording device and the object. This can be 
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in the form of translation, a rotation, a sudden change of scale, or some 
combination of these. Translation, which is the most significant source of 
motion blur, can be described as follows.

When the object translates at a constant velocity V at an angle of f radians 
with the horizontal axis during the exposure interval [0,T], the PSF is given by

 

h m n L L
if m n L and m

n

elsewhere
( , ; , )
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φ

φ
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2

0

2 2







,

 

(4.8)

where L = VT is the length of motion. The PSF is space invariant. However, 
if only part of the image is subjected to the translational motion, the over-
all distortion is spatially variant.

4.5.2  uniform out-of-focus Blur

When a camera on a 2D imaging plane images a 3D object, some parts of 
the object are in focus whereas other parts are not. For a circular aperture-
imaging device, the image of any portion of the object is in the form of a 
circular disk known as circle of confusion (CoC). The degree of defocus 
(diameter of the CoC) depends on the focal length F and the aperture 
number k of the lens, and the distance P between camera and object. If the 
camera is focused sharply at an object at distance S, the diameter of the 
CoC, denoted by C(P), is given as
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The PSF of this uniform out-of-focus blur with a radius of R = C(P)/2 is 
then given by
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4.5.3  Atmospheric Turbulence Blur

Atmospheric turbulence is a severe limitation for remote sensing and aer-
ial imaging systems. Though this blur is manifested due to several factors, 
for a long-term exposure case, the blur PSF can be approximated as a 
Gaussian function as follows

 
h m n C expG( , ; ) =σ

σ
− +








m n
G

2 2

22
, (4.11)

where sG represents the severity of the blur and C is a constant, selected in 
such a way that the PSF satisfies its necessary conditions.

4.5.4  scatter Blur

This blur occurs for specialized systems in which the incident imaging 
quanta are reflected by the system structure or other incident quanta. This 
phenomenon is more prominent in the case of x-ray and ultrasonic imag-
ing. For such cases, the PSF is defined as follows:

  

h m n( , ; ) =mβ
β

C

m nm
2 2 2

3
2+ + ( )

,  (4.12)

where bm determines the sensitivity of the blur, and is a function of the 
distance between the radiated object and the detector.

4.6  ALgorIThMIc AccounT
All of the aforementioned anomalies in images are essentially mathemati-
cal operations that, in general, take place at pixel level. However, these 
may expand into a group of interconnected pixels, as in the case of the 
scaling operation or the blurring process, where a whole neighborhood is 
affected by the operation. The following section covers some of the algo-
rithmic aspects of these operations.

4.6.1  Affine operations

Any of the three affine operators mentioned earlier can be used as matrix 
operations very easily in MATLAB®. However, for any other program-
ming environment, these would be achieved through the use of nested 
loops with equations as shown in Table 4.1. Translation is probably the 
easiest of all because it only involves a reassignment of coordinate values.
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The rotation algorithm, unlike the translation algorithm, can produce 
coordinates (x2,y2) that are not integers. In order to generate the intensity 
of the pixels at each integer position, different heuristics (or resampling 
techniques) may be employed. For example, two common methods include 
the following:

Allow the intensity level at each integer pixel position to assume the •	
value of the nearest noninteger neighbor (x2,y2).

Calculate the intensity level at each integer pixel position based on a •	
weighted average of the n nearest noninteger values. The weighting is 
proportional to the distance or pixel overlap of the nearby projections.

The latter method produces better results, but increases the computation 
time of the algorithm.

Scaling is probably the most complicated and involved operation of the 
TRS operators. Scaling compresses or expands an image along the coor-
dinate directions. As different techniques can be used to subsample and 
zoom, each is discussed in turn.

Figure 4.3 shows four possibilities of scaling.
Figure 4.3(a) illustrates the two methods of subsampling. In the 

first, one pixel value within a local neighborhood is chosen (perhaps 
randomly) to be representative of its surroundings. (This method 
is computationally simple, but can lead to poor results if the sampling 
neighborhoods are too large.) In the figure, in the neighborhood of 2 × 2, 
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fIgurE 4.3 Scaling methods. (a) Reducing the size by half, (b) doubling 
the size.
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the top-left pixel is selected for the new image pixel value. The second 
method interpolates between pixel values within a neighborhood by 
taking a statistical sample (such as the average) of the local intensity 
values.

An image (or regions of an image) can be zoomed either through pixel 
replication or interpolation. The first method in Figure 4.3(b) shows how 
pixel replication simply replaces each original image pixel by a group of 
pixels with the same value (where the group size is determined by the scal-
ing factor; in this case, it is 2 × 2). Alternatively, interpolation of the values 
of neighboring pixels in the original image can be performed in order to 
replace each pixel with an expanded group of pixels. Most implementa-
tions offer the option of increasing the actual dimensions of the origi-
nal image, or retaining them and simply zooming a portion of the image 
within the old image boundaries. In the figure, the interpolation values 
are calculated as approximate samples on a straight line between the two 
extreme points defined by the smaller image.

The neighborhood selection can also be straightforward or based on 
some predefined scheme, and can be algorithmically defined as Tx[x(i:M, 
j:N,:)] and Ty[x(i:M, j:N,:)], where Tx and Ty are the mathematical equiva-
lents of the selector strategy for the source image pixels range x(i:M, j:N,:). 
The resulting intensity value can be represented by Tm, which could be 
either “selection” or “averaging” in this case.

In general, the algorithmic logic should be somewhat like the one shown 
in Figure 4.4.

4.6.2  Logical operators

Figure 4.5 shows the algorithmic architecture for logical operators.
The operation is performed straightforwardly in a single pass. It is 

important that all the input pixel values being operated on have the same 
number of bits in them, or unexpected things may happen.

In general, applying the logical operators to two images in order to 
detect differences or similarities between them is most appropriate if they 
are binary or can be converted into binary format using thresholding.

To produce the photographic negative of a binary image, we can employ 
the logical NOT operator. Each pixel in the input binary image having a 
logical 1 (often referred to as foreground) has a logical 0 (associated with 
the background in the output image) and vice versa. Hence, applying logi-
cal NOT to a binary image changes its polarity. The logical NOT can also 
be used for a grayscale image, in which case the resulting value for each 
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Start

Load
Image (A)

Loop (i)

Loop (j)

B(i+b1, j+b2,:)
= A(i,j,:)

End

Display
Images

Initialize image B
Set displacements: b1, b2

 

Start

Load
Image (A)

Loop (i)
with inc. 1

with inc. 1
Loop (j)

M = i cosθ – j sinθ
N = i cosθ + i sinθ
B(M,N,:) = A(i,j,:) 

End

Display
Images

Initialize image B

(a) (b)

Start

Load
Image (A)

Loop (i)
with inc. M

with inc. N
Loop (j)

k = k + 1, p = p + 1
Neighborhood a11 = Tx[x(i:M,j:N,:)]
Neighborhood a22 = Ty[x(i:M,j:N,:)]

B(k     a11, p     a22,:) = Tm(A(i,j,:))

End

Display
Images

Initialize image B

       (c)

fIgurE 4.4 Algorithmic representations of the TRS operators. (a) Translation, 
(b) rotation, (c) scaling.
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pixel is the input value subtracted from the maximum intensity value 
present in the image.

Invert is also used to print the photographic negative of an image or to 
make the features in an image appear clearer to a human observer. This 
can, for example, be useful for medical images, where the objects often 
appear in black on a white background. Inverting the image makes the 
objects appear in white on a dark background, which is often more suit-
able for the human eye.

4.6.3  distortions and noise

Although there are many types of noises listed in the previous sections, 
at an algorithmic level these can still be treated as random numbers of 
certain distributions. In most image processing algorithms, additive 
Gaussian noise is the first choice. From Section 4.4, photon noise and 
amplifier noise are special cases of Gaussian noise, and the others can be 

Start

Load
Images (A, B)

Loop (i)

Loop (j)

C(i, j)
= A(i,j) ψ B(i,j)

End

Display
Images

Initialize image C
Set operator: ψ to
AND, OR, or XOR

 

Start

Load
Image (A)

Loop (i)

Loop (j)

B(i, j)
=2b – 1 –A(i,j)

End

Display
Images

Initialize image B
Set operator: ψ to NOT
Set b = #bits per pixel

(a) (b)

fIgurE 4.5 Algorithmic architecture of logical operations. (a) Operators 
with two input images, (b) operator for a single image.
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represented either by the Poisson distribution or spotted randomness. The 
Poisson distribution is used in a limited number of algorithms, especially 
for thermal imaging and atmospheric imaging for remote sensing appli-
cations. However, in the remaining types, a spotted noise is added and is 
usually called salt-and-pepper noise. The name is appropriate because it 
only changes the intensity at random places to either a very bright (salt) or 
a very dark (pepper) pixel.

Blur, on the other hand, is more involved than noise. It requires a spe-
cific PSF represented as a smaller matrix as the manifestation of the blur-
ring function. This small matrix is then convolved with the source image 
to produce the blurred version. The mechanics of convolution will be dis-
cussed in Chapter 6. Figure 4.6 represents the algorithms for introducing 
noise and blur in an image.

4.7  MATLAB codE
In this section, the MATLAB code used to generate all the images in this 
chapter is presented.

Start

Load
Image (A)

Loop (i)

Loop (j)

B(i, j,:)
= A(i,j,:) + Noise

End

Display
Images

Select Noise type
Set strength parameters

 

Start

Load
Image (A)

Loop (i)

Loop (j)

B(i, j,:)
= A(i,j,:)     Blur_mask

End

Display
Images

Select Blur type
Set size of the blur mask

(a) (b)

fIgurE 4.6 Algorithmic structures of noise and blur addition to images.
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4.7.1  Affine and Logical operators
clear all; close all
x=imread(‘lake.jpg’);
imshow(x)
[r,c,s] = size(x) ;

% Image Translation
y1 = x(1:r1,1:c1,:) ;
y2 = x(1:r1,c1+1:c,:) ;
y3 = x(r1+1:r,1:c1,:) ;
y4 = x(r1+1:r,c1+1:c,:) ;
yy = [ y4 y3 ; y2 y1 ];
figure ; imshow(yy)
axis on

% Image Rotation
y=imrotate(x,45);
figure ; imshow(y)
z = imrotate(y,-45) ;
figure ; imshow(z)
[size(x) ; size(y) ; size(z) ]

% Image Scaling (resizing)
zz = imresize(x,[r/2 c/2]);
figure ; imshow(zz)
axis on
zz = imresize(x,[r/4 c/4]);
figure ; imshow(zz)
axis on

The preceding code generated the images in Figure 4.1. Similarly, the 
images in Figure 4.2 were generated by the following code:

clear all; close all
x=imread(‘lake.jpg’);
imshow(x)
[r,c,s] = size(x) ;
[m,n] = ginput() ;
g(min(n):max(n),min(m):min(m),:) = 1 ;
g = g * 255 ;
figure ; imshow(g)
not_g = max(max(max(g)))-g;
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% Image Inversion (NOTing)
not_x = 255-x;
figure ; imshow(not_x)

% Image AND/NAND-ing
g1 = double(double(x) .* g) ;
figure ; imshow(g1*0.00005)
mg = max(max(max(g1))) ;
figure ; imshow((mg-g1)*0.000008)

% Image OR/NOR-ing
g2 = double(double(x) + g) ;
figure ; imshow(g2*0.0005)
mg = max(max(max(g2))) ;
figure ; imshow((mg-g2)*0.003)

% Image XOR/XNOR-ing
g3 = double(x) .* not_g + double(not_x) .* double(g) ;
figure ; imshow(g3*0.00000005)
mg3=max(max(max(g3)));
figure ; imshow((mg3-g3)*0.00000005)

4.7.2  noise in Images

The code for generating noisy images with Gaussian and salt-and-pepper 
noises with a strength parameter is as follows:

clear all; close all
x=imread(‘flowers001.jpg’);
imshow(x)
[r,c,s] = size(x) ;

% Gaussian Noise
xn1 = imnoise(x,’gaussian’,0,0.1);
figure ; surfl(xn1)
xn2 = imnoise(x,’gaussian’,0,1);
figure ; imshow(xn2)

% Salt & Pepper Noise
xn3 = imnoise(x,’salt & pepper’,0.05);
figure ; surfl(xn3)
xn4 = imnoise(x,’salt & pepper’,0.3);
figure ; imshow(xn4)
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The resulting images are shown in Figure 4.7.

4.7.3  Blur in Images

The code for the blurring of images is as follows, and the resulting images 
are shown in Figure 4.8.

clear all; close all
x=imread(‘horses.jpg’);
imshow(x)
[r,c,s] = size(x) ;

% Motion Blur
f1 = fspecial(‘motion’,15,45) ;
figure ; surfl(f1)
xb1 = imfilter(x,f1);
figure ; imshow(xb1)

 
(a) (b)

 
(c) (d)

fIgurE 4.7 Effect of added noise. (a) Gaussian noise with variance 
0.1, (b) Gaussian noise with variance 1, (c) salt-and-pepper noise with 
parameter D = 0.05, (d) salt-and-pepper noise with parameter D = 0.3.
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% Out of Focus Blur
f2 = fspecial(‘disk’,5) ;
figure ; surfl(f2)
xb2 = imfilter(x,f2);
figure ; imshow(xb2)
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fIgurE 4.8 Blurring of images and the blurring masks. (a) Image 
blurred by “motion” blur representing motion in a 15-pixel neighbor-
hood and at 45°, (b) the corresponding blurring function, (c) image 
blurred by “out-of-focus” blur with the circle of confusion (CoC) radius 
of 5 pixels, (d) corresponding blurring function.
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4.8  suMMAry
Images can be modified using a series of affine transforms.•	

These transform are categorized as translation, rotation, and scaling •	
transforms, or TRS.

The translation operation reassigns the coordinate values, essentially •	
moving some part of the image to a different place.

The rotation operation rotates the image or part of the image by a •	
desired angle, either clockwise or counterclockwise.

Integer approximation is performed for the resulting fractional pix-•	
els for proper image display.

The scaling operation is used in the zooming in or zooming out oper-•	
ation, where image size is changed in such a way that either some pix-
els are removed (zooming out) or new pixels are added (zooming in).

Pixels can be removed based on some predefined selection procedure •	
or through replacement of a neighborhood with an equivalent statis-
tical measure.

The logical transforms can be used to mask out a particular portion •	
of the image to perform a specific operation.

Logical inversion of the image is equivalent to the photographic neg-•	
ative of that image.

Logical AND, NAND, OR, NOR, XOR, and XNOR operators can •	
perform various localized selections or maskings on an image by 
suitably selected masking images.

Noise in the image is the addition of random values to the image.•	

Although physically there are many types of image noise, the algo-•	
rithmic versions usually rely on Gaussian and salt-and-pepper noise 
to simulate natural phenomena.

Blurring refers to other distortions in the image such as motion blur, •	
out of focus, atmospheric effects, etc.

Algorithmically speaking, blur is another 2D matrix (usually much •	
smaller than the source image) that is then convolved with the image 
to produce the blurring effect.
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4.9  ExErcIsEs
 1. Image reflection is a special case of the translation operation. Write a 

program to read an image and produce another image that contains 
the source image and its reflection connected to it. This resulting 
image should have the same height as the original image but twice 
the width.

 2. Each time an image of size M × N is rotated by an angle q (q < 90°), 
the size of the image changes. Derive two equations relating the new 
height (P) and new width (Q) to the angle of rotation and the origi-
nal dimensions.

 3. Derive the linear interpolation equations (using simple line equa-
tions) to map a 2 × 2 image into an n×n image with the four corners 
of this new image as the four values in the 2 × 2 image segment. 
[Hint: The resulting system of equations is to be designed for (n − 2) × 
(n − 2) pixels to be injected. The 22 segments can be assumed to have 
pixels a11, a12, a21, and a22].

 4. Load the image pout.tif from MATLAB’s image collection. Isolate 
the pocket of the shirt that the child is wearing in the image. Invert 
it as a photographic negative, and replace it in the original image. 
Other than the reading and displaying of the image, this can be done 
with one or two statements in MATLAB.

 5. Out-of-focus blur is a special case of low-pass filtering and can be 
used to remove noise from the image at the cost of some blurring. 
Use a blurring function of a radius 2 and experiment with images in 
Figures 4.7 (a) and (d), and give a detailed account of your findings.
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5C h a p t e r  

Image Transforms

5.1 InTroducTIon

Image transforms refer to the mathematical mapping of image pix-
els from the spatial domain to some other domain where certain other 

characteristics of the image can be seen in a better manner. An analogy 
to this is the spectrum of a signal in the 1D case. In the time domain, we 
cannot readily see the frequency components, but mapping the signal to 
its spectrum reveals the details about these components (frequency and 
amplitude). The basic principle behind any transform is to decompose a 
signal (or image) into certain components using some type of magnifying-
glass function called the kernel or basis function. As such, for images, this 
basic principle can be written as follows:

 
F a b f m n m n a b

nm

( , ) ( , ) ( , , , ).= ∑∑ ψ
 

(5.1)

Several types of such transforms are available for images, such as the 
following:

Fourier transform•	

Wavelet transform•	

Hough transform•	

Discrete cosine transform (discussed in Chapter 8)•	
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84  �  digital Image Processing: An Algorithmic Approach with MATLAB®

However, in this chapter, the emphasis is on the first three transforms in 
this list. Other types of transforms will be discussed when their applica-
tions are encountered during the course of the discussion.

5.2  dIscrETE fourIEr TrAnsforM (dfT) In 2d
The Fourier transform is an important image processing tool that is used to 
decompose an image into its sine and cosine components. The output of the 
transformation represents the image in the Fourier, or frequency, domain, 
and the input image is the spatial domain equivalent. In the Fourier domain 
image, each point represents a particular two-dimensional frequency 
component. 

The DFT is the sampled Fourier transform and therefore does not con-
tain all frequencies forming an image, but only a set of samples that is large 
enough to fully describe the spatial domain image. The number of frequen-
cies corresponds to the number of pixels in the spatial domain image; that 
is, the images in the spatial and Fourier domains are of the same size. For 
an image of size M × N, the two-dimensional DFT is given by
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(5.2)

where f(m,n) is the image in the spatial domain and the exponential term 
is the basis function corresponding to each point F(u,v) in the Fourier 
space. The equation can be interpreted as follows: the value of each point 
F(u,v) is obtained by multiplying the spatial image by the corresponding 
basis function and summing the result.

The basis functions are sine and cosine waves with increasing frequen-
cies; that is, F(0,0) represents the DC component of the image, which cor-
responds to the average brightness, and F(N − 1,N − 1) represents the highest 
frequency.

An inverse transformation is also possible and is given by
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(5.3)

The ordinary one-dimensional DFT has MN complexity. This can be 
reduced to M log2 N or N log2 M (whichever is smaller) if we employ the 
fast Fourier transform (FFT) to compute the one-dimensional DFTs. This 
is a significant improvement, in particular, for large images. There are 
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various forms of the FFT, and most of them restrict the size of the input 
image that may be transformed, often to N = 2n, where n is an integer. The 
mathematical details are well described in the literature.

The Fourier transform produces a complex number-valued output image 
that can be displayed with two images, either with the real and imaginary 
part or with the magnitude and phase. In image processing, often only the 
magnitude of the Fourier transform is displayed, as it contains most of 
the information of the geometric structure of the spatial domain image. 
However, if we want to retransform the Fourier image into the correct spa-
tial domain after some processing in the frequency domain, we must make 
sure to preserve both magnitude and phase of the Fourier image.

The Fourier transform is used if we want to access the geometric char-
acteristics of a spatial domain image. Because the image in the Fourier 
domain is decomposed into its sinusoidal components, it is easy to exam-
ine or process certain frequencies of the image, thus influencing the geo-
metric structure in the spatial domain.

In most implementations, the Fourier image is shifted in such a way that 
the DC value (i.e., the image mean), F(0,0), is displayed in the center of the 
image. The further away from the center an image point is, the higher is 
its corresponding frequency. Figure 5.1 shows an example of application of 
the Fourier transform to images.

It can be seen that the R, G, and B layers are not providing more infor-
mation than any single layer; therefore, it is always advisable for Fourier 
transform applications to work with grayscale images. Figure 5.2 shows 
the effect of changes in orientation of the original image.

5.3 WAvELET TrAnsforMs
Unlike the Fourier transform, in which the basis functions cover the 
entire signal range with frequency variation only, the wavelet transform 
performs better decomposition of a signal into its components because in 
this case, the basis functions vary in both frequency range (called scale) 
and spatial range. High-frequency basis covers a smaller area, whereas 
low-frequency basis covers a larger area. This transform is more appropri-
ate for nonstationary signals and provides nonuniform partitions of fre-
quency and spatial ranges.

In Fourier analysis, a signal is broken up into sine and cosine waves of 
different frequencies, and it effectively rewrites a signal in terms of differ-
ent sine and cosine waves. Wavelet analysis does a similar thing: It takes a 
mother wavelet, and the signal is translated into shifted and scaled versions 
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(a) (b)

 
(c) (d)

fIgurE 5.1 (See color insert following Page 204.) Application of Fourier 
transform to images. (a) Original RGB image, (b) R, (c) G, (d) B compo-
nents of the Fourier-transformed image.
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(a) (b)

 
(c) (d)

fIgurE 5.2 Effect of changes in orientation of the original image. (a) Original 
grayscale image, (b) FFT of (a) without shifting the components, (c) FFT of 
(a) after shifting, (d) rotated image by 30°, (e) FFT of (d) without shifting 
the components, (f) FFT of (d) after shifting.
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of this mother wavelet. Wavelet analysis can be used to divide the informa-
tion of an image into approximation and detail subsignals. The approxi-
mation subsignal shows the general trend of pixel values, and three detail 
subsignals show the vertical, horizontal, and diagonal details or changes in 
the image. If these details are very small, then they can be set to zero with-
out significantly changing the image. This is the key to using the wavelet 
transform in applications such as image filtering and image compression.

The 2D discrete wavelet transform, F(u,v) of an image f(m,n) is given by

 
F a b a b f m n

b b
m a

b
n a

b
( , , , ) ( , ) ,1 1 2 2

1 2

1

1

2

2

1=
− −


ψ


=

−

=

−

∑∑
n

N

m

M

0

1

0

1

,
 

(5.6)

where 1
1 2

1

1

2

2b b
m a

b
n a

bψ ( , )− −
 represents a specific type of wavelet with scal-

ing and shifting in x and y axes as (a1,b1) and (a2,b2), respectively. There 
have been many designs related to newer and better mother wavelets. 
These mother wavelets differ in energy compaction capability. However, 
the following are some of the most commonly used wavelets in image 
processing:

“haar”:•	  Haar wavelet

“db”:•	  Daubechies wavelets

 
(e) (f)

fIgurE 5.2 (Continued)
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“sym”:•	  Symlets

“coif”:•	  Coiflets

“bior”:•	  Biorthogonal wavelets

“rbio”:•	  Reverse biorthogonal wavelets

“meyr”:•	  Meyer wavelet

“dmey”:•	  Discrete Meyer wavelet

“gaus”:•	  Gaussian wavelets

“mexh”:•	  Mexican hat wavelet

“morl”:•	  Morlet wavelet

“cgau”:•	  Complex Gaussian wavelets

“cmor”:•	  Complex Morlet wavelets

The inverse wavelet transform is used to reconstruct the function from its 
wavelet representation. This is represented as follows:
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(5.7)

Discrete wavelet analysis is usually computed using the concept of filter 
banks. Filters of different cutoff frequencies analyze the signal at differ-
ent scales. Resolution is changed by the filtering, the scale is changed by 
upsampling and downsampling. If a signal is put through two filters:

 1. High-pass filter—High-frequency information is retained, low-
frequency information is lost.

 2. Low-pass filter—Low-frequency information is retained, high-
frequency information is lost.

Then the signal is effectively decomposed into two parts, a detailed part 
(high-frequency), and an approximation part (low-frequency). The sub-
signal produced from the low filter will have a highest frequency equal 
to half that of the original. According to Nyquist sampling, this change 
in frequency range means that only half of the original samples need to 
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90  �  digital Image Processing: An Algorithmic Approach with MATLAB®

be kept in order to perfectly reconstruct the signal. More specifically, 
this means that upsampling can be used to remove every second sample. 
The scale has now been doubled. The resolution has also been changed; 
the filtering made the frequency resolution better, but reduced the time 
resolution.

The approximation subsignal can then be put through a filter bank, and 
this is repeated until the required level of decomposition has been reached. 
These ideas are shown in Figure 5.3.

At every level, four subimages are obtained: the approximation, the ver-
tical detail, the horizontal detail, and the diagonal detail. Wavelet analysis 
has revealed how the image changes vertically, horizontally, and diago-
nally. This process can be further repeated for the approximate subsignal 
for many levels until a certain set of criteria is met, which depends on the 
application. With each decomposition, a new approximation is obtained 
that is much smaller in size. The decomposition pattern for images is 
shown in Figure 5.4.

Figure 5.5 shows a typical example of application of decomposition 
with the wavelet transform. The mother wavelet used in this example is 
the “Daubechies” type.

Low Pass
Filter on

Rows

Low Pass
Filter on
Columns

High Pass
Filter on
Columns

Low Pass
Filter on
Columns

High Pass
Filter on
Columns

High Pass
Filter on

Rows

Horizontal
Approximation

Original Image

Approximate
Image (LL)

Vertical
Detail (LH)

Horizontal
Detail

Horizontal
Detail (HL)

Diagonal
Detail (HH)

fIgurE 5.3 Basic principle of wavelet transformation.
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5.4 hough TrAnsforM
The conventional Hough transform can be commonly used for the detec-
tion of regular curves such as lines, circles, ellipses, etc. Despite its domain 
restrictions, the conventional Hough transform has many applications. Its 
main advantage is that it is tolerant of gaps in feature boundary descrip-
tions and is relatively unaffected by image noise. The fundamental idea of 
the Hough transform is based on the polar coordinate representation of 
the line. If a line exists in the image, it will be in accordance with a polar 
equation given by

 ρ θ θ= +m ncos sin ,  (5.8)

where r is the length of a normal vector from the origin to this line and q is 
the orientation of r with respect to the x-axis. For any point (m,n) on this 
line, r and q are constant. Hence, for every (m,n) coordinate pair on the 
line, there exists a value of q and r that is an entirely different manifesta-
tion of the image. Many people when encountering the Hough transform 
think that it is a fancy edge detector, but it goes beyond that by providing 
the connectivity information of the lines as well. For instance, in the case 
of a rectangular shape, there are four lines in which case the lines of one 
pair start at the common point and then meet the corresponding lines 

HL1LL1

HH1LH1

HL1

LL2 HL2

LH2 HH2

HH1LH1

fIgurE 5.4 Multilevel decomposition with wavelet transforms.
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92  �  digital Image Processing: An Algorithmic Approach with MATLAB®

from the other pair, after which each line returns to its own paired line 
that it started from in the first place. The shape-related features are quite 
independent of noise and distortion present in the image and, therefore, 
the technique is very robust. This is shown in Figure 5.6.

In an image analysis context, the coordinates of the points of edge seg-
ments [i.e., (mi,ni)] in the image are known and therefore serve as constants 
in the parametric line equation, and r and q are the unknown variables we 
seek. If we plot the possible (r,q) values defined by each (mi,ni) point, the 
resulting points in Cartesian image space map to curves (i.e., sinusoids) 
in the polar Hough parameter space. This point-to-curve transformation 

 
(a) (b)

 
(c) (d)

fIgurE 5.5 Wavelet decomposition of the football image. (a) Original 
RGB image (x); (b) first decomposition into [xa, xh, xv, xd]; (c) second 
decomposition into [xaa, xhh, xvv, xdd]; (d) overall decomposition.
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(a) (b)
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(c) (d)

 
(e) (f)

fIgurE 5.6 The Hough transform. (a) Original RGB image, (b) inverse 
grayscale image, (c) edge detection using Canny operator, (d) mesh plot for 
the Hough transform, (e) image from display of the Hough transform, (f) 
contour plot of the Hough transform.
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94  �  digital Image Processing: An Algorithmic Approach with MATLAB®

is the Hough transformation for straight lines. When viewed in Hough 
parameter space, points that are collinear in the Cartesian image space 
become readily apparent as they yield curves which intersect at a common 
(r,q) point.

Mapping back from Hough transform space (i.e., de-Houghing) into 
Cartesian space yields a set of line descriptions of the image subject.

Note also that the lines generated by the Hough transform are infinite 
in length. If we wish to identify the actual line segments that generated 
the transform parameters, further analysis of the transformed image is 
required in order to see which portions of these infinitely long lines actu-
ally have points on them.

5.5 ALgorIThMIc AccounT
The aforementioned transforms have different implementations as algo-
rithms. The following is a very generalized account of how these trans-
forms can be implemented as general recursive procedures.

5.5.1 fourier Transform

Referring to Equations 5.2 and 5.3, the recursive nature of the algorithm 
is quite obvious. First, the frequency range has to be defined to which a 
spatial image has to be mapped. Then, essentially, it is a matter of four 
nested loops to produce the final result. The same is true for the inverse 
transformation. This is shown in Figure 5.7.

5.5.2 Wavelet Transform

The wavelet transform is implemented quite differently as filter banks. 
Because breaking the image into halves is equivalent to downsampling by 
2, first in rows and then in columns, the main implementation requires 
only a low-pass filter, a high-pass filter, and a downsampler. The actual 
DSP-type implementation is shown in Figure 5.8.

5.5.3 hough Transform

It is easier to implement the Hough transform with three nested loops and 
for known edges. Therefore, it is usually advisable to do a simple Sobel- 
or Canny-type edge detection based on thresholding before applying 
the transform. These operators will be discussed in Chapter 9. Figure 5.9 
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shows a typical implementation logic of the Hough transform. The loop 
for q is arbitrary and can be initiated to cover a range of angles in the line 
of sight of a r line.

5.6 MATLAB® codE
The MATLAB code used to produce the images in Figures 5.1, 5.2, 5.5, and 
5.6 is presented in this section.

5.6.1 fourier Transform

The first piece of code presented is related to Figure 5.1. Note the trick uti-
lized in displaying the colors. A word of caution in this respect when using 
the function fftshift(). If the zero setting of individual layers is done 
before this function is used, the layers are also shifted and the colors will 
appear in single-layer shifted manner (i.e., R will become B, G will become 
R, and B will become G).

close all
clear all
x = imread(‘tower.jpg’) ;
figure ; imshow(x) ;

Start

Load
Image (f )

Initialize Ranges
U, V, M, N

Loop (u, v)
Till U, V

Loop (m, n)
Till M, N

Display
Images

End

+1
N2F (u, v) = f (m, n)e –j2πΣΣ

um
M

vn
N

 

Start

Load
Transformed

Image (F)

Initialize Ranges
U, V, M, N

Loop (m, n)
Till M, N

Loop (u, v)
Till U, V

Display
Images

End

+1
N2f (m, n) = F(u, v)e j2πΣΣ

um
M

vn
N

(a) (b)

fIgurE 5.7 Fourier transform algorithmic implementation. (a) Simple 
transform, (b) inverse transform.
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% RGB FFT (Figure 5.1)
X = fft2(x,1024,1024) ;
Y = fftshift(abs(X)) ;
YR = Y ; YR(:,:,[2 3]) = 0 ;
YG = Y ; YG(:,:,[1 3]) = 0 ;
YB = Y ; YB(:,:,[1 2]) = 0 ;
figure ; imshow(YR*0.0001)

2Lo_D

LL

LH

Original
image

Rows

Hi_D
Rows

Columns

Columns

1

2 1

1 2

1 2

HL

HH
Columns

Columns
1 2

1 2

Lo_D

Hi_D

Lo_D

Hi_D

 (a)
Columns

1 2

2 1

Lo_RLL

LH

HL

HH

Rows

2 1

Lo_R

Rows
Hi_R

Columns
1 2 Hi_R

Approximate
image

Columns
1 2 Lo_R

Columns
1 2 Hi_R

 (b)

fIgurE 5.8 Filter bank implementation of the wavelet transform. (a) 
Wavelet decomposition, (b) wavelet composition. Here Lo_D is a low-pass 
filter for decomposition, Lo_R is a low-pass filter for reconstruction, Hi_D 
is a high-pass filter for decomposition, Hi_R is a high-pass filter for recon-
struction, and blocks with arrows represent down or upsampling.
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figure ; imshow(YG*0.0001)
figure ; imshow(YB*0.0001)

% Grayscale FFT (Figure 5.2)
xg = rgb2gray(x) ;
figure ; imshow(xg) ;
XG = fft2(xg,1024,1024) ;
XGM=(abs(XG)) ;
figure ; imshow(XGM*0.00005) ;
XGMS = fftshift(XGM) ;
figure ; imshow(XGMS*0.00005) ;

%Effect of Rotation (Figure 5.2)
xr = imrotate(xg,30) ; %rotation by 30 degrees
figure ; imshow(xr) ;
XR = fft2(xr,1024,1024) ;

Start

Load
Transformed

Image (x)

Initialize Origin
coordinates (x0, y0, θ0)

Loop (X, y, θ)
For each edge

ρ = m cos θ + n sin θ

Display
Images

End

fIgurE 5.9 Algorithm for Hough transform.
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XRM=(abs(XR)) ;
figure ; imshow(XRM*0.00005) ;
XRMS = fftshift(XRM*0.00005) ;
figure ; imshow(XRMS) ;

5.6.2 Wavelet Transform

Figure 5.5 shows two levels of wavelet decomposition of the football image. 
The following code generated these images:

clear all ; close all
x = imread(‘football.jpg’) ;
figure ; imshow(x) ;

[xar,xhr,xvr,xdr] = dwt2(x(:,:,1),’db2’);
[xag,xhg,xvg,xdg] = dwt2(x(:,:,2),’db2’);
[xab,xhb,xvb,xdb] = dwt2(x(:,:,3),’db2’);

xa(:,:,1) = xar ; xa(:,:,2) = xag ; xa(:,:,3) = xab ;
xh(:,:,1) = xhr ; xh(:,:,2) = xhg ; xh(:,:,3) = xhb ;
xv(:,:,1) = xvr ; xv(:,:,2) = xvg ; xv(:,:,3) = xvb ;
xd(:,:,1) = xdr ; xd(:,:,2) = xdg ; xd(:,:,3) = xdb ;
X1 = [ xa*0.003 log10(xv)*0.3 ; log10(xh)*0.3 
log10(xd)*0.3 ] ;
figure ; imshow(X1)

[xaar,xhhr,xvvr,xddr] = dwt2(xa(:,:,1),’db2’);
[xaag,xhhg,xvvg,xddg] = dwt2(xa(:,:,2),’db2’);
[xaab,xhhb,xvvb,xddb] = dwt2(xa(:,:,3),’db2’);
xaa(:,:,1) = xaar ; xaa(:,:,2) = xaag ; xaa(:,:,3) = xaab ;
xhh(:,:,1) = xhhr ; xhh(:,:,2) = xhhg ; xhh(:,:,3) = xhhb ;
xvv(:,:,1) = xvvr ; xvv(:,:,2) = xvvg ; xvv(:,:,3) = xvvb ;
xdd(:,:,1) = xddr ; xdd(:,:,2) = xddg ; xdd(:,:,3) = xddb ;

X11 = [ xaa*0.001 log10(xvv)*0.3 ; log10(xhh)*0.3 
log10(xdd)*0.3 ] ;
figure ; imshow(X11)

[r,c,s] = size(xv) ;
figure ; imshow([X11(1:r,1:c,:) xv*0.05 ; xh*0.05 
xd*0.05 ])

Note the methodology in displaying the RGB images, although the pro-
cessing is done on each layer separately.
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5.6.3 hough Transform

The following code generated the images in Figure 5.6:

 clear all
 close all
 x = imread(‘mask1.jpg’) ;
 x = x(201:400,401:600);
 figure ; imshow(x)
 y = 255-x ;
 figure ; imshow(y)
 z = edge(y,’canny’,0.7);
 figure ; imshow(z)
 [h,r,t] = hough(z) ;
 figure ; mesh(h)
 axis on
 xlabel(‘theta’)
 ylabel(‘rho’)
 figure
 h1 = h(end:-1:1,:) ;
 imshow(h1(51:420,:)*0.1)
 axis on

5.7 suMMAry
Image transforms decompose an image into a data space where •	
characteristics that are otherwise not visible in the original image 
can be manifested.

Usually, the transformation is bidirectional, and the original image •	
can be restored using the inverse transformation.

The Fourier transform is a very well-established technique in •	
mathematics and is useful in describing a signal in terms of its 
frequency components.

In an image, the frequency components are related to both the height •	
and width of the image.

Any sudden change in the grayscale values represents high-frequency •	
components.

Consistent gradients or constant grayscale values are related to low-•	
frequency components.
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Computationally, a variant of the discrete Fourier transform is uti-•	
lized, and it is called the fast Fourier transform, or FFT.

The wavelet transform’s function is similar to that of the Fourier •	
transform, but it changes the view window from a large window to a 
smaller one; this is called scaling.

The scaling decomposition helps to better isolate frequency compo-•	
nents compared to the Fourier transform.

Unlike simple sine/cosine basis functions of the Fourier trans-•	
form, the wavelet transforms use specialized basis functions called 
mother wavelets.

There are a number of these mother wavelets in use for various •	
applications.

Wavelet transforms are primarily used for noise removal and com-•	
pression applications.

The Hough transform is a classical technique, and is computation-•	
ally expensive.

It can provide information related to the connectivity of edges, which •	
can be used for shape identification.

5.8 ExErcIsEs
 1. Use the noisy image of Figure 4.7(b), and find its Fourier transform. 

Compare this transform with the transform for the original image. 
Answer the following questions based on your comparison:

 a. Which part of the spectrum is affected by the noise?

 b. What part of the image do you think has contributed to the cen-
tral part of the transform?

 c. Can we remove some part of the spectrum to remove the noise?

 2. Use the clown.mat file from MATLAB’s image collection with the 
“Daubechies” wavelet. Perform wavelet decomposition iteratively for 
seven iterations. At what point did you notice that the approxima-
tion (LL) is no longer similar to the original image? In your opinion, 
what could be the reason for that?
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Image Transforms  �  101

 3. In Figure 5.6, a rectangle is used whose shape is described using the 
Hough transform. Repeat this example with a circle [Figure EX5.1(a)] 
in the image instead of a rectangle.

 a. How many edges can be detected by the Hough transform?

 b. Develop a descriptive rule that can be used to define the shape, 
circle.

 4. Repeat Question 3 for EX5.1(b).

 5. Apply the Fourier transform on the blurred image of Figure 4.8(c), 
and compare it with the transform of the original horses.jpg 
image. Why is there a difference in the number of high-frequency 
components?

 
(a) (b)

fIgurE Ex5.1
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6C h a p t e r  

Spatial and Frequency 
Domain Filter Design

6.1 InTroducTIon

In image processing, filters are mainly used to suppress either the 
high frequencies in the image, that is, smoothing the image, or the low 

frequencies, that is, enhancing or detecting edges in the image. An image 
can be filtered either in the frequency or in the spatial domain. In both 
cases, the intent is to replace some of the pixels with approximate pix-
els that can improve the overall visualization of the image. In the case 
of spatial domain filtering, the filtering operation is performed directly 
on the image without any transformation. Alternatively, in the frequency 
domain, the image is first transformed into the frequency domain using 
FFT-type algorithms and then appropriate filtering is applied. The spatial 
domain filters will usually rely on operations such as convolution, pixel-
by-pixel multiplication, and summations, whereas the frequency domain 
processing requires masking, elimination, and prefiltering equalization 
type of operations.

6.2 sPATIAL doMAIn fILTEr dEsIgn
The spatial filter design involves convolving the input image f(m,n) with 
the filter function h(m,n). This can be written as

 g m n f m n h m n( , ) ( , ) ( , ).= ⊗  (6.1)
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104  �  digital Image Processing: An Algorithmic Approach with MATLAB®

This mathematical operation is identical to multiplication in the frequency 
space, but the results of the digital implementations vary, because we have 
to approximate the filter function with a discrete and finite kernel.

6.2.1 convolution operation

Discrete convolution is composed of three operations: shift, multiply, and 
summation, where we shift the kernel over the image, multiply its value 
with the corresponding pixel values of the image, and take the sum of these 
multiplications, obtaining the new pixel value. For a square kernel of size 
M × M, we can calculate the output image with the following formula:

 

g m n h x y f m x n y
y M

M

x M

M

( , ) ( , ) ( , ).= − −
=−=−

∑∑
2

2

2

2

 

(6.2)

Various standard kernels exist for specific applications; the size and the 
form of the kernel determine the characteristics of the operation. Some of 
these kernels are discussed in this chapter.

6.2.2 Averaging/Mean filter

Averaging or mean filtering is a simple, intuitive, and easy-to-implement 
method of smoothing images, that is, reducing the amount of intensity 
variation between one pixel and the next. It is often used to reduce noise 
in images because noise produces abrupt changes in pixel values.

The idea of mean filtering is simply to replace each pixel value in an 
image with the mean (average) value of its neighbors, including itself. 
This has the effect of eliminating pixel values that are unrepresentative 
of their surroundings. Often, a 3 × 3 square kernel is used, as shown in 
Figure 6.1(a), although larger kernels (e.g., 5 × 5 squares) can be used for 
greater smoothing.

Figure 6.2 show an example of using the mean filter for various types 
of noisy images. As can be seen from the images, the effect of randomness 
is reduced at the cost of “smoothing”; that is, the image becomes blurred 
after the filtering. Because the averaging or mean filter performs the aver-
aging operation, it essentially smooths out the variations in the neighbor-
ing pixels. The removal of abrupt changes is equivalent to the removal of 
high-frequency components, and therefore, the averaging filter can also be 
thought of as a low-pass filter.

C7950.indb   104 9/17/09   5:05:43 PM

co
nt

ro
len

gin
ee

rs
.ir



spatial and frequency domain filter design  �  105

6.2.3 Median filter

The median filter is normally used to reduce noise in an image, somewhat 
like the mean filter. However, it often does a better job than the mean 
filter of preserving useful detail in the image. The examples illustrated in 
Figure 6.2 show two main problems with mean filtering:

A single pixel with a very unrepresentative value can significantly •	
affect the mean value of all the pixels in its neighborhood.

1 1 1

11
9 1 1

1 1 1  

100, 100, 101, 102, 103, 103, 105, 105, 135

The median is 103 
While the mean is 108 

100 105 103

101 153 100

102 103 105

 (a) (b)

0.8 

0.6

0.4

0.2

0 
100 80 60 40 20 0

0

50

100

 

1 

1 
273 

1 4 7 4 

4 4 16 26 16 

7 7 26 41 26 

4 4 16 26 16 

1 1 4 7 4 

 (c) (d)

fIgurE 6.1 Various types of filter kernels. (a) 3 × 3 averaging filter ker-
nel, (b) median kernel and result calculation, (c) 2D Gaussian distribution 
with mean (50%, 50%) and s = 1, (d) the matrix version of (c).
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When the filter neighborhood straddles an edge, the filter will inter-•	
polate new values for pixels on the edge and so will blur that edge. 
This may be a problem if sharp edges are required in the output.

Both of these problems are resolved by the median filter, which is often a 
better filter for reducing noise than the mean filter, but it takes longer to 
compute. However, at the same time, it is more

The median filter considers each pixel in a neighborhood of a center pixel 
and replaces it with the median of the values in this neighborhood. The 
median is calculated by first sorting all the pixel values from the surround-
ing neighborhood in numerical order and then replacing the pixel being 
considered with the middle pixel value. (If the neighborhood under con-
sideration contains an even number of pixels, the average of the two mid-
dle pixel values is used.) Figure 6.1(b) illustrates an example of the median 
filter. It can be seen with a little calculation that the median filter is very 
good in terms of removing the outliers in a neighborhood, something very 

 
(a) (b)

 
(c) (d)

fIgurE 6.2 Effects of mean filtering. (a) Noisy image with Gaussian noise; 
(b) filtered image for (a); (c) noisy image with salt-and-pepper noise; 
(d) filtered image for (c).
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desirable for removing salt-and-pepper noise from images. In the figure, 
the outlier value, 153, is replaced by the median of the neighborhood, 103. 
This is closer to the values of the neighborhood than the mean for the same 
neighborhood, 108.

By calculating the median value of a neighborhood rather than the 
mean, the median filter has two main advantages over the mean filter:

The median is a more robust average than the mean, and so a single •	
very unrepresentative pixel in a neighborhood will not affect the 
median value significantly.

Because the median value must actually be the value of one of the pixels •	
in the neighborhood, the median filter does not create new unrealistic 
pixel values when the filter straddles an edge. For this reason, the median 
filter is much better at preserving sharp edges than the mean filter.

Figure 6.3 shows the usage of the median filter.

 
(a) (b)

 
(c) (d)

fIgurE 6.3 Effects of median filtering. (a) Noisy image with Gaussian 
noise; (b) filtered image for (a); (c) noisy image with salt-and-pepper noise; 
(d) filtered image for (c).
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One of the major problems with the median filter is that it is relatively 
expensive and complex to compute. To find the median, it is necessary 
to sort all the values in the neighborhood in numerical order, and this is 
relatively slow, even with fast sorting algorithms such as quicksort.

6.2.4 gaussian smoothing

The Gaussian smoothing operator is a 2D convolution operator that is 
used to “blur” images and remove detail and noise. In this sense, it is simi-
lar to the mean filter, but it uses a different kernel that represents the shape 
of a Gaussian (“bell-shaped”) hump. The Gaussian distribution in 2D has 
the form:

 
h m n e

m m n n

( , ) .
( ) ( )

=
−

− + −{ }1
2 2

2
0

2
0

2

2

πσ
σ

 
(6.3)

This distribution is shown in Figure 6.1(c). The idea of Gaussian smooth-
ing is to use this 2D distribution as a point spread function, and this is 
achieved by convolving the kernel with the image under process. Because 
the image is stored as a collection of discrete pixels, we need to produce a 
discrete approximation to the Gaussian function before we can perform 
the convolution. In theory, the Gaussian distribution is nonzero every-
where, which would require an infinitely large convolution kernel, but 
in practice, it is effectively zero more than about three standard devia-
tions from the mean, and so we can truncate the kernel at this point. 
Figure 6.1(d) shows a suitable integer-valued convolution kernel that 
approximates a 2D Gaussian with a s of 1.0. Once a suitable kernel has 
been calculated, Gaussian smoothing can be performed using standard 
convolution methods.

The effect of Gaussian smoothing is to blur an image, in a similar 
fashion to the mean filter. The degree of smoothing is determined by the 
standard deviation of the Gaussian. Figure 6.4 shows an example of the 
application of Gaussian filtering.

6.2.5 conservative smoothing

This type of smoothing is conservative in terms of not modifying the pix-
els blindly. As such, there are two conditions to be tested before a replace-
ment is made. First, a neighborhood is selected around the pixel under 
study. Typically, an eight-neighbor region is selected (i.e., all eight pix-
els around the underlying pixel). The minimum and maximum values 
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spatial and frequency domain filter design  �  109

from this neighborhood are found, and the center pixel value is compared 
against these limiting values. If the value of the center pixel is above the 
maximum, it is set to the maximum value; if it is less than the minimum, 
it is set to the minimum value, else it is left as it is. Due to this selective 
replacement strategy, the chances of removing the outlier values, and 
consequently the speckle and salt-and-pepper noise, can be eliminated. 
Figure 6.5 shows this design strategy.

Figure 6.6 shows an example of the application of this filter. The effects 
can be fine-tuned by choosing a bigger neighborhood and experimenting 
with various signal-to-noise ratios as well as with different types of noise.

6.3 frEquEncy-BAsEd fILTEr dEsIgn
Frequency filters process an image in the frequency domain. The image is 
Fourier-transformed, multiplied by the filter function, and then retrans-
formed into the spatial domain. Attenuating high frequencies results in a 

 
(a) (b)

 
(c) (d)

fIgurE 6.4 Effects of Gaussian filtering. (a) Noisy image with Gaussian 
noise; (b) filtered image for (a); (c) noisy image with salt-and-pepper noise; 
(d) filtered image for (c).
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The maximum is 105, The minimum is 100

100 105 103

101 153 100

102 103 105

100 105 103

101 93 100

102 103 105

fIgurE 6.5 Conservative filter strategy.

 
(a) (b)

 
(c) (d)

fIgurE 6.6 Example of conservative filtering. (a) Noisy image with 
Gaussian noise, (b) filtered image, (c) noisy image with salt-and-pepper 
noise, (d) filtered image.
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smoother image in the spatial domain, whereas attenuating low frequen-
cies enhance the edges. This is based on the property of the Fourier trans-
form whereby convolution in the spatial domain becomes multiplication 
in the frequency domain, thus reducing the computation required for the 
filtering process by two thirds. The transformation and inverse transfor-
mations can be done as independent processes at the two ends of the pro-
cess block. The general idea is as follows:

 

G u v F u v H u v

g m n G u v

( , ) ( , ) ( , ),

( , ) ( , ),

=

⇔
ℑ

 
(6.4)

where g(m,n) is the resulting image, f(m,n) is the original image, and h(m,n) 
is the filter kernel in the spatial domain. Correspondingly, G(u,v), F(u,v), 
and H(u,v) are the frequency domain representations of the same. All fre-
quency filters can also be implemented in the spatial domain and, if there 
exists a simple kernel for the desired filter effect, it is computationally less 
expensive to perform the filtering in the spatial domain. Frequency filter-
ing is more appropriate if no straightforward kernel can be found in the 
spatial domain, and may also be more efficient.

In contrast to the frequency domain, it is possible to implement non-
linear filters in the spatial domain. In this case, the summations in the 
convolution function are replaced with some kind of nonlinear operator:

 G u v O F u v H u vu v( , ) [ ( , ) ( , )],,=  (6.5)

where Ou,v represents a nonlinear operation on the frequency space. The 
nonlinear function could be a specific shape filter, say Gaussian, or it may 
be some type of masking operation, or some algorithmic steps for iterative 
selection of values in an image.

The form of the filter function determines the effects of the operator. 
There are basically three different kinds of filters: low-pass, high-pass, 
and bandpass filters. A low-pass filter attenuates high frequencies and 
leaves low frequencies unchanged. The result in the spatial domain is 
equivalent to that of a smoothing filter as the blocked high frequencies 
correspond to sharp intensity changes, that is, to the fine-scale details 
and noise in the spatial domain image. A high-pass filter, on the other 
hand, yields edge enhancement or edge detection in the spatial domain, 
because edges contain many high frequencies. Areas of rather constant 
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112  �  digital Image Processing: An Algorithmic Approach with MATLAB®

gray level consist of mainly low frequencies and are therefore sup-
pressed. A bandpass filter attenuates very low and very high frequencies, 
but retains a middle range band of frequencies. Bandpass filtering can be 
used to enhance edges (suppressing low frequencies) while reducing the 
noise at the same time (attenuating high frequencies).

The most simple low-pass filter is the ideal low-pass filter. It suppresses 
all frequencies higher than the cutoff frequency f0 and leaves smaller fre-
quencies unchanged. Essentially, it is like a masking operation where a 
circle of all 1s is ANDed with the Fourier-transformed image. However, 
such a sharp cutoff causes the ringing effect when the image is reverse-
transformed into the spatial domain. A better approach is to use a gradual 
cutoff shape such as a Gaussian mask. Figure 6.7 shows these filter masks 
and their effects.

Figure 6.8 is a repetition of Figure 6.7 for a salt-and-pepper noise-
corrupted image.

The same principles apply to high-pass filters. We obtain a high-pass 
filter function by inverting the corresponding low-pass filter; for example, 
an ideal high-pass filter blocks all frequencies smaller than f0 and leaves 
the others unchanged.

Bandpass filters are a combination of both low-pass and high-pass fil-
ters. They attenuate all frequencies smaller than frequency f0 and higher 
than frequency f1, whereas the frequencies between the two cutoffs remain 
in the resulting output image. We obtain the filter function of a bandpass 
filter by multiplying the filter functions of a low-pass and of a high-pass filter 
in the frequency domain, where the cutoff frequency of the low-pass filter is 
higher than that of the high-pass filter.

6.4 ALgorIThMIc AccounT
The algorithmic descriptions of the various types of filters discussed ear-
lier are given in the following subsections, divided according to the generic 
algorithms and not the specific filter type.

6.4.1 spatial filtering (convolution Based)
In this type of filter design, a specific mask (or kernel) is needed. The nature 
of this mask will define the filtering type that will be applied to the image 
in the subsequent steps. Once this mask is initialized, the original image 
is first zero-padded or row-replicated to include additional rows and col-
umns at the edges. This is done in accordance with the size of the mask 
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(a) (b)

 
(c) (d)

 
(e) (f)

fIgurE 6.7 Filter masks and their effects. (a) Sharp cutoff circular mask; (b) 
Gaussian mask; (c) frequency domain representation of (a); (d) frequency 
domain representation of (b); (e) Gaussian-noise-corrupted image; (f) fre-
quency domain representation of (e); (g) filtered image using (a); (h) filtered 
image using (b).
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(g) (h)

fIgurE 6.7 (Continued)

 
(a) (b)

 
(c) (d)

fIgurE 6.8 Filter masks and their effects on a salt-and-pepper-noise-
corrupted image. (a) Corrupted image; (b) frequency domain representa-
tion of (a); (c) filtered image using sharp cutoff filter; (d) filtered image 
using a Gaussian filter.
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being used. If it is an odd order (say M × M), then there will be  M/2  
pixels sticking out of the image in the form of a row as well as a column. 
Hence, having the additional rows and columns added first helps in avoid-
ing numerical complications. Alternatively, the convolution process can 
be started with  M/2  pixels inside the image, leaving as many rows and 
columns on the boundary unprocessed. This is usually acceptable for a 
large enough image. After this preprocessing step, iterative convolution is 
performed according to Equation 6.2. The complete algorithm is shown 
in Figure 6.9.

6.4.2 spatial filtering (case Based)

This category covers the general algorithmic idea that within a predefined 
masking area (not the mask!), the neighborhood of the central pixel is 
evaluated for certain cases. For instance, the median filter will replace the 
central pixel by the median of the sorted pixel list within this masking 
area. Conservative masking would look for two thresholds, minimum and 

Start

Load
Image ( f )

Row-Column
Padding

Mask (h)
Initialization

Loop for All
Rows & Columns

Center Pixel = h      f (neighborhood)

Display
Images

End

fIgurE 6.9 Kernel-based spatial filtering algorithm.
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maximum values of the eight neighbors of the central pixel, and decide on 
the replacement criteria. These two case-based filters can be thought of as 
the algorithms shown in Figure 6.10.

6.4.3 frequency filtering

Frequency filtering works very similarly to the spatial filtering shown in 
Figure 6.9, except for the image transformation steps in the beginning and 
end of the algorithm and replacement of convolution with multiplication. 
This is shown in Figure 6.11.

6.5 MATLAB® codE
In this section, the MATLAB code used to generate the images in 
Figures 6.2, 6.3, 6.4, 6.6, 6.7, and 6.8 is presented. Except for Figures 6.7 
and 6.8, all other listed figures are covered in the following code:

close all
clear all

h1 = ones(3)/9 ;

Start

Load
Image (f )

Row-Column
Padding

Mask size
Initialization

Loop for All
Rows & Columns

Sort all pixels in the neighborhood
Central pixel = Median of the sorted list

Display
Images

End  

Start

Load
Image (f )

Row-Column
Padding

Mask size
Initialization

Loop for All
Rows & Columns

A = min(neighborhood), B = max(neighborhood)
Central pixel (cp)  =  A if cp < A

Display
Images

End

=  B if cp > B
else no change.

(a) (b)

fIgurE 6.10 Case-based spatial filtering. (a) Median filtering, (b) conser-
vative filtering.
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h2 = fspecial(‘gaussian’,5,5);
x=imread(‘sr71.jpg’);
x = rgb2gray(x) ;
figure ; imshow(x)

% Gaussian Noise
xng = imnoise(x,’gaussian’,0,0.1);
figure ; imshow(xng)
g1 = imfilter(xng,h1);
figure ; imshow(g1)
g2 = imfilter(xng,h2);
figure ; imshow(g2)
g3 = medfilt2(xng) ;
figure ; imshow(g3)
g4 = conserv(xng) ;
figure ; imshow(g4*0.003)

Start

Load
Image ( f )

Mask (h)
Initialization

H = FFT (h)
F = FFT ( f )

G = HF
(pixel-by-pixel
multiplication)

g = FFT–1(G)

Display
Images

End

fIgurE 6.11 Frequency filtering algorithm.
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% Salt & Pepper Noise
xns = imnoise(x,’salt & pepper’,0.1);
figure ; imshow(xns)
g5 = imfilter(xns,h1);
figure ; imshow(g5)
g6 = imfilter(xns,h2);
figure ; imshow(g6)
g7 = medfilt2(xns) ;
figure ; imshow(g7)
g8 = conserv(xng) ;
figure ; imshow(g8*0.003)

The function conserv does not exist in MATLAB and was coded as 
follows:

function y1 = conserv(xng)
[r,c] = size(xng) ;
x1 = zeros(r+2,c+2) ;
x1(2:r+1,2:c+1,:) = xng(:,:) ;
[r,c] = size(x1) ;
y1 = x1 ;

for i = 2 : r-1
 for j = 2 : c-1

 nh = [x1(i-1,j-1) x1(i-1,j) x1(i-1,j+1)
x1(i,j-1) x1(i,j+1) x1(i+1,j-1) x1(i+1,j)
x1(i+1,j+1)] ;

 cp = x1(i,j) ;
 mx = max(nh) ; mn = min(nh) ;
 if (cp > mx), cp = mx ;
 else if (cp < mn), cp = mn ;

   end
 end
 y1(i,j)= cp ;
 end
end
return

The following code is for Figures 6.7 and 6.8:

close all
clear all
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h1 = ones(3)/9 ;
h2 = fspecial(‘gaussian’,5,5);
H1 = fft2(h1, 1024,1024) ;
H2 = fft2(h2, 1024,1024) ;
figure ; mesh(fftshift(real(H1)))
figure ; mesh(fftshift(real(H2)))
figure ; imshow(fftshift(abs(H1))*20)
figure ; imshow(fftshift(abs(H2))*20)

x=imread(‘sr71.jpg’);
x = rgb2gray(x) ;
[r,c] = size(x) ;

% Gaussian Noise
xng = imnoise(x,’gaussian’,0,0.1);
figure ; imshow(xng)
XNG = fft2(xng,1024,1024) ;
figure ; imshow(fftshift(abs(XNG))*0.00001)
G1 = XNG .* H1 ;
g1 = ifft2(G1) ;
g1 = g1(1:r,2:c) ;
figure ; imshow(g1*0.004)
G2 = XNG .* H2 ;
g2 = ifft2(G2) ;
g2 = g2(1:r,2:c) ;
figure ; imshow(g2*0.004)

% Salt & Pepper Noise
xns = imnoise(x,’salt & pepper’,0.1);
figure ; imshow(xns)
XNS = fft2(xns,1024,1024) ;
figure ; imshow(fftshift(abs(XNS))*0.00001)
G3 = XNS .* H1 ;
g3 = ifft2(G3) ;
g3 = g3(1:r,2:c) ;
figure ; imshow(g3*0.004)
G4 = XNS .* H2 ;
g4 = ifft2(G4) ;
g4 = g4(1:r,2:c) ;
figure ; imshow(g4*0.004)
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6.6 suMMAry
Filtering is the operation of removing certain frequency components •	
from an image.

Image filters can work directly in the spatial domain as well as in the •	
frequency domain.

In the spatial domain, the filter can be thought of as a small M × N •	
matrix, called kernel or mask, that is convolved with the source image.

In such a convolution operation, a small neighborhood in the image •	
(proportional to the kernel) is operated on, and a new pixel value is 
obtained as the corresponding center pixel of the neighborhood.

For the case of boundaries, additional rows and columns are added •	
that are either replicas of the outer rows and columns or just zeros 
(zero padding).

The spatial filters can also be based on checking certain constraints •	
within the neighborhood, so that outlier values can be smoothed 
out. Conservative and median filtering are two such filters.

The images can also be processed in the frequency domain. Here, a •	
specific mask is needed to remove or allow certain areas of the fre-
quency spectrum.

Noise is usually the higher frequency aspect of the image and can be •	
removed by the low-pass filter mask, which is usually some type of 
circular and zero-centered mask.

However, removing the noise frequencies also removes with them •	
some useful high-frequency components such as edges in the image, 
thus producing a blurred image.

Careful selection of the mask and its application can achieve a •	
compromise solution in which noise removal and edge conserva-
tion are optimized.

6.7 ExErcIsEs
 1. Apply a high-pass filter to the image in Figure 6.7(e). Reduce the 

power of the Gaussian noise by a factor of 4, and repeat the high-
pass filtering for this less noisy image. Comment on the edge 
enhancement in the image in both cases. [Hint: Check the help 
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documentation of the fspecial() function in MATLAB for the 
design of high-pass filters]

 2. Apply a conservative filter to the image in Figure 6.6 by reducing the 
salt-and-pepper noise by a factor of 4. Then compare with the results 
in Figure 6.6.

 3. Take a heavily noisy image, for example, Figure 6.3(a). Apply the 
Gaussian spatial filter of size 7 × 7. Then apply the filter obtained in Q #1 
to the filtered image. Is this iterative procedure better than simple low-
pass filtering? Can the iterative procedure be continued further? If so, for 
typically how many more times before losing significant information?

 4. Referring to the procedure for Figure 6.8, perform the following 
experiment:

 a. Once the 1024 × 1024 frequency domain representation of the 
noisy image is obtained, use the mask shown in Figure EX6.1(a) 
as is to remove certain portions of the frequency domain image.

 b. Inverse-transform the resulting image to obtain the filtered spa-
tial domain representation of the filtered image.

 5. Repeat Q #4 for the mask shown in Figure EX6.1(b).

1024

10
24

 1024

10
24

(a) (b)

fIgurE Ex6.1
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7C h a p t e r  

Image Restoration and 
Blind Deconvolution

7.1 InTroducTIon

Image enhancement, in general, covers all aspects of improving 
image quality for visual purposes. This includes

 1. Noise removal

 2. Contrast stretching

 3. Histogram equalization

 4. Filtering

 5. Restoration through deconvolution

All convolution-related topics have been covered in earlier chapters except 
image restoration and the underlying mathematics of deconvolution; these 
will be discussed in this chapter.

Images are produced in order to record or display useful information. 
No image information is perfect because of inherent physical and tech-
nological limitations. With the ever-increasing demand for improvement 
in the quality of digital images, there is a need to correct errors caused by 
the imaging system. These errors have many causes, including the hard-
ware; insertion of additive or multiplicative noise by both human and 
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124  �  digital Image Processing: An Algorithmic Approach with MATLAB®

other sources; and blurring of the image by linear motion of the imaging 
equipment or misalignment, causing defocusing.

One of the most intriguing questions in image processing is the problem 
of recovering the desired or perfect image from a degraded version. The 
amount of lost information that can be recovered from the blurred version 
of an image depends on the extent of degradation. This sets a bound on the 
performance of the image restoration algorithm.

In order to solve the image restoration problem, mathematical models 
are required for real-world processes involved in image generation, for-
mation, and recording. It may be argued that the ultimate objective of a 
restoration scheme is the inverse manipulation of the degraded model into 
the original nondegraded model. If this task is performed based on certain 
statistical knowledge, known beforehand, about the degradation process, 
the medium, and the noise, the procedure is called a priori restoration. On 
the other hand, this information may not be available with a high degree 
of fidelity. In that case, blind restoration or blind deconvolution method-
ologies are adopted.

7.2 IMAgE rEPrEsEnTATIon
In order to understand the functioning of certain restoration techniques, 
the morphology of the target image and the degradation in it should be 
understood first. The general notation for digital images is to consider 
them as matrices represented in x and y coordinates. Thus, an image of 
interest f(m,n) is a matrix of m × n order that is the result of 2D sampling 
of the real image. However, the image model f(m,n) is not the observed 
image because of the distortion present in the imaging system. A general 
imaging system block diagram is shown in Figure 7.1.

Hence, the observed image g(m,n) is given by

 g(m,n) = f(m,n) ⊗ h(m,n) + h(m,n), (7.1)

g(m, n) =

f H

η(k)

Defect
Function

H (m, n, θ)

Σ

f H + η(m, n)
f(m, n)

θ represents the parameter vector
On which the blurring function depends.

fIgurE 7.1 Imaging system and its block diagram.
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where h(m,n) represents the degradation model, and ⊗ represents the 2D con-
volution operation. The additive term h(m,n) represents the noise added to 
the degraded image, further increasing the distortion of image. The blurring 
function in the main block is a function of the pixel coordinates m and n, and 
a parameter list q. This list depends on the type of representation used for the 
blurring function. For instance, for a Gaussian function, the parameter list 
only comprises two parameters, mean and variance, and so on. In some appli-
cations, noise can also be considered multiplicative, in which case the restora-
tion problem is more difficult than in the additive noise case. The function 
h(m,n) is also called the point spread function (PSF) in the image processing 
literature, and depends on the type of distortion or degradation.

The degradation h(m,n) can be convolved with the clean image because 
of several factors. Among them, the most prominent are hardware mis-
alignment, malfunction, human errors, and electronic noise. In nearly any 
practical situation, a device of finite spatial extent records an image. As a 
result, not all the data that is needed to model the real object is available.

Convolution in the Fourier domain is identical in result to that in the spatial 
domain, in which a kernel of values (a blur function) is applied to every pixel 
in the image. In Fourier space, this simply involves multiplying the transform 
of the blur function with the transform of the image, pixel by pixel. In many 
cases, it will be easier to construct the kernel as an image rather than as a set of 
numerical values. This is particularly true when the kernel is not symmetrical. 
Sometimes, the blur function can be measured directly by acquiring an image 
of a point (e.g., a star in astronomical images). Some examples of such convo-
lutions are shown applied to the car image in Figure 7.2.

This also implies that it is possible to remove blur from a blurred 
image by dividing by the transform of the blur, and this process is called 
deconvolution. It deconvolves the main image using the content of the 
image previously designated. Deconvolution is typically used to remove 
blur from an image due to out-of-focus optics or motion while capturing 
the image with a camera. There are other applications in which deconvo-
lution can be employed, to remove specific blurring function. In general, 
when deconvolving such  blurs, one image is the blurred image and a 
second image is used that contains information related to the PSF of the 
blur only. By using this second image in the same format as that of the 
blurred image, it facilitates the algorithmic procedures in terms of speed 
and memory requirements.

Figure 7.2 shows what it means to perform deconvolution. The car2.jpg 
image has first been convolved with two different types of blur or PSFs and 
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then recovered correspondingly through the inverse process of deconvo-
lution. The first example is a symmetrical blur as might be produced by 
out-of-focus optics, and the second is motion blur, which corresponds to a 
straight line (whose direction and distance must be known).

 (a)

 (b)

 (c)

 (d)

fIgurE 7.2 Example of deconvolution for two commonly occurring blur-
ring problems. (a) Motion-blurred image, (b) deconvolved image, (c) out-
of-focus blurred image, (d) deconvolved image.
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When the PSF can be measured from the image itself, for example, as 
the blurred image of a single star, a single fluorescent bead, or a single dust 
particle, it can be conveniently used for deconvolution. In other cases, it 
may be possible to estimate it from independent knowledge.

Frequency filters are also commonly used in image reconstruction. 
Here, the aim is to remove the effects of a nonideal imaging system by 
multiplying the image in the Fourier space with an appropriate function. 
The easiest method, called inverse filtering, is to divide the image in the 
Fourier space by the optical transfer function (OTF). We illustrate this 
deconvolution, using Figures 7.3 and 7.4.

7.3 dEconvoLuTIon
Deconvolution is the reverse (at least theoretically) of convolution. When 
the degradation due to blur is to be removed, the process is not as simple 
as filtering out the noise. Because the blurring of the image is essentially a 
convolution of the clean image with the PSF of the blur, the principal proce-
dure in any restoration scheme is finding out an inverse procedure to cancel 
out the effect of the blur PSF. This is also called deconvolution, or inverse 
filtering. Given the image model of Equation 7.1 without noise, then

 g h f G HF= ⊗ ⇔ =
ℑ

,  (7.2)

where G, H, and F are the Fourier transforms for g, h, and f, respectively. 
Therefore, by inverse filtering or a deconvolution operation, the original 
image can be retrieved as follows:

 F D G f h g= ⇔ = ℑ ⊗−
ℑ

− −1 1 1( ) ,  (7.3)

where ℑ−1  represents the inverse Fourier transform. This seemingly sim-
ple problem is not so simple in reality. In many practical cases, it is use-
less or even impossible to apply it as given by Equations 7.2 and 7.3. This 
is because the PSF is usually unknown and often zero over wide ranges. 
Hence, h−1 will be infinite in this case.

If additive noise is considered for the inverse filtering problem, then 
the end result will be similar to Equation 7.3 but with an additional term, 
h−1h. This means that even if H is nonzero, the noise will be amplified by a 
constant factor of h−1. In effect, the signal-to-noise ratio in this case is not 
improved but stays the same because noise and the degraded system are 
amplified by the same factor.
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128  �  digital Image Processing: An Algorithmic Approach with MATLAB®

There are three situations with respect to the blurring function and 
its know-how:

White box problem: When h is precisely known

Gray box problem: When partial information is available about h

Black box problem: When nothing is known about the blurring function

When the blurring function h(m,n) is not accurately known, it must be 
estimated prior to inverse filtering. Because the attempt is to deconvolve 
the degraded image g(m,n) without any prior knowledge of the cause that 
is producing the degradation, such a procedure is also called blind decon-
volution, as it is blind to the source of the degradation.

In MATLAB®, three main types of deconvolution algorithms have been 
implemented. This is by no means an exhaustive list, and newer methods 
keep popping up in the literature from time to time. The chief methods are

 1. Lucy–Richardson Method

 2. Wiener method

 3. Blind method

The algorithms related to these methods are presented in Section 7.4. 
Figure 7.3 shows the results of using the Lucy–Richardson, Wiener, and 
blind deconvolution methods on the car2.jpg image. Specifically, for blind 
deconvolution, two initial blurring functions were tested. The first is a 
random matrix of size 5 × 5, and the second is the same blurring function 
that caused the blurring in the first place.

The same example is repeated in Figure 7.4 for the motion blur case, 
with motion affecting a neighborhood of 15 pixels and at 45°.

In general, these algorithms either use a known (or somewhat known) 
blurring function or try to estimate one iteratively. Usually, they rely on 
second-order statics or H2 norms for their convergence. Optimal H2 filters 
(or Kalman filters) are suitable solutions to the filtering and estimation 
problem when the power spectral density of the noise is precisely known. 
In general least-squares estimation problems, one minimizes the integral 
of the power spectral density estimation error. This minimization of the 
average error power or error variance might result in a relatively large error 
power in some frequency range. In many practical situations, however, 
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Image restoration and Blind deconvolution  �  129

there is significant uncertainty in the power spectral density of the noise. 
An appropriate criterion, as argued by Zames, is the H∞ norm of the esti-
mation error spectrum. This H∞ problem based on the minimization of 
the magnitude of the estimation error spectrum rather than the average 
power leads to better filters compared to other solutions. The H∞ optimiza-
tion scheme leads to improved performance of the deconvolution process 
over existing least-squares or H2-based solutions, thus leading to enhanced 
defect impulse response and thereby improving the defect identification.

Given a linear time-invariant (LTI) system with input f(t), output g(t), 
and a transfer function H(s), the H∞ norm is expressed in time domain as
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(7.4)

 
(a) (b)

 
(c) (d)

 
(e) (f)

fIgurE 7.3 Results of deconvolution with out-of-focus blur. (a) original 
image, (b) blurred image, (c) deconvolved image with Lucy–Richardson 
method, (d) deconvolved image with Wiener method, (e) deconvolved 
image with blind method using random initial blurring function, (f) 
deconvolved image with blind method using the same initial blurring 
function.
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130  �  digital Image Processing: An Algorithmic Approach with MATLAB®

Therefore, the H∞ norm is interpreted as the maximum energy gain of the 
system for all finite energy signals. In the frequency domain, the H∞ norm 
is expressed as

 
|| || | ( )|,H H j∞= max

ω
ω

 
(7.5)

that is, it is the largest peak of the frequency response magnitude.
Once the input–output model is formulated in the form of a transfer 

function, it can be related to an autoregressive moving average (ARMA) 
process as follows:

 D(z−1)g(k) = N(z−1)f(k) + n(k), (7.6)

where g(k) is the output of the process, f(k) is the input to the process, n(k) 
is the driving noise, and

 D(z−1) = 1 + a1 z−1 + a2 z−2 … + anaz−na, (7.7)

 
(a) (b)

 
(c) (d)

 
(e) (f)

fIgurE 7.4 Results of deconvolution with motion blur. (a) Original image, 
(b) blurred image, (c) deconvolved image with Lucy–Richardson method, 
(d) deconvolved image with Wiener method, (e) deconvolved image with 
blind method using random initial blurring function, (f) deconvolved 
image with blind method using the same initial blurring function.
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 N(z−1) = b0 + b1 z−1 + … + bnb z−nb, (7.8)

where na and nb are the degrees of the polynomials D(z−1) and N(z−1), 
which are the denominator and numerator of the ARMA model, respec-
tively. The model (Equations 7.6–7.8) is now put in a more suitable form for 
application of an identification method.

 gk = Ψk
T q + nk   , (7.9)

where gk denotes the samples of the output,

 Ψk
T = [−g(k−1) −g(k−2) … −g(k−na) f(k) f(k−1) … f(k−nb)] (7.10)

and

 qT = [ a1 a2 … ana b0 b1 … bnb]. (7.11)

A linear parameter estimator E must be found to operate upon such that 
the unbiased estimate at i = k is denoted by

 θ̂k  = E(gi, fi, i ≤ k). (7.12)

The estimator E should be chosen for the worst possible nk (representing 
noise and modeling errors) that produces a best estimate of the original 
image in the following sense. Denote

 eg  = g−1 (q − θ̂ ). (7.13)

Hence, the following differential-game problem can be minimized for a 
value of g  that is as close as possible to the minimum possible value go:
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(7.14)

Figure 7.8 describes an algorithm for implementing this methodology.

7.4 ALgorIThMIc AccounT
There are several methods available in the literature to perform the deconvo-
lution operations on certain classes of distorted images. However, this sec-
tion deals with only those techniques that are part of MATLAB’s toolbox.
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7.4.1 Lucy–richardson Method

This method is a classical technique developed in the early to mid 1970s 
and was used extensively for restoring astronomical images. In this sta-
tistical technique, the same model is used as presented in Equation 7.1. 
However, additive noise from the model is ignored due to the preprocess-
ing step containing low-pass filtering. The algorithm utilizes a known 
blurring function and iterates with it until it converges. The algorithm is 
shown in Figure 7.5.

7.4.2 Wiener Method

This is a classical regularization algorithm that introduces additional 
information about the problem in order to obtain a well-behaved inverse. 
Basically, the procedure tries to make the convolution model Equation 7.1 a 
well-posed system, which can be described as one that is uniquely solvable 
and is such that the solution depends in a continuous way on the data. Also, if 

Start

Load
Image (g)

Initialize h, f

Loop t until

Loop (m, n)
Till M, N

f t+1 =  f t g

Display
Images

End

 h    f t

g
 h    f t

h

1

fIgurE 7.5 The Lucy–Richardson algorithm.
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the solution depends in a discontinuous way on the data, then small errors, 
whether rounding-off errors, measurement errors, or perturbations caused 
by noise, can create large deviations. The algorithm incorporates prior 
knowledge (or assumptions) about the statistical properties of the image, 
such as the following: intensity is always positive; image is the expected 
form of the signal; pixels are generated by point sources (also called CLEAN 
algorithm), signal smoothness, and most importantly, expected signal and 
noise power spectra. The algorithm is shown in Figure 7.6.

7.4.3 Blind deconvolution

The foregoing two methods usually rely on the known a priori informa-
tion related to the blurring function h. This can be a serious handicap in 
many industrial as well as scientific applications. Hence, for a black-box 
problem, the inverse approach is called blind deconvolution. Usually, a 
Kalman-type state estimator is used in the design. The idea is to initialize 

Start

Load
Image (g)

Initialize h, Pn, Pf

Loop t

Loop (m, n)
Till M, N

Pn
Pf

g t = h*
Display
Images

End

 h 2+

fIgurE 7.6 Algorithm for Wiener method of deconvolution.
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an iterative algorithm with a preselected structure (state-space or transfer 
function) with random or flat initialization. Using this assumed struc-
ture, a new image estimate is then obtained. A tuning parameter is then 
adjusted based on the error between this estimate and the actual image. 
Because nothing is known about the true image as well, some statistical 
assumptions are needed to decide on the correction. Usually, some form 
of covariance matrix is used to adjust the underlying model, and then the 
iterative procedure is continued until a suitable convergence is reached. 
The general algorithm is shown in Figure 7.7.

As discussed toward the end of Section 7.3, the H2 norm-based solu-
tion has certain statistical limitations, and H∞ can be a better approach. 

Start

Load
Image (g)

Initialize h, f

Loop t
Until error < γ

Loop (m, n)
Till M, N

Estimate g using h and f
Estimate error

Update using method-specific norm

Display
Images

End

fIgurE 7.7 General blind deconvolution algorithm.
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Figure 7.8 depicts one such algorithm, which was originally designed for 
1D signals but later on was modified extensively for 2D applications.

7.5 MATLAB codE
In this section, the MATLAB code used to generate the images in 
Figures 7.2, 7.3, and 7.4 is presented:

close all ; clear all
x=imread(‘car2.jpg’);

Start

Obtain
gk, fk K > 10? γk+1 = ξγk

Y

N

Initialize
δ, ξ, k, θ, P, G

Construct
Ψk

Compute eigen
values (λ) of Pk+1

Increase ξ

Mk = Pk
–1

Rk = Mk –
Mk Ψk Ψk

r Mk
Ψk Mk Ψk +1 

Pk +1 = Pk
Ψk Ψk

r–γ2l

Gk + 1 = Gk
+Ψk Ψk

T

+

θk +1 = θk Rk Ψk (gk–Ψk
rθk)

λ < 0?

Y

N

Set
γk+1 = ξγk

k = k + 1

Shift
gk, fk

Restore
Pk+1 = Pk
θk+1 = θk

γk+1 = ξ??
[{λ1((Po + G)/(k+1))}–0.5]

ˆ ˆ ˆ

ˆ ˆ

fIgurE 7.8 H∞ deconvolution algorithm.
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xg = rgb2gray(x) ;
figure ; imshow(xg)
[r,c] = size(xg) ;

% Out of Focus Blur
h1 = fspecial(‘disk’,5) ;
x1 = imfilter(xg,h1);
figure ; imshow(x1)
y1 = edgetaper(x1,h1) ;
y1a = deconvlucy(y1,h1) ;
y1b = deconvwnr(y1,h1) ;
y1c = deconvblind(y1,rand(5)) ;
y1d = deconvblind(y1,h1) ;
figure ; imshow(y1a)
figure ; imshow(y1b)
figure ; imshow(y1c)
figure ; imshow(y1d)

% Motion Blur
h2 = fspecial(‘motion’,15,45);
x2 = imfilter(xg,h2);
figure ; imshow(x2)
y2 = edgetaper(x2,h2) ;
y2a = deconvlucy(y2,h2) ;
y2b = deconvwnr(y2,h2) ;
y2c = deconvblind(y2,rand(5)) ;
y2c = deconvblind(y2,h2) ;
figure ; imshow(y2a)
figure ; imshow(y2b)
figure ; imshow(y2c)
figure ; imshow(y1d)

7.6 suMMAry
Image restoration refers to image improvement against deformations •	
such as blur.

The blurring process can be modeled as a mathematical convolution •	
operation between the true image and the blurring function.

If the blurring function is known, the problem is called a •	 white 
box problem.
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If the blurring function is partially known, the problem is called a •	
gray box problem.

If the blurring function is completely unknown, the problem is called •	
a black box problem.

The usual methods of deconvolution rely on the availability of the •	
information related to the blurring function.

These methods usually rely on the application of the inverse of the •	
Fourier transform of the blurring function to the Fourier transform 
of the blurred image.

Blind deconvolution is performed when there is a black box problem •	
in hand.

Here, usually an initial estimate of the true image as well as the •	
blurring function are picked up randomly and iteratively evolved 
to the blurred image, which then gives a better estimate of the blur-
ring function.

After this, the usual frequency domain deconvolution can be applied •	
to get the estimate of the true image.

Deconvolution is not a very simple process, and usually the visual •	
quality cannot match the true image. However, a lot of improvement 
can be obtained.

7.7 ExErcIsEs
 1. Regenerate the image in Figure 7.3(b), which is blurred owing to out-

of-focus blur. Then use the motion-blurring function as the initial 
blurring function with the following, and compare the results with 
Figures 7.3(c), (e), and (f):

 a. Lucy–Richardson method.

 b. Blind deconvolution

 2. Repeat Q #1 for Figure 7.4(b), using the out-of-focus blurring function.

 3. As the Wiener function is optimal with respect to Gaussian noise, 
can the same be said for the deconvolution process? Explain your 
answer by comparing the results of deconvolution using the Wiener 
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method on three images with out-of-focus, Gaussian, and motion 
blurs, respectively.

 4. An interesting method of removing out-of-focus blur could be 
repeated application of a low-pass filter and then a high-pass filter. 
Demonstrate the feasibility or otherwise of this technique. Also 
comment on a useful count for the number of iterations.

 5. Another variant of the procedure in Q #4 is to first iteratively apply 
high-pass filtering, and then use histogram equalization for inten-
sity distribution. Compare this procedure with the one in Q #4.
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8C h a p t e r  

Image Compression

8.1 InTroducTIon

Each pixel in an image is represented by a certain number of bits (as 
supported by the system). It is interesting to calculate how much mem-

ory is needed to store such an image. For example, consider the image sbj.
bmp, which is an RGB image of dimensions 340 × 470 and requires 468K 
bytes for its representation and storage in this form. This number is obtained 
through the calculation (340 × 470 × 3)/1024. Since most Windows systems 
consider the byte to be 8 bits long, each RGB triad requires 3 bytes for its 
representation. As such, the storage requirements for RGB images are three 
times those for grayscale images. However, the foregoing image requires 
only 12K bytes when it is stored as a JPEG image! This is the domain of 
image compression, in which the intent is to design algorithmic techniques 
that can reduce the storage requirements of the image and, at the same time, 
retain the image information content. There are several aspects of image 
properties that can be exploited in the process of compression. Distinctively, 
the interpixel information variation is only significant at edges of any type, 
whereas most of the image information content remains a slowly changing 
variable. Similarly, the fact that our eyes are less sensitive to color changes 
and are much more sensitive to intensity variations indicates that color space 
can be compromised more than grayscale intensity space. Representation of 
color space differently can also help in reducing the image size for storage. It 
should be noted that compression is realized only when the image is stored 
on the disk. Once it is loaded in memory, the image occupies all the required 
RAM locations according to the size and color requirements for the original 
BMP-type structure.
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Compressing an image is significantly different from compressing raw 
binary data. Of course, general-purpose compression programs can be 
used to compress images, but the result is less than optimal. This is because 
images have certain statistical properties that can be exploited by encoders 
specifically designed for them. Also, some of the finer details in the image 
can be sacrificed for the sake of saving a little more bandwidth or storage 
space. This also means that lossy compression techniques can be used in 
this area. Lossless compression deals with compressing data in such a way 
that an exact replica of the original data is obtained upon decompression. 
This is the case when binary data such as executables, documents, etc., are 
compressed. They need to be exactly reproduced when decompressed. On 
the other hand, images need not be reproduced exactly. An approxima-
tion of the original image is enough for most purposes, as long as the error 
between the original and the compressed image is tolerable.

In this chapter, we will take a close look at compressing grayscale 
images. The algorithms explained can be easily extended to color images, 
either by processing each of the color planes separately, or by transform-
ing the image from RGB representation to other convenient representa-
tions such as YUV or YCbCr in which processing is much easier.

8.2 IMAgE coMPrEssIon–dEcoMPrEssIon sTEPs
The usual steps involved in compressing an image are

 1. Specification: This implies specifying the rate (bits available) and 
distortion (tolerable error) parameters for the target image.

 2. Classification: This implies dividing the image data into various 
classes, based on their importance. Usually, some type of compres-
sion transform is utilized in this step to associate the important fea-
tures with the most important class of information to be kept in the 
process of compression.

 3. Bit allocation: This implies dividing the available bit budget among 
these classes such that the distortion is a minimum.

 4. Quantization: This refers to quantizing each class separately using 
the bit allocation information derived in step 3.

 5. Encoding: This corresponds to encoding each class separately using 
an entropy coder and write to the file.
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Most of the image compression techniques work on these steps. However, 
there are exceptions, as well those that are designed for specific applica-
tions. One example is the fractal image compression technique, where 
possible self-similarity within the image is identified and used to reduce 
the amount of data required to reproduce the image. Traditionally, these 
methods have been time consuming, but some latest methods promise to 
speed up the process.

Decompressing or reconstructing the image from the compressed data 
is usually a faster process than compression. The steps involved are

 1. Decoding: Read in the quantized data from the file, using an entropy 
decoder (reverse of step 5).

 2. Dequantizing: This refers to normalizing the quantized values 
(reverse of steps 4 and 3). This also includes any padding or addition 
of missing values due to the quantization process.

 3. Rebuilding: This involves the inverse transform or inverse classifica-
tion of the normalized data into image pixels, essentially rebuilding 
the image (reverse of step 2).

8.2.1 Error Metrics

The fundamental question of how compression techniques can be com-
pared is quantitatively answered by using two error metrics: the mean 
square error (MSE) and the peak signal-to-noise ratio (PSNR). The MSE 
is the cumulative squared error between the compressed and the original 
image, whereas the PSNR is a measure of the peak error. The mathemati-
cal formulae for the two are

 
MSE
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20 255
10log ,

 
(8.2)

where f(m,n) is the original image, g(m,n) is the approximated version 
(which is actually the decompressed image), and M,N are the dimensions 
of the images. A lower value for MSE means less error, and as is seen from 
the inverse relation between the MSE and PSNR, this translates to a high 
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value of PSNR. Logically, a higher value of PSNR is good because it means 
that the ratio of signal to noise is higher. Here, the signal is the original 
image, and the noise is the error in reconstruction.

8.3 cLAssIfyIng IMAgE dATA
In this step, usually the image is represented as a two-dimensional array 
of coefficients, where each coefficient represents the brightness level at that 
point. From a high-level perspective, one cannot differentiate between coef-
ficients as more important ones and lesser important ones. But it is intui-
tively possible to do so. Most natural images have smooth color variations, 
with the fine details being represented as sharp edges between the smooth 
variations. Technically, the smooth variations in color can be termed low-
frequency variations and the sharp variations, high-frequency variations.

The low-frequency components (smooth variations) constitute the base 
of an image, and the high-frequency components (the edges that give the 
detail) add upon them to refine the image, thereby giving a detailed image. 
Hence, the smooth variations require more importance than the details.

Separating the smooth variations and details of the image can be done 
in many ways. Two well-known image transforms used for this purpose 
are the discrete cosine transform (DCT) and the discrete wavelet trans-
form (DWT). The DCT is discussed in the next section, and the DWT was 
discussed in Chapter 5.

8.3.1 discrete cosine Transform

Another sinusoidal transform (i.e., transform with sinusoidal base functions) 
related to the DFT is the DCT. For an N × N image, the DCT is given by
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where f(m,n) is the original image in the spatial domain with indices m and 
n, F(p, q) is the transformed image with indices p and q, and the transforma-
tion coefficient multipliers are given by Y and x, which are defined as
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The main advantages of the DCT are that it yields a real-valued output 
image and that it is a fast transform. After performing a DCT, it is pos-
sible to throw away the coefficients that encode those frequency components 
that the human eye is not very sensitive to. Thus, the amount of data can be 
reduced, without seriously affecting the way an image looks to the human 
eye. The inverse transform for Equation 8.3 is given by
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  (8.6)

The definition of the coefficient multipliers remains the same as in 
Equations 8.4 and 8.5. Figure 8.1 shows the application of DCT and inverse 
DCT to the cameraman image.

8.4 BIT ALLocATIon
The first step in compressing an image is to segregate the image data into 
different classes. Depending on the importance of the data it contains, 
each class is allocated a portion of the total bit budget such that the com-
pressed image has the minimum possible distortion. This procedure is 
called bit allocation.

The rate-distortion theory is often used for solving the problem of allo-
cating bits to a set of classes, or for bit-rate control in general. The theory 
aims at reducing the distortion for a given target bit rate by optimally 
allocating bits to the various classes of data. One approach to solving the 
problem of optimal bit allocation is through using the rate-distortion the-
ory explained as follows:

 1. Initially, all classes are allocated a predefined maximum number 
of bits.

 2. For each class, one bit is reduced from its quota of allocated bits, and 
the distortion due to the reduction of that one bit is calculated.
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144  �  digital Image Processing: An Algorithmic Approach with MATLAB®

 3. Of all the classes, the class with minimum distortion for a reduction 
of one bit is noted, and one bit is reduced from its quota of bits.

 4. The total distortion for all classes D is calculated.

 5. The total rate for all the classes is calculated as R = P(i) × B(i), where 
P is the probability and B is the bit allocation for each class.

 6. Compare the target rate and distortion specifications with the values 
obtained in steps 4 and 5. If not optimal, go to step 2.

 
(a) (b)

(c)

fIgurE 8.1 Application of the discrete cosine transform (DCT) and 
inverse DCT. (a) Original image, (b) DCT of the whole image, (c) recov-
ered image using inverse DCT.
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Image compression  �  145

In this approach, we keep reducing one bit at a time until we achieve 
optimality either in distortion or target rate, or both. An alternate 
approach is to initially start with zero bits allocated for all classes, and 
then to find the class that is most “benefited” by getting an additional 
bit. The benefit for a class is defined as the decrease in distortion for that 
class. Typically, it is defined by a decreasing parabolic curve, as shown 
in Figure 8.2.

As shown earlier, the benefit of a bit is a decreasing function of the 
number of bits allocated previously to the same class. Both approaches 
mentioned earlier can be used for the bit allocation problem.

Consider the same image as in Figure 8.1(a); this time we do not trans-
form the image as a whole. Rather, the image is divided up into smaller 
blocks of a predefined size, and the DCT is calculated for each block inde-
pendently. Each DCT block is then reverse-transformed to obtain the 
original image. This is shown in Figure 8.3.

8.5 quAnTIzATIon
Quantization refers to the process of approximating the continuous set of 
values in the image data with a finite (preferably a much smaller) set of val-
ues. The input to a quantizer is the original data, and the output is always 
one among a finite number of levels. The quantizer is a function whose 
output values are discrete, and usually finite. Obviously, this is a process 

D0

D1

D
ist

ot
io

n

D2

D3D4
D5

1 2 3 4
Bits Allocated

5 6

B0

B1

B2

fIgurE 8.2 “Benefit” of a bit is the decrease in distortion due to receiving 
that bit.
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146  �  digital Image Processing: An Algorithmic Approach with MATLAB®

of approximation, and a good quantizer is one that represents the original 
signal with minimum loss or distortion.

There are two types of quantization, scalar quantization and vector 
quantization. In scalar quantization, each input symbol is treated sepa-
rately in producing the output, whereas in vector quantization, the input 
symbols are clubbed together in groups called vectors, and processed to 
give the output. This clubbing of data and treating them as a single unit 
increases the optimality of the vector quantizer, but at the cost of increased 
computational complexity.

Repeating the procedure depicted in Figure 8.3 with a bit of quantization 
can reveal more interesting facts about the compression involved. Actually, 
so far the DCT has produced another image of the same size! Note from 
Figure 8.1(b) as well as from segments in Figure 8.3(a) that the DCT has 
most of its significant coefficients clustered toward the top-left corner of the 
matrix. For example, Figure 8.4 shows some of these matrix blocks from 
Figure 8.3(a).

Assume that 4 out of 8 rows and columns in each block are now made 
zero. This would be a severe compression and may be avoided by using 
less depth or by using numbers closer to the values in these rows and 
columns rather than zeros. The resulting counterparts of the matrices 
in Figure 8.4 are shown in Figure 8.5. The interesting feature that can 
be noticed is that because half of the block is made up of all zeros, they 
become redundant. This implies that we need not store or transmit these 

 
(a) (b)

fIgurE 8.3 The DCT applied to blocks of image. (a) Application of DCT 
on isolated blocks, (b) recovered image.
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 (a)

 (b)

 (c)

 (d)

fIgurE 8.4 8 × 8 matrix blocks from four different places in the image 
of Figure 8.3(a). White cells show the highest value in the block, and 
the top row and leftmost column show the column and row numbers, 
respectively.
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148  �  digital Image Processing: An Algorithmic Approach with MATLAB®

at all. Hence, the actual image size is now reduced to half the size, that is, 
from 256 × 256 to 128 × 128.

The resulting image is shown in Figure 8.6(a), and its inverse DCT 
is shown in Figure 8.6(b). It can be seen that the effect of this data loss 

 (a)

 (b)

 (c)

 (d)

fIgurE 8.5 8 × 8 matrix blocks from Figure 8.4 with four bottom rows 
and four right columns forced to zero values.
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Image compression  �  149

appears as some blurred edges and loss of details. This is expected from a 
lossy compression methodology such as the one presented here.

8.6 EnTroPy codIng
After the data has been quantized into a finite set of values, it can be 
encoded using an entropy coder to give additional compression. By 
entropy, we mean the amount of information present in the data, and an 
entropy coder encodes the given set of symbols with the minimum num-
ber of bits required to represent them. Two of the most popular entropy 
coding schemes are Huffman coding and arithmetic coding. These tech-
niques allocate variable-length codes for specific symbols (coefficient val-
ues in our case) in a set of values to be encoded. This saves even more space 
in terms of storage, thus adding to the compression.

8.7 JPEg coMPrEssIon
Technically speaking, JPEG is not a file format at all; it is a compression 
method that is used in file formats such as TIFF and BMP, and the filename 
extension is .jpg or .jpeg. JPEG (pronounced “jay-peg”) gets its name from 
the committee that designed it, the Joint Photographic Experts Group. The 
key phrase here is photographic experts; this group was formed especially 
to design a better means of storing photographic and other photorealistic 
images. True color (24-bit color) was almost a given, so they concentrated 
on coming up with a good compression methodology. JPEG uses 24-bit 

 
(a) (b)

fIgurE 8.6 DCT blocks of Figure 8.3(a) with half of the blocks forced to 
zero, (b) resulting image from inverse DCT on each of these blocks.
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color for RGB images. You can also save standard grayscale images (8 bits 
per pixel), extended grayscale images (12 bits per pixel), and CMYK images 
for four-color printers (32-bit color). The advantage of JPEG over GIF and 
most other methods is this: It provides true color while compressing image 
files more than the lossless compression methods. The disadvantage is, of 
course, that it must use a lossy compression method to do that, so some 
image data is lost, but not as much as when you reduce a photorealistic 
image to 256 colors.

8.7.1 JPEg’s Algorithm

The JPEG method is based on the fact that humans are much more aware 
of small changes in brightness (luminance) than to small changes in color 
or large changes in color or brightness. So most JPEG generators start by 
converting the color data from RGB to a system that identifies the bright-
ness of each pixel. One such system is known as HSL (Hue-Saturation-
Luminance). A few other systems also can be used with JPEG such as HSV 
(Hue-Saturation-Value) and YCbCr, where Y is the luminance scale and Cb 
and Cr are color scales. Once the conversion is made, the first data reduc-
tion takes place in a process called subsampling. The brightness scale is 
left alone, while half of the other two scales are eliminated by replacing 
two neighboring pixels with a single value representing their average. This 
reduces the entire image to two-thirds of its original size with no notice-
able loss in quality, because the most important information—the bright-
ness of each pixel—is still intact.

Some programs average the color scales both vertically and horizon-
tally, thus eliminating three-fourths of the values and reducing the entire 
image to one-half its original size.

The next steps work on 8-by-8 blocks in the image. In a series of DCT 
and quantization steps, the changes in brightness and color within each 
block are identified and rounded off. The amount of rounding increases 
with the size of the change, thus giving more weight to the smaller changes. 
For example, a change of 3 might be rounded up to 5, whereas a change of 
75 might be rounded up to 100.

The result of the previous steps is to produce a set of values that still 
describes the image data, although not as accurately as before, and that 
contains many identical values because of the rounding process. All those 
identical values can now be greatly compressed via a standard, legally 
unencumbered lossless compression technique.
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Because JPEG trades accuracy for compression, the more the file is com-
pressed, the more quality is lost. Three factors affect the quality of the JPEG 
image:

The amount of data removed during subsampling (one-third or one- •	
half of the file).

How aggressively the data is rounded during quantization.•	

The accuracy of the JPEG viewer in reversing the compression pro-•	
cess while expanding the image for display. There are a lot of calcula-
tions involved, and some viewers trade accuracy for speed.

8.8 ALgorIThMIc AccounT
The basic DCT and inverse DCT operations can be performed on images 
in any programming environment. The main logic used in these cases is 
shown as flow charts in Figures 8.7 and 8.8.

Start

Load
Image (f )

Initialize
Quantization Depths,

M, N, Ψ, ξ

Loop (m, n)
With inc. 8

Quantize (with quantizing depths)
Encode (Huffman)

Save
File

End

F(p, q) = 1
4 Ψ(p)ξ(q) ∑ ∑  f (m, n) cos (2m + 1)pπ

2N
(2n + 1)qπ

2N
N–1 N–1

m=0 n=1
cos

fIgurE 8.7 Algorithm for the application of DCT on an image.
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8.9 MATLAB® codE
In this section, the MATLAB code used to generate the images in 
Figures 8.1, 8.3, and 8.6 is provided. Figures 8.4 and 8.5 were also obtained 
from the Array editor feature of MATLAB for the variables DF and IDF.

close all
clear all
x=imread(‘cameraman.tif’);
imshow(x)
F=dct2(x);
figure
imshow(F*0.01)
ff = idct2(F) ;
figure
imshow(ff*0.004)
[r,c] = size(x) ;

Start

Load
Image File (F)

Initialize
Quantization Depths,

M, N, Ψ, ξ

Loop (m, n)
With inc. 8

Zero/interpolation Padding for filling up 8 × 8 blocks,
Decode (Huffman)

Display
Images

End

f (m, n) = 1
4  ∑ ∑  Ψ(p)ξ(q)F(p, q) cos (2m + 1)pπ

2N
(2n + 1)qπ

2N
N–1 N–1

p=0 q=1
cos

fIgurE 8.8 Algorithm for the application of inverse DCT on an image.
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DF = zeros(r,c) ;
DFF = DF ;
IDF = DF ;
IDFF = DF ;
depth = 4 ;
N = 8 ;

for i = 1 : N : r
 for j = 1 : N : c

 f = x(i:i+N-1,j:j+N-1) ;
 df = dct2(f) ;
 DF(i:i+N-1,j:j+N-1) = df ;
 dff = idct2(df) ;
 DFF(i:i+N-1,j:j+N-1) = dff ;

 df(N:-1:depth+1,:) = 0 ;
 df(:,N:-1:depth+1) = 0 ;
 IDF(i:i+N-1,j:j+N-1) = df ;
 dff = idct2(df) ;
 IDFF(i:i+N-1,j:j+N-1) = dff ;

 end
end

figure
imshow(DF)
figure
imshow(DFF*0.005)

figure
imshow(IDF)
figure
imshow(IDFF*0.004)

8.10 suMMAry
Image compression refers to the technique in which image pixel •	
values are mapped into a data space from where they can be stored 
using a more compact structure.

The first level of mapping usually comprises some type of transfor-•	
mation from pixel domain to coefficient domain of some type.

These coefficients are then quantized in magnitude as well as in •	
terms of their locations.
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Some form of variable-length coding technique is then used to •	
encode the final coefficients.

For decompression, the reverse procedure is utilized.•	

The most commonly used transforms are the discrete wavelet trans-•	
form and discrete cosine transform.

The most commonly used coding techniques are Huffman coding •	
and arithmetic coding.

The JPEG compression standard utilizes all of the aforemen-•	
tioned techniques.

If information is heavily lost in the quantization step, the decom-•	
pression will not produce the original image, and the compression is 
termed lossy compression.

8.11 ExErcIsEs
 1. Repeat the exercise done on the cameraman image using blocks of 

size 16 and 32 with depths of 8 and 16, respectively. This will essen-
tially give the same compression ratio. Comment on the differences 
from the block size 8 method in terms of quality of decompressed 
image and time of calculation.

 2. Use an RGB image and apply the DCT-based compression routine as 
given in Section 8.9 on each layer; note down the compression as well 
as the quality difference for the decompressed image.

 3. Convert the image in Q #2 to grayscale first, and then apply DCT-
based compression and decompression. Compare the results of Q #2 
and Q #3 in terms of whether RGB-based compression is less efficient 
than grayscale-based compression.

 4. Convert the image in Q #2 to YCbCr format. Apply block size 16 with 
DCT compression on the Y component with depth of 4, and for the 
remaining component, apply a depth of 12. Then decompress it to 
a normal color image and compare the color quality of the image 
before and after the application of the algorithm.

 5. Can the procedure in Q #4 be applied to an indexed image? If so, which 
part of the image should be compressed using 8-DCT: the main indexed 
image or the map?
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9C h a p t e r  

Edge Detection

9.1 InTroducTIon

The biggest group of processing operators exists for a class of images 
called the binary image. This is especially true for machine vision 

applications, where most of the color- and texture-related information is 
not of much use. In these applications, only certain areas of interest are 
isolated to be processed for further stages of processing. However, conver-
sion to binary images is one of the essential preprocessing steps needed 
in machine vision processing. As discussed in Chapter 2, Section 2.5, a 
grayscale image can be converted to a binary image by thresholding the 
grayscale levels into two levels only: black and white. The next important 
information to be extracted from a grayscale image is related to the edges 
present in the image.

An edge can be defined as “a sudden change of intensity in an image.” In 
binary images, an edge corresponds to a sudden change in intensity level 
to 1 from 0, and vice versa. This, essentially, represents high-frequency 
components in the image and, thus, extracting them would involve some 
procedure to extract high frequencies from the image. Hence, edge detec-
tion is fundamentally a high-pass operation with thresholding added to it. 
This implies that once high-frequency components (i.e., edges) are found, 
they are thresholded to logic 1 in the image while all other pixels are set to 
zero. Too many edges represent a “rough” image, while too few would cor-
respond to a relatively “smoother” image. The following sections discuss 
some of the common techniques used for edge detection.
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9.2 ThE soBEL oPErATor
The Sobel operator performs a 2D spatial gradient measurement on an 
image and emphasizes regions of high spatial frequency that correspond 
to edges. Typically, it is used to find the approximate absolute gradient 
magnitude at each point in an input grayscale image. The operator con-
sists of a pair of 3 × 3 convolution kernels, as shown in Figure 9.1. One 
kernel is simply the other rotated by 90°. Assuming an image segment of 
the same dimensions as that of the Sobel kernel (as shown in Figure 9.1), 
the result of convolution will be

 | | |( ) ( )| |( )G f f f f f f f f f= + + − + + + + + −1 2 3 7 8 9 1 4 72 2 2 (( )|f f f3 6 92+ +  (9.1)

These kernels are designed to respond maximally to edges running verti-
cally and horizontally relative to the pixel grid, one kernel for each of the 
two perpendicular orientations. The kernels can be applied separately 
to the input image to produce separate measurements of the gradient 
component in each orientation (call these Gx and Gy). These can then 
be combined together to find the absolute magnitude of the gradient at 
each point and the orientation of that gradient. The gradient magnitude 
is given by

 
| | .G G Gx y= +2 2

 (9.2)

Typically, an approximate magnitude is computed for faster calcula-
tions using

 | | | | | | .G G Gx y= +  (9.3)

+1 +2 +1

–1 –2 –1

0 0 0

–1 0 +1

–1 0 +1

–2 0 +2

f1 f2 f3

f4 f5 f6

f7

Gx Gy

f8 f9

fIgurE 9.1 Sobel convolution kernels, Gx (left) and Gy (middle), and image 
segment (right) to be operated on with Equation 9.1.
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The angle of orientation of the edge (relative to the pixel grid) giving rise 
to the spatial gradient is given by

 
θ =









−tan .1

G
G

y

x  
(9.4)

In this case, orientation 0 is taken to mean that the direction of maximum 
contrast from black to white runs from left to right on the image, and 

 
(a) (b)

 
(c) (d)

fIgurE 9.2 Application of the Sobel operator. (a) Original RGB image, 
(b) grayscale image, (c) Gx, (d) Gy, (e) image using Equation 9.2, (f) image 
using Equation 9.3, (g) MATLAB’s Sobel operator with threshold 0.1, (h) 
MATLAB’s Sobel operator with threshold 0.05.

C7950.indb   157 9/17/09   5:06:42 PM

co
nt

ro
len

gin
ee

rs
.ir
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other angles are measured counterclockwise from this. Figure 9.2 shows 
how MATLAB• functions are used to implement the Sobel operators. The 
components Gx and Gy are also displayed separately, as well as the results for 
Equations 9.2 and 9.3. Usually, the MATLAB functions perform some type 
of morphological postprocessing that renders the edges in the image more 
distinct and sharper than with just using the aforementioned equations.

9.3 ThE PrEWITT oPErATor
This works in a very similar way to the Sobel operator but uses slightly dif-
ferent kernels, as shown in Figure 9.3. This kernel produces similar results 
to the Sobel, but is not as isotropic in its response.

 
(e) (f)

 
(g) (h)

fIgurE 9.2 (continued)
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+1 +1 +1

–1 –1 –1

0 0 0

–1 0 +1

–1 0 +1

–1 0 +1

Gx Gy

fIgurE 9.3 Prewitt operator kernels.

 
(a) (b)

 
(c) (d)

fIgurE 9.4 Application of Prewitt operator. (a) Gx, (b) Gy, (c) image using 
Equation 9.2, (d) image using Equation 9.3, (e) MATLAB’s Prewitt operator 
with threshold 0.1, (f) MATLAB’s Prewitt operator with threshold 0.05.

C7950.indb   159 9/17/09   5:06:45 PM

co
nt

ro
len

gin
ee

rs
.ir



160  �  digital Image Processing: An Algorithmic Approach with MATLAB®

Figure 9.4 shows the application of MATLAB functions for implement-
ing the Prewitt operators.

9.4 ThE cAnny oPErATor
The Canny operator was designed to be an optimal edge detector satisfy-
ing particular criteria. It takes as input a grayscale image, and produces as 
output an image showing the positions of tracked intensity discontinuities. 
The operator works in a multistage process. First, the image is smoothed 
by Gaussian convolution. Then a simple 2D first derivative operator is 
applied to the smoothed image to highlight regions of the image with high 
first-spatial derivatives. Edges give rise to ridges in the gradient magni-
tude image. The algorithm then tracks along the top of these ridges and 
sets to zero all pixels that are not actually on the ridge top so as to give a 
thin line in the output, a process known as nonmaximal suppression. The 
tracking process exhibits hysteresis controlled by two thresholds: T1 and 
T2, with T1 > T2. Tracking can only begin at a point on a ridge higher than 
T1. Tracking then continues in both directions out from that point until 
the height of the ridge falls below T2. This hysteresis helps to ensure that 
noisy edges are not broken up into multiple edge fragments.

Increasing the width of the Gaussian kernel reduces the detector’s sensi-
tivity to noise at the expense of losing some of the finer detail in the image. 
The localization error in the detected edges also increases slightly as the 
Gaussian width is increased. Usually, the upper tracking threshold can be 
set quite high, and the lower threshold quite low for good results. Setting 

 
(e) (f)

fIgurE 9.4 (continued)
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the lower threshold too high will cause noisy edges to break up. Setting the 
upper threshold too low increases the number of spurious and undesirable 
edge fragments appearing in the output. Figure 9.5 shows the application of 
the Canny operator. As can be seen, the edges obtained by the Canny opera-
tor are much more smooth and clear and hence more tolerant to noise. On 
the other hand, it takes a lot longer to calculate Canny edges than the usual 
convolutional edges. For the images shown, the Canny operator takes 3.3 
times longer to calculate the edges than the Sobel operator.

9.5  ThE coMPAss oPErATor (EdgE 
TEMPLATE MATchIng)

This operator usually outputs two images, one estimating the local edge 
gradient magnitude and the other estimating the edge orientation of the 
input image. The source image is convolved with a set of convolution ker-
nels, each of which is sensitive to edges in a different orientation. For each 
pixel, the local edge gradient magnitude is estimated with the maximum 
response of all of these kernels at this pixel location:

 | | max(| |; ),G G i to ni= =1  (9.5)

where Gi is the response of the kernel i at the particular pixel position and n 
is the total number of convolution kernels. The local edge orientation is esti-
mated with the orientation of the kernel that yields the maximum response.

 
(a) (b)

fIgurE 9.5 Edge detection results with Canny operator. (a) With a thresh-
old of 0.2, (b) with a threshold of 0.1.
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Various kernels can be used for this operation. The whole set of n ker-
nels is produced by taking one of the main standard kernels and rotating 
its coefficients circularly. Each of the resulting kernels is sensitive to an 
edge orientation ranging from 0° to 360° − ∆ in steps of ∆, where 0° cor-
responds to a vertical edge, and so on.

The compass edge detector is an appropriate way to estimate both the 
magnitude and orientation of an edge. Although differential gradient 
edge detection needs a rather time-consuming calculation to estimate the 
orientation from the magnitudes in the x- and y-directions, the compass 
edge detection obtains the orientation directly from the kernel with the 
maximum response. On the other hand, the compass operator needs n 
convolutions for each pixel, whereas the gradient operator needs only 2. 
As an example, the Sobel operator has been shown in Figure 9.6 with eight 
different orientations to cover various directional edges, while Figure 9.7 
shows some of the commonly used kernels.

0–1–2

+2+10

+10–1

+10–1

+10–1

+20–2

0+1

225°

+2

–2–10

–10+1

–10

180°

45°0°

+1

–10+1

–20+2

–2–10

+0+1+2

–10+1

–1–2–1

+1+2+1

000

+2–1

315°

0

0–1–2

+10–1

+1+2

270°

135°90°

+1

–1–2–1

000

fIgurE 9.6 Sobel edge detection kernel with eight different orientations 
to be used with the compass edge detector.

–3 –3 5

–3 –3 5

–3 0 5

–1 0 +1

–1 0 +1

–2 0 +2

Sobel Kirsch

–1 0 +1

–1 0 +1

–1 0 +1

Robinson

fIgurE 9.7 Some examples of the most common compass edge-detecting 
kernels.
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Figure 9.8 shows the application of this operator to the image of 
Figure 9.1(b).

9.6 ThE zEro-crossIng dETEcTor
The zero-crossing detector looks for places in the Laplacian of an image 
where the value of the Laplacian passes through zero, that is, points 
where the Laplacian changes sign. Such points often occur at edges in 
images. It is best to think of the zero-crossing detector as some sort of 
feature detector rather than as a specific edge detector.

The starting point for the zero-crossing detector is an image that 
has been filtered using the Laplacian of Gaussian (LoG) filter. The zero 
crossings that result are strongly influenced by the size of the Gaussian 
used for the smoothing stage of this operator. As the smoothing is 
increased, fewer and fewer zero-crossing contours will be found, and 
those that do remain will correspond to features of larger and larger 
scale in the image.

However, zero crossings also occur at any place where the image inten-
sity gradient starts increasing or decreasing, and this may happen at places 
that are not obviously edges. Often, zero crossings are found in regions 
of very low gradient where the intensity gradient wobbles up and down 
around zero.

 
(a) (b)

fIgurE 9.8 Application of edge template matching. (a) Maximal image, 
(b) thresholded edges.
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164  �  digital Image Processing: An Algorithmic Approach with MATLAB®

Once the image has been LoG-filtered, it only remains to detect the 
zero crossings. This can be done in several ways. The simplest is to thresh-
old the LoG output at zero, to produce a binary image where the boundar-
ies between foreground and background regions represent the locations 
of zero-crossing points. These boundaries can then be easily detected and 
marked in single pass using some morphological operator.

The Laplacian is a 2D isotropic measure of the second spatial derivative 
of an image. The Laplacian of an image highlights regions of rapid inten-
sity change and is therefore often used for edge detection. The Laplacian 
L(x,y) of an image with pixel intensity values I(x,y) is given by

 
L x y I

x
I

y
( , ) .= ∂

∂
+ ∂

∂

2

2

2

2
 

(9.6)

This can be calculated using a convolution filter.
The 2D LoG function centered on zero and with Gaussian standard 

deviation s has the form:
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(9.7)

The true shape of the LoG kernel is shown in Figure 9.9.
In fact, because the convolution operation is associative, we can con-

volve the Gaussian smoothing filter with the Laplacian filter first, and then 
convolve this hybrid filter with the image to achieve the required result. 
Doing things this way has two advantages:

As both the Gaussian and Laplacian kernels are usually much •	
smaller than the image, this method usually requires far fewer 
arithmetic operations.

The LoG kernel can be calculated in advance, so only one convolu-•	
tion needs to be performed at run time on the image.

The LoG operator calculates the second spatial derivative of an image. 
This means that in areas where the image has a constant intensity (i.e., 
where the intensity gradient is zero), the LoG response will be zero. In the 
vicinity of a change in intensity, however, the LoG response will be posi-
tive on the darker side, and negative on the lighter side. This means that 
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Edge detection  �  165

at a reasonably sharp edge between two regions of uniform but different 
intensities, the LoG response will be as follows:

Zero at a long distance from the edge•	

Positive just to one side of the edge•	

Negative just to the other side of the edge•	

Zero at some point in between, on the edge itself•	

The problem with this technique is that it will tend to bias the location of 
the zero-crossing edge to either the light side of the edge, or the dark side 
of the edge, depending on whether it is decided to look for the edges of 
foreground regions or for the edges of background regions.

A better technique is to consider points on both sides of the threshold 
boundary, and choose the one with the lowest absolute magnitude of the 
Laplacian, which will hopefully be closest to the zero crossing.

Because the zero crossings generally fall between two pixels in the LoG-
filtered image, an alternative output representation is an image grid that 
is spatially shifted half a pixel across and half a pixel down, relative to the 
original image. Such a representation is known as a dual lattice. This does 
not actually localize the zero crossing any more accurately, of course.

1008060402000
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40
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80
100
–3.5

–2.5
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fIgurE 9.9 The 3D realization of the LoG operator.
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A more accurate approach is to perform some kind of interpolation to 
estimate the position of the zero crossing to subpixel precision.

All edges detected by the zero-crossing detector are in the form of closed 
curves in the same way that contour lines on a map are always closed. The 
only exception to this is where the curve goes off the edge of the image.

Because the LoG filter is calculating a second derivative of the image, 
it is quite susceptible to noise, particularly if the standard deviation of 
the smoothing Gaussian is small. Thus, it is common to see lots of spuri-
ous edges detected away from any obvious edges. One solution to this is 
to increase the smoothing of the Gaussian to preserve only strong edges. 
Another is to look at the gradient of the LoG at the zero crossing (i.e., the 
third derivative of the original image) and only keep zero crossings where 
this is above a certain threshold. This will tend to retain only the stronger 
edges, but it is sensitive to noise, because the third derivative will greatly 
amplify any high-frequency noise in the image. Figure 9.10 shows the 
implementation of zero-crossing and LoG operators for edge detection.

9.7 LInE dETEcTIon
Although edges are by far the most common type of discontinuity in an 
image, instances of thin lines in an image occur frequently enough that it 
is useful to have a separate mechanism for detecting them. Note that the 

 
(a) (b)

fIgurE 9.10 Implementation of zero-crossing and LoG operators for edge 
detection. (a) Zero-crossing operator with LoG filter, (b) LoG operator 
alone as applied to the test image.
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Hough transform can also be used to detect lines; however, in that case, 
the output is a parametric description of the lines in an image that would 
need more processing to be finally converted to the lines. Similar to the 
edge detection operator, the line detection operator consists of a convolu-
tion kernel tuned to detect the presence of lines of a particular width n, 
at a particular orientation q. Figure 9.11 shows a collection of four such 
kernels, which respond to lines of single pixel width at the particular ori-
entation shown.

These masks are tuned for light lines against a dark background, and 
would give a big negative response to dark lines against a light background. 
If one is only interested in detecting dark lines against a light background, 
then one should negate the mask values or the source image before apply-
ing these kernels.

9.8 ThE unshArP fILTEr
The unsharp filter is a simple sharpening operator that derives its name 
from the fact that it enhances edges (and other high-frequency compo-
nents in an image) via a procedure that subtracts an unsharp, or smoothed, 
version of an image from the original image. The unsharp filtering tech-
nique is commonly used in the photographic and printing industries for 
crispening edges.

–1 –1 –1

–1 –1 –1

2 2 2

–1 2 –1

–1 2 –1

–1 2 –1

Vertical Horizontal

2 –1 –1

–1 –1 2

–1 2 –1

+45°

–1 –1 2

2 –1 –1

–1 2 –1

–45°

fIgurE 9.11 Four line detection kernels that respond maximally to hori-
zontal, vertical, and oblique (+45 and −45°) single-pixel-wide lines.
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Unsharp masking produces an edge image g(m,n) from an input image 
f(m,n) via

 g m n f m n f m n( , ) ( , ) ( , ),= − smooth  (9.8)

where fsmooth(m,n) is a smoothed version of f(m,n), which results after apply-
ing a simple low-pass filter to the image. Figure 9.12 shows the application 
of the unsharp filtering operator on the test image.

9.9 ALgorIThMIc AccounT
As can be observed from the foregoing discussion, three main approaches 
have been commonly utilized in the image processing world for edge 
detection. These are shown as logic flow charts in Figure 9.13.

In general, the first category is related to the convolution kernels (such 
as Sobel), in which a specific kernel is initialized in the beginning and 
is then convolved with the image, enhancing the edges, which are then 
converted to binary through a thresholding step. The second category is 
a combination of various convolution kernels and their application in the 
usual way of (i.e., same as the first category). However, for each kernel, 
the results are compared and stored for the maximal response. An example 
of such a technique is the compass edge detector. In the third category, 
an entirely different approach of gradient calculation is utilized. First, a 
smoothing step is performed, followed by a gradient calculation; then the 

 
(a) (b)

fIgurE 9.12 Application of unsharp filtering operator. (a) Test image, (b) 
the binary version of (a).
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Start

Load
Image File (F )

Initialize Convolution kernel,
image size (M,N),

mask size (Ψ), and thresholding

Loop (m, n)
With inc. Ψ

Convolution of the mask with image segment in the loop.
Calculation of Gx, Gy , |G| and θ

Thresholded image segment

Display
Images

End  

Start

Load
Image File (F)

Initialize K Convolution kernel,
image size (M,N),

mask size (Ψ), and thresholding

Thresholding

Loop K times

Loop (m, n)
With inc. Ψ 

Convolution of the mask with image segment in the loop.
Calculation of Gx, Gy,|G| and θ

Storing maximal response
Display
Images

End

(a) (b)

Start

Load
Image File (F)

Initialize Convolution kernel,
image size (M,N),

mask size (Ψ), and thresholding

Loop (m, n)
With inc. Ψ

Convolution of the image segment in the loop with
1st order Laplacian.

Gaussian Smoothing

Thresholding

Display
Images

End

(c)

fIgurE 9.13 Algorithms for edge detection using (a) convolutional 
kernels, (b) compass edge detector, (c) the Canny operator.
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ridges arising from this calculation are traversed for bounded thresholds 
within a predefined range.

9.10 MATLAB codE
In this section, the MATLAB code used to generate the images in 
Figures 9.2, 9.4, 9.5, 9.9, 9.10, and 9.12 is provided.

close all
clear all
x = imread(‘butterfly.jpg’);
y = rgb2gray(x);
figure ; imshow(x)
figure ; imshow(y)

% Sobel Operator
[ed1,th,gx,gy] = edge(y,‘sobel’);
figure ; imshow(gx*5)
figure ; imshow(gy*5)
gs = sqrt(gx.^2+gy.^2) ;
figure ; imshow(gs*5)
ga = abs(abs(gx)+abs(gy)) ;
figure ; imshow(ga*5)
t0 = clock ;
figure ; edge(y,‘sobel’,0.1) ;
figure ; edge(y,‘sobel’,0.05) ;
tsobel = etime(clock,t0) ;

% Prewitt
[ed1,th,gx,gy] = edge(y,‘prewitt’);
figure ; imshow(gx*5)
figure ; imshow(gy*5)
gs = sqrt(gx.^2+gy.^2) ;
figure ; imshow(gs*5)
ga = abs(abs(gx)+abs(gy)) ;
figure ; imshow(ga*5)
figure ; edge(y,‘prewitt’,0.1) ;
figure ; edge(y,‘prewitt’,0.05) ;

t0 = clock ;
figure ; edge(y,‘canny’,0.1) ;
figure ; edge(y,‘canny’,0.05) ;
tcanny = etime(clock,t0) ;
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% Compass edge
sx1 = [-1 0 1 ; -2 0 2 ; -1 0 1] ;
sa1 = [ 0 1 2 ; -1 0 1 ; -2 -1 0 ] ;
sx2 = rot90(sx1) ; sa2 = rot90(sa1) ;
sx3 = rot90(sx2) ; sa3 = rot90(sa2) ;
sx4 = rot90(sx3) ; sa4 = rot90(sa3) ;
sy1 = [1 2 1 ; 0 0 0 ; -1 -2 1] ;
sb1 = [ 2 1 0 ; 1 0 -1 ; 0 -1 -2 ] ;
sy2 = rot90(sy1) ; sb2 = rot90(sb1) ;
sy3 = rot90(sy2) ; sb3 = rot90(sb2) ;
sy4 = rot90(sy3) ; sb4 = rot90(sb3) ;

g1x = conv2(y,sx1,‘same’) ; g1y = conv2(y,sy1,‘same’) ;
g2x = conv2(y,sa1,‘same’) ; g2y = conv2(y,sb1,‘same’) ;
g3x = conv2(y,sx2,‘same’) ; g3y = conv2(y,sy2,‘same’) ;
g4x = conv2(y,sa2,‘same’) ; g4y = conv2(y,sb2,‘same’) ;
g5x = conv2(y,sx3,‘same’) ; g5y = conv2(y,sy3,‘same’) ;
g6x = conv2(y,sa3,‘same’) ; g6y = conv2(y,sb3,‘same’) ;
g7x = conv2(y,sx4,‘same’) ; g7y = conv2(y,sy4,‘same’) ;
g8x = conv2(y,sa4,‘same’) ; g8y = conv2(y,sb4,‘same’) ;

g1 = sqrt(g1x.^2 + g1y.^2) ;
g2 = sqrt(g2x.^2 + g2y.^2) ;
mg = max(g1,g2) ;
g3 = sqrt(g3x.^2 + g3y.^2) ;
mg = max(mg,g3) ;
g4 = sqrt(g4x.^2 + g4y.^2) ;
mg = max(mg,g4) ;
g5 = sqrt(g5x.^2 + g5y.^2) ;
mg = max(mg,g5) ;
g6 = sqrt(g6x.^2 + g6y.^2) ;
mg = max(mg,g6) ;
g7 = sqrt(g7x.^2 + g7y.^2) ;
mg = max(mg,g7) ;
g8 = sqrt(g8x.^2 + g8y.^2) ;
mg = max(mg,g8) ;
M = mg*0.0005 ;
figure ; imshow(M)
MM = im2bw(M,0.25) ;
figure ; imshow(MM)

% LoG and Zero-Crossing
h = fspecial(‘log’,[100 100],10) ;
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figure ; mesh(h) ; colormap hsv
h = fspecial(‘log’,[10 10],1.5) ;
figure ; edge(y,‘zerocross’,h)
figure ; edge(y,‘log’,0.01,1)
% Unsharp
h=fspecial(‘unsharp’,0.2);
G = conv2(y,h,’same’)*0.01 ;
figure ; imshow(G)
figure ; im2bw(G,0.2)

9.11 suMMAry
Edges in an image are defined as the sudden changes in the intensity •	
levels from dark to light, and vice versa.

Edge detection is a key operation in many machine vision and •	
automation systems because this information could extract the 
objects of interest as well as regions of particular importance from 
an image.

Being spatially high-frequency components, the edge detection strat-•	
egies usually correspond to high-pass filtering of the image to allow 
these high-frequency components to pass to the next stage.

Because typical filter implementation in images is through convolu-•	
tion kernels, the edge detectors are also similar in nature.

Almost all of these kernels calculate two submatrices with horizon-•	
tal and vertical edges enhanced, respectively. Then, an overall edge 
plane is calculated for which a binary thresholding is performed to 
produce the edges.

Commonly used edge detectors are Sobel, Prewitt, Robert, Robinson, •	
LoG, zero-crossing, and Kirsch operators.

Because each of the aforementioned operators is designed for a par-•	
ticular direction, a combinational technique is used in the compass 
edge detector method.

In this technique, any standard operator is rotated for •	 K directional 
orientations, and the image is convolved for each of them. The maxi-
mum of these convolutions are stored as final edges.
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A better approach is used in Canny operation to first smooth out the •	
image, after which gradients are calculated.

On these gradient peaks, a calculated thresholding is applied to pro-•	
duce the final edges.

The Canny operator is very robust to noise compared to the other •	
operators, but is slowest of all.

Straight lines can also be detected in an image using similar kernels •	
as those of convolution kernels.

A specialized sharpening filter can also be used first to enhance the •	
edges before performing the thresholding operation.

The LoG operator calculates the second spatial derivative of an •	
image. This means that in areas where the image has a constant 
intensity (i.e., where the intensity gradient is zero), the LoG response 
will be zero.

In the vicinity of a change in intensity, however, the LoG response •	
will be positive on the darker side, and negative on the lighter side.

9.12 ExErcIsEs
 1. Some statistical features of edge detection can be used for other 

applications in machine vision systems. For instance, in an iterative 
filtering or enhancement procedure, the image is improved in every 
iteration until it starts to deteriorate again. Such features can be used 
to detect this point and, hence, can be used as a stoppage criterion. 
Use a noisy image, and iteratively apply Gaussian filtering on it. After 
each filtering, calculate the edges of the image using the Canny oper-
ator. For the resulting binary image, calculate the following:

 a. Entropy of the binary image (all edges): E = Σpilog10pi, where pi is 
the probability of ith intensity in the image (equivalent to the ith 
bin in the image’s histogram)

 b. Assign the threshold of 0.5 (fixed).

 2. Repeat Q #1 by assigning the threshold (T) a linear iterative weight: 
(i − 1)T/10, where i is the iteration index starting from 1.
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 3. Repeat Q #1 by assigning the threshold (T) an exponential iterative 
weight e−(i−1)T, where i is the iteration index starting from 1.

 4. In Q #1, what other statistical measure that can be used instead of 
entropy?

 5. Read an RGB image and apply the Sobel operator on each layer sepa-
rately. Comment on the edge localization in terms of their similar-
ity/dissimilarity for each layer. Also, display the new RGB image by 
keeping the new three layers as one image entity. Comment on the 
new color scheme.
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10C h a p t e r  

Binary Image Processing

10.1 InTroducTIon

Other than edge detection, the main processing performed on 
purely binary images can be grouped into a broader category called 

morphological operators. They process objects in the input image based on 
characteristics of its shape, which are encoded in the structuring element. 
Usually, each morphological operator would work on a 3 × 3 neighbor-
hood in which it applies the laws of the operator under consideration. It 
is then shifted over the image, and at each pixel of the image, its elements 
are compared with the set of the underlying pixels. If the two sets of ele-
ments match the condition defined by the set operator, the pixel under the 
origin of the neighborhood (the center pixel) is set to a predefined value 
(0 or 1 for binary images). Morphological operators can also be applied to 
gray-level images, for example, to reduce noise or to brighten the image. 
However, for many applications, other methods, such as a more general 
spatial filter, produce better results.

In this chapter, the following morphological operators are discussed:

 1. Dilation and erosion

 2. Closing and opening

 3. Thickening and thinning

 4. Skeletonization
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Each member of a pair in the foregoing list (i.e items 1 through 3) performs 
opposite functions. Essentially, dilation, closing, and thickening would 
make the white elements in the binary image more predominant in various 
degrees, and similarly, erosion, opening, and thinning would reduce the size 
of these white elements accordingly. To increase the mass of a white element 
in the image, more 1’s are added while for mass reduction, 0s are added. 
“Adding” these new values means that opposite pixels are replaced by these 
new values (no physical addition is carried out). All of these operators work 
on binary images, although their slightly modified versions can also be used 
with grayscale images.

In the following sections, the image shown in Figure 10.1(a) is used with 
its binary version [Figure 10.1(b)] for the aforementioned morphological 

 
(a) (b)

 
(c) (d)

fIgurE 10.1 Images used in this chapter for morphological operations. 
(a) Original RGB image, (b) binary version of (a) with 50% threshold, (c) 
actual values for the selected segment, (d) selected segment of the image.
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operations. For in-depth visualization, a portion of the image (one of the 
paws that is visible on the right side of the image) is taken out as a 25 × 
25 binary image, and its content is displayed separately to explain the 
changes occurring in the image as a result of morphological operations. 
The segment of the image is shown in Figure 10.1(d), and its matrix ver-
sion is shown in Figure 10.1(c).

Another common feature of all the operators is a structuring ele-
ment (strel). In order to explain the algorithms mathematically, an easier 
approach would be to consider the same operations (masking, deciding, 
replacing pixels, shifting) in all morphological operators but change the 
strel according to the operation. Throughout this chapter, a default strel of 
size 3 × 3 is used.

10.2 dILATIon
The basic effect of the dilation operator on a binary image is to gradually 
enlarge the boundaries of regions of foreground pixels (i.e., white pixels, typi-
cally). Thus, areas of foreground pixels grow in size while holes within those 
regions become smaller. Assume that X is the set of Euclidean coordinates 
corresponding to the input binary image, and that K is the set of coordinates 
for the strel; let Kx denote the translation of K so that its origin is at x. Then, 
the dilation of X by K is simply the set of all points x such that the intersection 
of Kx with X is nonempty. The strel is a 3 × 3 matrix of all ones for the dila-
tion operation. The mathematical definition of grayscale dilation is identical 
except for the way in which the set of coordinates associated with the input 
image is derived. In addition, these coordinates are 3D rather than 2D.

To compute the dilation of a binary input image by this structuring 
element, we consider each of the background pixels in the input image in 
turn. For each background pixel (which we will call the input pixel), we 
superimpose the structuring element on top of the input image so that the 
origin of the structuring element coincides with the input pixel position. 
If at least one pixel in the structuring element coincides with a foreground 
pixel in the image underneath, the input pixel is set to the foreground 
value. If all the corresponding pixels in the image are background, how-
ever, the input pixel is left at the background value.

Figure 10.2 shows the effect of application of the dilation operation. 
The image in Figure 10.2(a) shows the sample image from Figure 10.1(b) 
with the dilation operator applied thrice, while the image segment 
shows the effect after a single application of the operator. This anom-
aly was decided upon experimentally because one iteration of dilation 
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may not appear significantly visible in a large image [such as the one in 
Figure 10.1(b)]. On the other hand, the smaller image is used to dem-
onstrate the mechanism of the operation and how it changes the pixels 
in the original image in one iteration. This convention will be followed 
throughout this chapter.

Grayscale images can also be used with the dilation operation by using 
a flat, disk-shaped strel as opposed to an all-1s square and will generally 
brighten the image. Bright regions surrounded by dark regions grow in 
size, and dark regions surrounded by bright regions shrink in size. Small, 

 
(a) (b)

(c)

fIgurE 10.2 Application of the dilation operator. (a) Resulting image after 
three iterations, (b) resulting image segment after one iteration, (c) actual 
values for (b).
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dark spots in images will disappear as they are “filled in” to the surround-
ing intensity value. Small, bright spots will become larger spots. The effect 
is most marked at places in the image where the intensity changes rapidly, 
and regions of fairly uniform intensity will be largely unchanged except at 
their edges.

10.3 ErosIon
Erosion is the opposite of dilation. The basic effect of the operator on a 
binary image is to erode away the boundaries of regions of foreground 
pixels (i.e., white pixels, typically). Thus, areas of foreground pixels shrink 
in size, and holes within those areas become larger. The effect of this oper-
ation is to remove any foreground pixel that is not completely surrounded 
by other white pixels (assuming 8-connectedness). Such pixels must lie at 
the edges of white regions, and so the practical upshot is that foreground 
regions shrink (and holes inside a region grow). The strel for the erosion 
operation is also a 3 × 3 matrix of 1s, but the action taken is the reverse 
of the one for dilation. The effect of application of the erosion operator is 
shown in Figure 10.3.

10.4 oPEnIng
The basic effect of an opening is somewhat similar to erosion in that it 
tends to remove some of the foreground (bright) pixels from the edges of 
regions of foreground pixels. However, in general, it is less destructive than 
erosion. An opening is simply defined as an erosion followed by a dilation 
using the same strel for both operations. The opening operator therefore 
requires two inputs: an image to be opened and a strel.

Although erosion can be used to eliminate small clumps of undesir-
able foreground pixels, for example, speckle noise, quite effectively, it has 
the big disadvantage that it will affect all regions of foreground pixels 
indiscriminately. Opening gets around this by performing both an ero-
sion and a dilation on the image. The effect of opening can be quite eas-
ily visualized. Imagine taking the strel and sliding it around inside each 
foreground region, without changing its orientation. All pixels that can 
be covered by the structuring element with the structuring element being 
entirely within the foreground region will be preserved. However, all 
foreground pixels that cannot be reached by the strel without parts of it 
moving out of the foreground region will be eroded away. After the open-
ing operation has been carried out, the new boundaries of foreground 
regions will all be such that the strel fits inside them, and so further 
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openings with the same element have no effect. Figure 10.4 shows the 
application of this operation.

10.5 cLosIng
Like its dual operator, opening, the closing operation can be derived from 
the fundamental operations of erosion and dilation. Closing is similar in 
some ways to dilation in that it tends to enlarge the boundaries of fore-
ground (bright) regions in an image (and shrink background color holes 

 
(a) (b)

(c)

fIgurE 10.3 Application of the erosion operator. (a) Resulting image after 
three iterations, (b) resulting image segment after one iteration, (c) actual 
values for (b).
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in such regions), but it is less destructive of the original boundary shape. 
Closing is the opening operation performed in reverse. It is defined simply 
as a dilation followed by an erosion using the same strel for both opera-
tions. One of the uses of dilation is to fill in small background color holes 
in images. One of the problems with doing this, however, is that the dila-
tion will also distort all regions of pixels indiscriminately. By performing 
an erosion on the image after the dilation, that is, a closing, we reduce 

 
(a) (b)

(c)

fIgurE 10.4 Application of the opening operator. (a) Resulting image 
after three iterations, (b) resulting image segment after one iteration, (c) 
actual values for (b).
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some of this effect. Figure 10.5 shows the result of application of this oper-
ator on the sample image.

10.6 ThInnIng
Thinning is a morphological operation that is used to remove selected 
foreground pixels from binary images, somewhat like erosion or open-
ing. It can be used for several applications, but is particularly useful for 
skeletonization. In this mode, it is commonly used to tidy up the output 
of edge detectors by reducing all lines to single-pixel thickness. Thinning 

 
(a) (b)

(c)

fIgurE 10.5 Application of the closing operator. (a) Resulting image after 
three iterations, (b) resulting image segment after one iteration, (c) actual 
values for (b).
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is normally only applied to binary images, and produces another binary 
image as output.

The thinning operation is calculated by translating the origin of the 
structuring element to each possible pixel position in the image, and at 
each such position, comparing it with the underlying image pixels. If the 
foreground and background pixels in the structuring element exactly 
match foreground and background pixels in the image, then the image 
pixel underneath the origin of the structuring element is set to background 
(zero). Otherwise, it is left unchanged. Note that the strel must always have 
a one or a blank at its origin if it is to have any effect.

The choice of strel determines under what situations a foreground pixel 
will be set to background and, hence, it determines the application for the 
thinning operation.

We have described the effects of a single pass of a thinning opera-
tion over the image. In fact, the operator is normally applied repeatedly 
until it causes no further changes to the image (i.e., until convergence). 
Alternatively, in some applications, for example, pruning, the operations 
may only be applied for a limited number of iterations. 

Consider all pixels on the boundaries of foreground regions (i.e., fore-
ground points that have at least one background neighbor). Delete any such 
point that has more than one foreground neighbor, as long as doing so does 
not locally disconnect (i.e., split into two) the region containing that pixel. 
Iterate until convergence. This procedure erodes away the boundaries of 
foreground objects as much as possible, but does not affect pixels at the ends 
of lines. Figure 10.6 shows some of the commonly used strels for thinning.

Figure 10.7 shows the application of the thinning operator to the sam-
ple image.

10.7 ThIckEnIng
Thickening is a morphological operation that is used to grow selected 
regions of foreground pixels in binary images, somewhat similar to dila-
tion or closing. It has several applications, including determining the 
approximate convex hull of a shape, and determining the skeleton by zone 
of influence. Thickening is normally only applied to binary images, and it 
produces another binary image as output.

The thickening operation is calculated by translating the origin of the strel 
to each possible pixel position in the image, and at each such position, com-
paring it with the underlying image pixels. If the foreground and background 
pixels in the structuring element exactly match foreground and background 
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pixels in the image, then the image pixel under the origin of the structuring 
element is set to foreground (one). Otherwise, it is left unchanged. Note that 
the strel must always have a zero or a blank at its origin if it is to have any 
effect. The choice of strel determines in what situations a background pixel 
will be set to foreground and, hence, it determines the application for the 
thickening operation. Two typical strels are shown in Figure 10.8.

Figure 10.9 shows the application of this operator to a real image.

10.8 skELETonIzATIon/MEdIAL AxIs TrAnsforM
Skeletonization is a process for reducing foreground regions in a binary 
image to a skeletal remnant that largely preserves the extent and connec-
tivity of the original region while throwing away most of the original fore-
ground pixels. Essentially, in each iteration, some pixels are systematically 
removed without causing any hole or break to be created. To see how this 
works, imagine that the foreground regions in the input binary image are 
made of some uniform slow-burning material. Light fires simultaneously 
at all points along the boundary of this region, and watch the fire move 
into the interior. At points where the fire traveling from two different 
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1
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fIgurE 10.6 Some strels used in the thinning operation. (a) A piercing edge 
from bottom; (b) an angular piercing edge; (c) simply finds the boundary 
of a binary object; that is, it deletes any foreground points that do not have 
at least one neighboring background point (note that the detected bound-
ary is 4-connected); (d) does the same thing but produces an 8-connected 
boundary; (e) and (f) are used for pruning, that is, reapplying thinning 
until convergence.

C7950.indb   184 9/17/09   5:07:09 PM

co
nt

ro
len

gin
ee

rs
.ir



Binary Image Processing  �  185

boundaries meets itself, the fire will extinguish itself; the points at which 
this happens form the so-called quench line. This line is the skeleton. 
According to this definition, it is clear that the thinning produces a sort 
of skeleton.

The terms medial axis transform (MAT) and skeletonization are often 
used interchangeably but with the slight distinction that the skeleton is 
simply a binary image showing the simple skeleton, whereas MAT is a 
gray-level image where each point on the skeleton has an intensity that 
represents its distance to a boundary in the original object. The skeleton/

 
(a) (b)

(c)

fIgurE 10.7 Application of the thinning operator. (a) Resulting image 
after three iterations, (b) resulting image segment after one iteration, (c) 
actual values for (b).
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MAT can be produced in two main ways. The first is to use some kind 
of morphological thinning that successively erodes away pixels from the 
boundary (while preserving the end points of line segments) until no more 
thinning is possible, at which point what is left approximates the skeleton.

As with thinning, slight irregularities in a boundary will lead to spuri-
ous spurs in the final image that may interfere with recognition processes 
based on the topological properties of the skeleton. Despurring or prun-
ing can be carried out to remove spurs of less than a certain length, but 
this is not always effective because small perturbations in the boundary 
of an image can lead to large spurs in the skeleton. Figure 10.10 shows an 
example of the application of the skeletonization operation.

10.9 ALgorIThMIc AccounT
The basic morphological operations are fundamentally a masking pro-
cess with a specific decision associated with it. For instance, in the case 
of erosion, once the strel mask is satisfied, that is, conditions such as 
∀ ∧ =( ( , ) ( , ))image i j strel i j 1 —that is, whether there is a match on the image 
with the strel of erosion (i.e., all 1’s in typically 3 × 3 settings)—then cer-
tain pixels, including the center pixel, are made zeros. This algorithmic 
approach is true for any other operator too. Figure 10.11(a) puts it in a 
graphical context. For the iterative operators, or repeated (more than once) 
applications of the operators, the procedure is shown in Figure 10.11(b).

10.10  MATLAB® codE
In this section, the MATLAB code used to generate the images in 
Figures 10.1–10.5, and 10.7–10.9 is provided.

(b)

0

1

1

1

0

(a)

0

1

0 11

1

1

fIgurE 10.8 Structuring elements for determining the convex hull using 
thickening. During each iteration of the thickening, each element should 
be used in turn, and then in each of their 90° rotations, giving eight effec-
tive structuring elements in total. The thickening is continued until no 
further changes occur, at which point the convex hull is complete.
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close all
clear all
x=imread(‘panda2.jpg’);
figure ; imshow(x)
xb = im2bw(x,0.2) ;
figure ; imshow(xb)
x1=xb(566:590,882:906);
figure ; imshow(x1)

% Erosion

 
(a) (b)

(c)

fIgurE 10.9 Application of the thickening operator. (a) Resulting image 
after three iterations, (b) resulting image segment after one iteration, (c) 
actual values for (b).
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y1 = bwmorph(xb,‘erode’,5) ;
z1 = bwmorph(x1,‘erode’) ;
figure ; imshow(y1)
figure ; imshow(z1)

% Dilation
y2 = bwmorph(xb,‘dilate’,5) ;
z2 = bwmorph(x1,‘dilate’) ;
figure ; imshow(y2)
figure ; imshow(z2)

 
(a) (b)

(c)

fIgurE 10.10 Application of the skeletonization operator. (a) Resulting 
image after three iterations, (b) resulting image segment after one itera-
tion, (c) actual values for (b).
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% Opening
y3 = bwmorph(xb,‘open’,5) ;
z3 = bwmorph(x1,‘open’) ;
figure ; imshow(y3)
figure ; imshow(z3)

% Closing
y4 = bwmorph(xb,‘close’,5) ;
z4 = bwmorph(x1,‘close’) ;
figure ; imshow(y4)
figure ; imshow(z4)

% Thinning
y5 = bwmorph(xb,‘thin’,5) ;
z5 = bwmorph(x1,‘thin’) ;
figure ; imshow(y5)
figure ; imshow(z5)

% Thickening
y6 = bwmorph(xb,‘thicken’,5) ;

Initialize operator mask h,
decision rule D, and replacement rule R

Load
Image (g)

Loop for the
whole image
Pixel range

If D = 1
Then
Apply R
Else
No replacement

Display
Images

End

Start

 

Initialize operator mask h,
decision rule D, and replacement rule R

Load
Image (g)

Loop N Times

Loop for
The Whole

Image pixel range

Conservative
Erosion

Display
Images

End

Start

(a) (b)

fIgurE 10.11 Procedure for iterative operators. (a) Algorithm for mor-
phological operators, (b) iterative application of an operator to achieve, 
say, skeletonization.
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z6 = bwmorph(x1,‘thicken’) ;
figure ; imshow(y6)
figure ; imshow(z6)

% Skeletonization
y7 = bwmorph(xb,‘skel’,20) ;
z7 = bwmorph(x1,‘skel’) ;
figure ; imshow(y7)
figure ; imshow(z7)

10.11 suMMAry
Binary image processing essentially means operations that can mod-•	
ify the black-and-white content of an image.

In some cases, the foreground pixels (with white color) are increased, •	
whereas in other cases the background pixels (with black color) are 
increased.

The processing involving such changes is called a •	 morphological 
operation.

The morphological operators dilation, closing, and thickening will •	
increase the foreground content but in slightly varying degrees.

Similarly, the morphological operators erosion, opening, and thin-•	
ning will increase the background content but in varying degrees.

If erosion is applied iteratively, keep in mind to avoid an opening or •	
hole formation in the foreground objects, then it will converge to a 
final and most simplified connected version of the source image that 
is called the skeleton of the image.

Morphological operations are extremely useful in isolating certain •	
regions of interest of the image for further processing, or in remov-
ing or increasing certain types of pixels in certain neighborhoods, or 
in getting the skeleton of the objects present in the image.

10.12 ExErcIsEs
 1. In the usual erosion operation, the strel is moved pixel by pixel as in 

convolutional shifting. Modify this procedure for the nonoverlap-
ping mode of erosion, in which the mask is shifted to a new loca-
tion on the image with overlapping with any other previously used 
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areas. Apply this process on the panda image, and compare with 
Figure 10.3.

 2. Repeat Q #1 for dilation.

 3. Use the Sobel operators of Gx and Gy (refer to Chapter 9 for details) 
as two strels for the thinning operation. First use Gx and then Gy. 
Comment on the resulting image.

 4. Can a combination of the morphological operators discussed in 
this chapter be used to find edges in the image? If so, what is the 
sequence? If not, explain why not.

 5. Use a noisy grayscale image with salt-and-pepper noise of default 
strength in MATLAB. Convert this image to binary, first using 
default settings in MATLAB. Then apply erosion, dilation, thinning, 
and thickening operators to the image three times each. Comment 
on the noise removal or failure to remove with respect to the signal-
to-noise ratio (SNR) of the improved image.
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11C h a p t e r  

Image Encryption 
and Watermarking

11.1 InTroducTIon

During the last two decades, the issue of enhancing privacy in 
transmitted data has attracted the attention of many researchers 

from different fields, and many complementary methods have been sug-
gested in order to improve privacy. As more and more information is 
being transferred electronically, the issue of interest here is that if some-
one accesses all of the data, he or she has the potential to copy it and 
retransmit it to unauthorized parties. This is because of the nature of 
digital data, which is easily reproducible. Usually, this topic is covered 
together with image encryption, cryptography, or watermarking. The 
focus in this chapter is on the watermarking technique. This technique 
does not distort the image but embeds some hidden information, which 
is like a secret signature that can be accessed by authorized users before 
copying it or retransmitting it. Watermarking was first used for copy-
right protection, but applications of watermarking have recently been 
expanded to content verification, authentication, covert communica-
tions, and information retrieval.

In some cases, the watermarking is done in such a way that the actual 
image is distorted in one way or the other. This could vary from including 
a specific text or logo appearing on the image or distortion to the extent 
that the actual image just does not appear the same way. Which of these 
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is to be used in a particular situation depends on the level of security 
being imposed on the image data. If the data is confidential and cannot be 
allowed to be viewed by unauthorized users, it should be encrypted in such 
a way that the shape of the image is distorted beyond simple reconstruc-
tion logic. Thus, only authorized users can reverse the process, by applying 
the decoding procedures (inverse of the encoding technique used in that 
particular scenario). There are many techniques used in this context, and 
several of them cannot be fully revealed because of their applications in 
the defense sector.

On the other hand, when the intent is to just have a signature in 
the image so that if and when this image is reproduced by unauthor-
ized users, then image encryption can be utilized. Failure to decode 
the embedded signature at any point would prove that the user was 
unauthorized, because an authorized user will be able to remove the 
embedded signature. There are different types of encryption tech-
niques available in the literature, but watermarking alone is discussed 
in this chapter. Again, only a conceptual guideline is provided in this 
chapter due to the sensitive nature of the technique.

11.2 WATErMArkIng METhodoLogy
Digital watermarking is a method that has received a lot of attention 
in the past few years. A digital watermark can be described as a visible, 
or preferably invisible, identification code that is permanently embed-
ded in the data. It remains present within the data after any decryption 
process. A general definition of watermarking is: “Hiding a secret mes-
sage or information within an ordinary message and its extraction at the 
destination.” 

Watermarking is complementary to encryption, as it allows some pro-
tection of the data after decryption. As we know, the encryption pro-
cedure aims at protecting the image (or other kind of data) during its 
transmission. Once decrypted, the image is not protected anymore. By 
adding a watermark, we confer a certain degree of protection on the 
image (or on the information that it contains) even after the decryption 
process has taken place. The goal is to embed some information in the 
image without affecting its visual content. In the copyright protection 
context, watermarking is used to add a key in the multimedia data that 
authenticates the legal copyright holder, and that cannot be manipulated 
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or removed without changing the data in a way that negates any com-
mercial value.

The rapid expansion of the Internet in the past years has rapidly 
increased the public availability of digital data such as audio, images, and 
video. The problem of protecting multimedia information is becoming 
more and more important, and many copyright owners are concerned 
about illegal duplication of their data or work. The manner in which a 
user accesses the information differs, perhaps through secure hardware, 
and this allows one form of copyright protection. An example of this form 
of security is a DVD player. Instead, watermarking works by hiding data 
within an image, so that an unauthorized user will retransmit this hidden 
information, or watermark. Such a scenario is shown in Figure 11.1.

As can be seen, if Mr. B tries to resend this information without autho-
rization, then Mr. A can prove the origin of the data. This type of water-
mark, known as a robust watermark, remains with the data as long as the 
data is still recognizable. If Mr. B degrades the data to such an extent that 
it becomes meaningless, then it is not reasonable to expect the watermark 
to still be obtainable. On the other hand, if Mr. B is an authorized user 
but not an authorized distributor, he should also receive the key to dewa-
termark the image before using or he should receive the dewatermarked 
image.

Unauthorized Copies
(Mr. B)

Authorized Copy
(Mr. B)

Authorized Usage
(Mr. B)

Watermarked Image
(Mr. A)

Original Image
(Mr. A)

De-watermarking

Wate
rm

arking

fIgurE 11.1 (See color insert following Page 204.) Concept of watermarking.
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11.3 BAsIc PrIncIPLE of WATErMArkIng
Because digital watermarking is a technique that allows for the secret 
embedding of information in host data, an image watermarking scheme 
should at least meet the following requirements:

Transparency:•	  The embedded watermark should be perceptually 
invisible

Robustness:•	  The embedded watermark should not be erased by any 
attack that maintains an acceptable host image quality.

The trade-off between transparency and robustness is one of the most 
important issues in image watermarking. In terms of the embedding 
domain, watermarking algorithms are mainly divided into two groups: 
spatial domain methods, which embed the data by directly modifying 
the pixel values of the original image, and transform domain methods, 
which embed the data by modulating the transform domain coefficients. 
The most commonly used transforms for digital watermarking are the 
DFT (discrete Fourier transform), DCT (discrete cosine transform), and 
DWT (discrete wavelet transform). In general, spatial domain methods 
have good computing performance, and transform domain methods have 
high robustness. In terms of the extracting scheme, watermarking algo-
rithms are also divided into two groups: blind and nonblind watermark-
ing. In nonblind watermarking, the original image is necessary for the 
watermark extraction, whereas in blind watermarking, the original image 
is not needed for watermark extraction.

Figure 11.2(a) shows the actual procedure needed to perform the water-
marking operation. The mapping block F’ = F + gW represents a linear 
mapping method of merging the watermark binary image into the RGB 
or grayscale images. The relationship can be modified as needed. Also, 
the location where mapping will be applied can be technique dependent. 
For instance, with the DCT- and DFT-type transforms, the most signifi-
cant coefficients can be sorted out in the same number as those of the 
pixels in the watermark, and then the mapping can be applied. In the 
case of the DWT, a different approach is utilized in which the watermark 
may be embedded in one of the components, etc. The recovery process is 
quite straightforward as well, and is shown in Figure 11.2(b). Basically, 
the reverse mapping is performed in the same place where mapping was 
performed in the first phase.
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Figure 11.3 shows the results of application of a simple binary water-
mark to an RGB image and its recovery. Note the modifications made to 
the RGB image by the watermark, which are prominent on the top side of 
the watermarked image, as well as the absolute difference calculated in 
Figure 11.3(d).

11.4 ProBLEMs AssocIATEd WITh WATErMArkIng
The idea of watermarking seems to be very nice and robust at first glance; 
however, it runs into a set of constraints and implementation issues that 
limit the robustness of the technique. The difficulty of inserting a robust 
watermark is that it may be possible for an unauthorized user to remove 
the watermark through ignorance or, more likely, by intention. Suppose 
we take an image, Figure 11.4, and embed a watermark in it. A water-
mark must modify the information contained in the original image, so 
we know that pixels within the image must be changed. This change is the 
watermark itself and identifies the owner. If the watermark is visible, then 
it can be removed by filtering so that there are no noticeable distortions. 
This imposes the requirement that a robust watermark should be invis-
ible. Figure 11.4 shows the effect of adding Gaussian noise to the system, 
which causes pixel information to be modified, but recovery is still pos-
sible because the information was not distorted to a great extent.

Watermarked
Image

Original
Image

Image
Transform

Maximum #
Coefficients

within size of
the Mask (F)

F = F́  – gW Inverse
Transform

Watermark
W

(a)

Watermarked
Image

Original
ImageImage

Transform

Maximum #
Coefficients

within size of
the Mask (F)

F = F́  – gW Inverse
Transform

Watermark
W

(b)

fIgurE 11.2 Watermarking and recovery. (a) Watermarking process, 
(b) its inverse process.
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If an unauthorized user performs (lossy) compression on the image, 
such as JPEG compression with the aim of reducing the file size, the 
quality of the image is also reduced. The consequence of this is that 
information stored in the pixels may also be eroded. This will also 
change the embedded watermark to the extent that it may not be 
recognizable.

 
(a) (b)

 
(c) (d)

fIgurE 11.3 Application of a binary watermark on an RGB image. (a) 
Original image, (b) watermark, (c) watermarked image, (d) absolute differ-
ence between the images in (a) and (c).
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11.4.1 Attacks on Watermarks

There are several kinds of malicious attacks that result in partial or even 
total destruction of the embedded identification key and for which more 
advanced watermarking schemes should be employed. Trickier attacks 
involve rotations of the image, warping, and scaling of the image. Also 
possible is a cropping attack, which removes rows and columns from the 
image to form a new shape. The difficulty with this attack is that it affects 
the synchronization of the image. In order to detect a watermark, there 
needs to be some form of comparison of the signal against a benchmark. 
If the signal is close enough to the expected form, then the watermark is 
detected. However, if synchronization is lost, then the watermark will not 
be detected. These attacks can be classified as follows:

Active attacks: Here, the hacker tries deliberately to remove the water-
mark or simply make it undetectable. This is a big issue in copyright 
protection, fingerprinting, or copy control, for example.

Passive attacks: In this attack, the attacker does not try to remove the 
watermark but simply attempts to determine if a given mark is pres-
ent. As the reader will understand, protection against passive attacks 
is of the utmost importance in covert communications, where even 
knowledge of the presence of a watermark is often more than one 
wants to grant.

 
(a) (b)

fIgurE 11.4 Application of a binary watermark on a noisy RGB image. 
(a) Noisy watermarked image, (b) absolute difference of the images.
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Collusion attacks: In collusive attacks, the goal of the hacker is the 
same as in active attacks but the method is slightly different. In order 
to remove the watermark, the hacker uses several copies of the same 
data, each containing a different watermark, to construct a new copy 
without any watermark. This is a problem in fingerprinting applica-
tions (e.g., in the film industry) but is not widespread, because the 
attacker must have access to multiple copies of the same data and the 
number needed can be critical.

Forgery attacks: This is probably the main concern in data authentica-
tion. In forgery attacks, the hacker aims at embedding a new, valid 
watermark rather than removing one. By doing so, the hacker can 
modify the protected data as he wants, and then reimplant a new 
key to replace the original key, thus making the corrupted image to 
appear genuine.

11.4.2 What can Be done?

Each attack is dealt with by a different approach, and the development 
of a robust technique for image processing remains an open problem. 
However, some of the commonly used methods are now listed briefly.

Redundant watermarks: Here, the watermark is encoded into more 
than one known place in the target image. This can be used against crop-
ping and noise attacks.

Multiple watermarks: This implies embedding more than one water-
mark in the image at known positions. If the positions and sizes of the 
watermarks are selected in such a way that they can cover both even and 
odd number spaces, then a compression attack can be countered.

Symmetric watermarks: The binary watermark must be selected as a 
symmetric image so that the rotation of the image will affect this water-
mark significantly. The positioning of such a watermark will also be 
important to counter a rotation attack.

Transformed watermarks: Instead of a simple image being embedded 
in the transformed image, a transformed version of this watermark will 
distribute the information within the whole image more uniformly and, 
thus, the image can be made more robust to certain attacks.

Nonlinear mapping: Instead of using simple linear or affine mapping, 
advanced mappings can be utilized, making it more difficult for an attacker 
to isolate the watermark.
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11.5 ALgorIThMIc AccounT
A typical methodology for coding the watermarks is shown in Figure 11.5.

11.6 MATLAB® codE
In this section, the MATLAB code used to generate the images in 
Figures 11.3 and 11.4 is presented.

clear all
close all
x = double(imread(‘horses.jpg’));
figure ; imshow(x*0.003) ;
y = x ;

Start

Load
Images (f )

Initialize
Watermark (W)

DCT or other
Image Transform

(F)

Mapping F with
W

Inverse Transform

Display
Images

End   

Start

Load
Image (f )

Initialize
Watermark (W)

Inverse
Transform

(F)

Inverse Mapping
 F with W

Inverse Transform

Display
Images

End

(a)       (b)

fIgurE 11.5 Methodology for coding watermarks. (a) Watermarking 
procedure, (b) dewatermarking procedure.
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% Water marking
x1 = x(:,:,1) ;
x2 = x(:,:,2) ;
x3 = x(:,:,3) ;
dx1 = dct2(x1) ; dx11 = dx1 ;
dx2 = dct2(x2) ; dx22 = dx2 ;
dx3 = dct2(x3) ; dx33 = dx3 ;
load m.dat % binary mask for watermarking
g = 10 ; % Coefficient of watermark’s strength
[rm,cm] = size(m) ;
dx1(1:rm,1:cm) = dx1(1:rm,1:cm) + g * m ;
dx2(1:rm,1:cm) = dx2(1:rm,1:cm) + g * m ;
dx3(1:rm,1:cm) = dx3(1:rm,1:cm) + g * m ;
y1 = idct2(dx1) ;
y2 = idct2(dx2) ;
y3 = idct2(dx3) ;
y(:,:,1) = y1 ;
y(:,:,2) = y2 ;
y(:,:,3) = y3 ;
figure ; imshow(y*0.003)
figure ; imshow(abs(y-x)*100) %comparison

z = y ;
[r,c,s] = size(z) ;

% De-watermarking
% Clean image (known mask)
y = z ;
dy1 = dct2(y(:,:,1)) ;
dy2 = dct2(y(:,:,2)) ;
dy3 = dct2(y(:,:,3)) ;
dy1(1:rm,1:cm) = dy1(1:rm,1:cm) - g * m ;
dy2(1:rm,1:cm) = dy2(1:rm,1:cm) - g * m ;
dy3(1:rm,1:cm) = dy3(1:rm,1:cm) - g * m ;
y11 = idct2(dy1) ;
y22 = idct2(dy2) ;
y33 = idct2(dy3) ;
yy(:,:,1) = y11 ;
yy(:,:,2) = y22 ;
yy(:,:,3) = y33 ;
figure ; imshow(yy*0.003)
figure ; imshow(abs(yy-x)*10000) %comparison showing all 
black image for no difference b/w yy and x
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% Noisy image
n = 100 ;
y1 = z(:,:,1); y1 = y1 + rand(r,c)*n;
y2 = z(:,:,2); y2 = y2 + rand(r,c)*n;
y3 = z(:,:,3); y3 = y3 + rand(r,c)*n;
y(:,:,1) = y1 ;
y(:,:,2) = y2 ;
y(:,:,3) = y3 ;
figure ; imshow(y*0.003)
dy1 = dct2(y1) ;
dy2 = dct2(y2) ;
dy3 = dct2(y3) ;
dy1(1:rm,1:cm) = dy1(1:rm,1:cm) - g * m ;
dy2(1:rm,1:cm) = dy2(1:rm,1:cm) - g * m ;
dy3(1:rm,1:cm) = dy3(1:rm,1:cm) - g * m ;
y11 = idct2(dy1) ;
y22 = idct2(dy2) ;
y33 = idct2(dy3) ;
yy(:,:,1) = y11 ;
yy(:,:,2) = y22 ;
yy(:,:,3) = y33 ;
figure ; imshow(yy*0.003)
figure ; imshow(abs(yy-x)*0.0001) %comparison

11.7 suMMAry
Watermarking is embedding additional imagelike information in a •	
target image.

This is usually done in order to authenticate the image and to detect •	
if an unauthorized copy has been made.

The process of embedding this watermark is implemented as a lin-•	
ear mapping of the watermark image into the image under study. 
Although other mappings are also possible, only linear mapping is 
considered in this chapter.

Usually, this mapping is done after transforming the image into a •	
frequency-related space.

Commonly used transforms for this purpose are the DCT and DWT.•	

C7950.indb   203 9/17/09   5:07:24 PM

co
nt

ro
len

gin
ee

rs
.ir



204  �  digital Image Processing: An Algorithmic Approach with MATLAB®

The watermark is mapped with the significant coefficients of the •	
transformed image and then inverse-transformed to retrieve the 
image representation.

Modifications in a watermarked image, such as addition of noise, •	
rotation, cropping, and compression, can increase the watermark 
distortion so much that it may not be recoverable.

Robustness can be achieved in the watermarked images through •	
redundant watermarks, multiple watermarks, and mapping the 
watermarks using transformed binary images rather than the 
image itself.

This is still an open area of research, and newer techniques are dis-•	
covered every now and then.

11.8 ExErcIsEs
 1. In Figure 11.4, a noise attack has been simulated. Repeat the same 

exercise with rotation attack, that is, after embedding the watermark, 
rotate the whole image by 450° and then repeat the same operation 
with −450°. Then try to recover the watermark.

 2. Repeat Q #1 for 10% cropping from all sides.

 3. Repeat Q #1 for JPEG compression. In this case, save the image as a 
70% compressed JPEG image, then reopen it and apply the proce-
dure to recover the watermark.

 4. Apply the methodology that resulted in Figure 11.3, but use the DWT 
instead of the DCT. Refer to Section 5.3 for details of the transforma-
tion. Embed the watermark with HH coefficients.

 5. Repeat Q #4 but embed the watermark with HL, LH, and HH com-
ponents in the top-left, top-right, and bottom-right corners, respec-
tively. Refer to Section 5.3 for explanation of these terms.
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12C h a p t e r  

Image Classification 
and Segmentation

12.1 InTroducTIon

Classification, in general, refers to clustering or grouping data 
items into similar sets. This information is often useful in the analy-

sis step for any signal/data processing system. Image classification is simi-
lar to general data classification, but it may be different depending on the 
application in which it is used. For instance, in a satellite image, it might 
be required to isolate the fields from roads or plains from localities. This 
information may be needed for visual inspection for planning purpose 
only and, hence, it would be sufficient to redraw these artifacts in various 
colors representing each class with a different but meaningful color. On 
the other hand, the same information may be needed by an unmanned 
airplane to carry out a certain military mission, for which purpose a 
knowledge of the centers or certain coordinates on these classes would 
be needed rather than colored representations. Accordingly, the task of 
image classification becomes more complicated.

A human analyst attempting to classify features in an image uses the 
elements of visual interpretation to identify homogeneous groups of pixels 
that represent various features for the classes of interest. Digital image 
classification uses the spectral information represented by digital num-
bers in one or more spatial or spectral bands, and attempts to classify each 
individual pixel based on this information. The resulting classified image 
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comprises a mosaic of pixels, each of which belongs to a particular class, 
and is essentially a thematic “map” of the original image.

When talking about classes, we need to distinguish between infor-
mation classes and spatial/spectral classes. Information classes are 
those categories of interest that the analyst is actually trying to iden-
tify in the imagery, such as different kinds of crops, different forest 
types or tree species, different geologic units or rock types, etc. Spatial/
spectral classes are groups of pixels that are uniform (or near-similar) 
with respect to their brightness values in the different spectral chan-
nels of the data. The objective is to match these classes in the data 
to the information classes of interest. Rarely is there a simple one-to-
one match between these two types of classes. Rather, unique spatial/
spectral classes may appear that do not necessarily correspond to any 
information class of particular use or interest to the analyst. It is the 
analyst’s job to decide on the utility of the different classes and their 
correspondence to useful information.

Common classification procedures can be broken down into two broad 
subdivisions, based on the method used.

12.1.1 supervised classification

In this classification method, the analyst identifies in the imagery homo-
geneous representative samples of the different surface cover types (infor-
mation classes) of interest. These samples are referred to as training areas. 
The selection of appropriate training areas is based on the analyst’s famil-
iarity with the geographical area and their knowledge of the actual surface 
cover types present in the image. Thus, the analyst is “supervising” the 
categorization of a set of specific classes. The numerical information in 
all spectral bands for the pixels comprising these areas are used to “train” 
the computer to recognize spectrally similar areas for each class. The 
computer uses a special program or algorithm (of which there are sev-
eral variations) to determine the numerical “signatures” for each training 
class. Once the computer has determined the signatures for each class, 
each pixel in the image is compared to these signatures and labeled as the 
class it most closely “resembles” digitally.

12.1.2 unsupervised classification

This method in essence reverses the supervised classification process. 
Spatial/spectral classes are grouped first, based solely on the numeri-
cal information in the data, and are then matched by the analyst to 
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information classes (if possible). Programs, called clustering algorithms, 
are used to determine the natural (statistical) groupings or structures in 
the data. Usually, the analyst specifies how many groups or clusters are to 
be looked for in the data. In addition to specifying the desired number of 
classes, the analyst may also specify parameters related to the separation 
distance among the clusters and the variation within each cluster. The final 
result of this iterative clustering process may result in some clusters that 
the analyst will want to subsequently combine, or clusters that should be 
broken down further, each of these requiring a further application of the 
clustering algorithm. Thus, unsupervised classification is not completely 
without human intervention. However, unlike a supervised classification, 
it does not start with a predetermined set of classes.

12.2 gEnErAL IdEA of cLAssIfIcATIon
Classification includes a broad range of decision-theoretic approaches 
to the identification of images (or parts thereof). All classification algo-
rithms are based on the assumption that the image in question depicts 
one or more features (e.g., geometric parts in the case of a manufac-
turing classification system, or spectral regions in the case of remote 
sensing) and that each of these features belongs to one of several dis-
tinct and exclusive classes. The classes may be specified a priori by an 
analyst (as in supervised classification) or automatically clustered (i.e., as 
in unsupervised classification) into sets of prototype classes, where the 
analyst merely specifies the number of desired categories. (Classification 
and segmentation have closely related objectives, as the former is another 
form of component labeling that can result in segmentation of various 
features in a scene.)

Image classification analyzes the numerical properties of various image 
features and organizes data into categories. Classification algorithms typi-
cally employ two phases of processing: training and testing. In the initial 
training phase, characteristic properties of typical image features are iso-
lated and, based on these, a unique description of each classification cat-
egory, that is, training class, is created. In the subsequent testing phase, 
these feature-space partitions are used to classify image features.

The description of training classes is an extremely important component 
of the classification process. In supervised classification, statistical pro-
cesses (i.e., based on an a priori knowledge of probability distribution func-
tions) or distribution-free processes can be used to extract class descriptors. 
Unsupervised classification relies on clustering algorithms to automatically 
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segment the training data into prototype classes. In either case, the moti-
vating criteria for constructing training classes are that they are

Independent•	 : A change in the description of one training class should 
not change the value of another.

Discriminatory•	 : Different image features should have significantly 
different descriptions.

Reliable•	 : All image features within a training group should share the 
common definitive descriptions of that group.

12.3  coMMon InTEnsITy-connEcTEd 
PIxEL: nAïvE cLAssIfIEr

Connected components labeling scans an image and groups its pixels into 
components based on pixel connectivity; that is, all pixels in a connected 
component share similar pixel intensity values and are in some way con-
nected with each other. Once all groups have been determined, each pixel 
is labeled with a gray level or a color (color labeling) according to the com-
ponent it was assigned to. Extracting and labeling of various disjoint and 
connected components in an image is central to many automated image 
analysis applications.

If all four neighbors are 0, assign a new label to •	 p, else

if only one neighbor has •	 V = {1}, assign its label to p, else

if more than one neighbor has •	 V = {1}, assign one of the labels to p 
and make a note of the equivalences.

After completing the scan, the equivalent label pairs are sorted into equiv-
alence classes and a unique label is assigned to each class. As a final step, a 
second scan is made of the image, during which each label is replaced by 
the label assigned to its equivalence classes. For display, the labels might 
be different gray levels or colors.

As the first example of such a procedure, consider Figure 12.1. The 
figure shows the RGB image of the horses with sky, land, water, and the 
horses as the four main classes visible in the image. A very naïve method 
of classification would be to use the grayscale ranges that represent these 
classes. Obviously, this is not a very good classifier because different gray 
shades will be found for different objects not related to each other.
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12.4 nEArEsT nEIghBor cLAssIfIEr
A convenient way of building a parametric description of the kind 
mentioned in the previous section is by using a feature vector
[ ]θ θ θ1 2  n , where n is the number of attributes that describe 
each image feature and training class. This representation allows us to 
consider each image feature as occupying a point, and each training 
class as occupying a subspace (i.e., a representative point surrounded 
by some spread, or deviation) within the n-dimensional classification 

 
(a) (b)

(c)

fIgurE 12.1 (See color insert following Page 204.) Image classification 
using the grayscale ranges only. (a) Original RGB image, (b) grayscale ver-
sion of (a), (c) segmented image.
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space. Viewed as such, the classification problem is that of determining 
to which subspace class each feature vector belongs.

For example, consider an application in which we must distinguish 
between two different types of objects (e.g., apples and oranges) based on a 
set of two attribute classes (e.g., color and texture). If we assume that we have 
a vision system capable of extracting these features from a set of training 
images, we can plot the result in the 2D feature space shown in Figure 12.2.

However, usually the situation is not so simple for isolating the data 
into various groups. At this point, we must decide how to numerically 
partition the feature space so that if we are given the feature vector of a 
test object, we can determine, quantitatively, to which of the two classes 
it belongs. One of the simplest (although not the most computationally 
efficient) techniques is to employ a supervised, distribution-free approach 
known as the minimum (mean) distance classifier or nearest neighbor clas-
sifier. This technique is now described.

Minimum (mean) distance classifier. Among the various methods of 
supervised statistical pattern recognition, the nearest neighbor rule achieves 
consistently high performance, without a priori assumptions about the dis-
tributions from which the training examples are drawn. It involves a train-
ing set of both positive and negative cases. A new sample is classified by 
calculating the distance to the nearest training case; the sign of that point 
then determines the classification of the sample. The k-NN classifier extends 

Texture Degree

Co
lo

r #

fIgurE 12.2 Feature space: + represents color #, o represents texture 
degree.
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this idea by taking the k nearest points and assigning the sign of the major-
ity. It is common to assign small and odd numbers to k to break ties (typi-
cally 1, 3, or 5). Larger k values help reduce the effects of noisy points within 
the training data set, and the choice of k is often obtained through cross-
validation.

12.4.1 Mechanism of operation

Suppose that each training class is represented by a prototype (or mean) 
vector. This is particularly useful when classifying based on colors because 
for a selected area, the average color would be a good representation of the 
neighborhood. Such a mean is given as

 

µ
ω

n
n x

N
x for n M

n

= =
∈
∑1 1 2, , , ,

 
(12.1)

where Nn is the number of training pattern vectors from class w n. In a 
color-based classification system, usually an area is first selected for a par-
ticular class and all of its enclosed pixels, x, are then averaged to get the 
representative mean. Based on this, we can assign any such given pattern 
to the class of its closest prototype by determining its proximity to each 
mn. If Euclidean distance is our measure of proximity, then the distance to 
the prototype is given by

 D x x m for j Mn n( ) || || , , , ,= − =1 2  (12.2)

which is equivalent to computing
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(12.3)

and assigning x to class wn if Dn(x) yields the smallest value. The decision 
boundary that separates class w i from w j is given by values for x for which

 D x D xi j( ) ( ) .− = 0  (12.4)

Figure 12.3 shows the application of this algorithm to the sample image.
In practice, the minimum (mean) distance classifier works well when 

the distance between means is large compared to the spread (or random-
ness) of each class with respect to its mean. It is simple to implement and 
is expected to give an error rate within a factor of two of the ideal error 
rate, obtainable with the statistical, supervised Bayes’ classifier. The Bayes’ 
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classifier is a more “informed” algorithm as the frequencies of occurrence 
of the features of interest are used to aid the classification process. Without 
this information, the minimum (mean) distance classifier can yield biased 
classifications. This can be best combated by applying training patterns at 
the natural rates at which they arise in the raw training set.

12.5 unsuPErvIsEd cLAssIfIcATIon
The second method employed for this classification is called unsupervised 
segmentation. In general, unsupervised clustering techniques are used less 
frequently, as the computation time required for the algorithm to learn 

 

Horse1

Horse2

Sky Land Water

(a) (b)

Horse2

Horse1

Water

Land

Sky
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‘a’ values

‘b
’ v
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s
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130

140

150

160

170

180

190
Scatterplot of the segmented pixels in ‘a’ ‘b’ space

(c) (d)

fIgurE 12.3 (See color insert following Page 204.) Application of nearest 
neighbor algorithm to classify the given image into its classes. (a) Sample 
image, (b) selected areas as training classes, (c) segmented image, (d) class 
boundaries.

C7950.indb   212 9/17/09   5:07:31 PM

co
nt

ro
len

gin
ee

rs
.ir



Image classification and segmentation  �  213

a set of training classes is usually prohibitive. However, in applications 
where the features (and relationships between features) are not well under-
stood, clustering algorithms can provide a viable means of partitioning a 
sample space.

A general clustering algorithm is based on a split and merge technique, 
as shown in Figure 12.4. Using a similarity measure (e.g., the dot product 
of two vectors, the weighted Euclidean distance, etc.), the input vectors 
can be partitioned into subsets, each of which should be sufficiently dis-
tinct. Subsets that do not meet this criterion are merged. This procedure is 
repeated on all of the subsets until no further splitting of subsets occurs or 
until some stopping criteria are met.

12.6 ALgorIThMIc AccounT
Classification is such a wide-ranging field that a description of all the 
algorithms could fill several volumes of text. We have already discussed 
a common supervised algorithm in the previous section, and Figure 12.5 
shows the nearest neighbor algorithm method.

Input Data

Partition

TEST
For

Distinction

Convergence?

Split
Yes

No

No

Yes

Output Data

Merge

fIgurE 12.4 General clustering algorithm.
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12.7 MATLAB® codE
In this section, the actual MATLAB code used to generate the images in 
Figures 12.1 and 12.3 is presented. Starting with the grayscale classifica-
tion method of Figure 12.1, the required code is as follows:

close all
clear all
x = imread(‘horses.jpg’) ;
figure; imshow(x)
xg = rgb2gray(x) ;
figure ; imshow(xg)
cl1 = [191 220] ; % sky
c1 = [255 0 0 ] ;
cl2 = [ 131 190 ] ; % land
c2 = [ 0 255 0 ] ;

Start

Load
Image (f )

Loop (m, n)
Till A, B

Loop k
Till M

Calculate Distance for
pixel f (m, n,:) with µk

Minimum distance-based
Class allocation to f (m, n,:)

Display
Images

End

Loop n till M

Select Representative
Area for class n

Calculate Average
µn

Initialize Class # M
Image Size A, B

fIgurE 12.5 Nearest neighbor classifier for image classification and 
segmentation.
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cl3 = [0 130 ] ; % horse
c3 = [ 255 0 255 ] ;
cl4 = [ 221 255 ] ; % water
c4 = [ 0 0 255 ] ;
[r,c] = size(xg) ;
y = x ;

for i = 1 : r
 for j = 1 : c
  if (xg(i,j) >= cl1(1) && xg(i,j) <= cl1(2))
  cc = c1 ;
  else
  if (xg(i,j) >= cl2(1) && xg(i,j) <= cl2(2))
  cc = c2 ;
  else
  if (xg(i,j) >= cl3(1) && xg(i,j) <= cl3(2))
  cc = c3 ;
  else
  cc = c4 ;
  end
  end
  end

  for k = 1 : 3
  y(i,j,k) = cc(k) ;
  end
 end
end

figure
imshow(y)
Following is the code for Figure 12.3:

close all
clear all

% Read the source RGB image
x = imread(‘horses.jpg’);
figure ; imshow(x)
[r,c,s] = size(x) ;

% Initialize storage for each sample region.
classes = { ‘sky’,‘land’,‘water’,‘horse1’,‘horse2’ };
nClasses = length(classes);
sample_regions = false([r c nClasses]);
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% Select each sample region.
f = figure;
for count = 1:nClasses
 set(f, ‘name’, [‘Select sample region for ’ 
classes{count}] );
 sample_regions(:,:,count) = roipoly(x);
end
close(f);

% Display sample regions.

for count = 1:nClasses
 figure
 imshow(sample_regions(:,:,count))
 title([‘sample region for ’ classes{count}]);
end

% Convert the RGB image into an L*a*b* image

cform = makecform(‘srgb2lab’);
lab_x = applycform(x,cform);

% Calculate the mean ‘a*’ and ‘b*’ value for each ROI area

a = lab_x(:,:,2);
b = lab_x(:,:,3);
color_markers = repmat(0, [nClasses, 2]);

for count = 1:nClasses
 color_markers(count,1) =   
mean2(a(sample_regions(:,:,count)));
 color_markers(count,2) =   
mean2(b(sample_regions(:,:,count)));
end

%% Step 3: Classify Each Pixel Using the Nearest 
Neighbor Rule
% Each color marker now has an ‘a*’ and a ‘b*’ value. 
You can classify each pixel
% in the |lab_x| image by calculating the Euclidean 
distance between that
% pixel and each color marker. The smallest distance 
will tell you that the
% pixel most closely matches that color marker. For 
example, if the distance
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% between a pixel and the red color marker is the 
smallest, then the pixel would
% be labeled as a red pixel.

color_labels = 0:nClasses-1;
a = double(a);
b = double(b);
distance = repmat(0,[size(a), nClasses]);

% Perform classification
for count = 1:nClasses
 distance(:,:,count) = ( (a - color_markers(count,1)).^2 + 
...
                    (b - color_markers(count,2)).^2 ).^0.5;
end

[value, label] = min(distance,[],3);
label = color_labels(label);
%clear value distance;

colors = [ 255 0 0 ; 0 255 0 ; 0 0 255 ; 255 255 0 ; 255 
0 255 ] ;
y = zeros(size(x)) ;
l = double(label)+1 ;
for m = 1 : r
    for n = 1 : c
        y(m,n,:) = colors(l(m,n),:) ;
    end
end

figure ; imshow(y)

colorbar

% scatter plot for the nearest neighbor classification

purple = [119/255 73/255 152/255];
plot_labels = {‘k’, ‘r’, ‘g’, purple, ‘m’, ‘y’};

figure
for count = 1:nClasses
 plot(a(label==count-1),b(label==count-
1),‘.’,‘MarkerEdgeColor’, ...
 plot_labels{count}, ‘MarkerFaceColor’,   
plot_labels{count});
 hold on;
end
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title(‘Scatterplot of the segmented pixels in ‘‘a*b*’’ 
space’);
xlabel(‘‘‘a*’’ values’);
ylabel(‘‘‘b*’’ values’);

12.8 suMMAry
Image classification and segmentation refers to finding and labeling •	
areas in an image that bear some resemblance to each other.

This can be used to isolate certain areas of interest from an image or •	
segment them with similar colors to distinguish such areas within 
the image.

Applications for such segmentation are found, in particular, in •	
remote sensing and medical imaging and, in general, for any image 
processing system. For instance, the classification technique can be 
used to categorize roads from fields in a satellite image.

The basis of classification is to find areas of similar characteristics •	
and mark them.

These characteristics are called the features or attributes of each •	
class, and can be calculated in a variety of ways. In this chapter, only 
color grayscale-based features are presented.

If the features are calculated based on some guideline applied to the •	
source image in order to identify a class through this guideline, then 
such a classification technique is called supervised classification.

If, on the other hand, the classification is done automatically based on •	
some form of clustering, then it is called unsupervised classification.

Unsupervised classification is usually more time consuming than •	
the supervised method.

A variety of techniques have been reported in the literature to per-•	
form these classifications, and they vary in their accuracy and speed 
of application.
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12.9 ExErcIsEs
 1. Repeat the example of Figure 12.1 by using the five classes of 

Figure 12.3.

 2. Instead of using the average as the main feature of a class, use the 
median as an attribute, and repeat the example of Figure 12.3.

 3. Repeat Q #2, using entropy as the main feature.

 4. Repeat Q #2 for a compound feature set of mean, median, and entropy.

 5. Repeat Q #1 for a compound feature set of mean, median, and entropy.
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13C h a p t e r  

Image-Based 
Object Tracking

13.1 InTroducTIon

Automated segmentation and tracking are two fundamental 
and, at the same time, highly challenging tasks in image analysis. 

Application areas are numerous: medical and biomedical image process-
ing, industrial image analysis, earth sciences, geographical information 
services, forestry services, to name a few. Today’s satellite-based military 
applications also make use of these techniques for surveillance and know-
ing the whereabouts of a particular target. Several image segmentation 
and tracking methods have been proposed, and these have evolved greatly 
over the past few decades for several applications. Given an application, 
for a beginner, choosing appropriate segmentation or tracking methods 
from among several dozens of the available techniques could be a truly 
overwhelming task.

13.2 METhodoLogIEs
To be able to track moving objects in a video sequence, two processing 
steps are needed:

 1. Localization of the target

 2. Estimation of the change in position of the target

C7950.indb   221 9/17/09   5:07:33 PM

co
nt

ro
len

gin
ee

rs
.ir
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Essentially, the problem is then to trace the object’s movements through-
out the sequence. This has been done in a number of ways by various 
researchers employing different methods. This chapter focuses on some of 
the basic techniques that can be utilized, and upon which more compli-
cated algorithms and techniques can be built.

Looking at the tracking problem from an image processing perspective, 
there are certain issues that any technique must resolve in order to per-
form the desired functionality. These primarily include the following:

 1. Background variations

 2. Noise

 3. Changing shape or color of the target

 4. Multiple objects of the same shape or color

In this chapter, four methods are outlined for a simple experimental 
sequence of images. The sequence comprises one to three different-colored 
balloons being flown (with hand blows only) within viewfinder range of a 
fixed digital camcorder. The balloons appear in the video sequence with 
variable sizes owing to perspective motion. A major problem is shad-
ows appearing in the scene because of a light source above the viewing 
area. The techniques presented here were capable of detecting the tar-
geted balloon quite successfully for most of the frames in the sequence. 
Some of the sample frames are shown in the respective figures, as well as 
being presented in the MATLAB® code. The methods employed suffered 
severely in their precision due to shadows as well as background shading 
variations (which introduced the bloblike noise in the images). The main 
conclusion drawn from the findings is that a particular simple technique 
may work within a certain limited scenario only. For an advanced appli-
cation, a combination of various techniques, or even superior techniques, 
must be used.

The four techniques presented here are

 1. Background subtraction

 2. Temporal frames differences

 3. Cross-correlation method

 4. Color-based segmented tracking
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13.3 BAckground suBTrAcTIon
Background subtraction basically means removing the moving objects 
from the background of an image. The method makes use of two or 
more frames, one of which is a reference frame consisting of only the 
background environment. The reference frame is then subtracted from 
the other frames, so that if the environment is static—that is, nothing 
has been changed in the image—the difference will be zero. However, if 
something has changed in the video sequence, the difference between the 
reference frame and the other frames will not be zero. Given a nonzero 
difference, a change, which can be an object or any other moving artifact, 
has been detected. The sample reference image and moving objects in the 
foreground are shown in Figure 13.1. The image in Figure 13.1(a) shows 

 
(a) (b)

 
(c) (d)

fIgurE 13.1 Sample frames obtained from the video sequence. (a) 
Background image, (b) one target only, (c) two objects with one being the 
target, (d) three objects with one being the target.
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the blank background without any foreground artifacts in it. This is very 
useful information, and assuming that most of the background does not 
change, subtracting this from any subsequent image will reduce the infor-
mation content the tracking algorithm needs to process.

The other images in Figure 13.1 represent the foreground artifacts 
(balloon), from which the red balloon is selected as the main target. 
Although the selection is completely random and any other balloon could 
have been selected as well, the shape of the artifact is what makes these 
images a bit easier to work with. The only change expected in them is 
their size, due to the distance from the camera. The symmetrical nature 
of the objects is a highly desirable characteristic that enables powerful 
techniques such as convolution- or correlation-based classification to be 
easily implemented.

The main problems were the inconsistent shadows of the balloons and the 
light glare on their surface, as well as lighting-related background changes.

Though it may seem simple, there are actually several subtraction steps 
to go through in order to achieve good results. The technique works well 
for a static environment with single or very few moving objects (including 
the target). Changes in background will cause the bloblike noise. In all of 
the following algorithms, this noise is removed at the end of the algorithm 
as a postprocessing procedure. This has been done here by using the mor-
phological operations (discussed in Chapter 10).

The first step is, as described earlier, to take the current frame and 
subtract it from the reference background. The difference yields the fore-
ground objects but also some noise, because the reference background is 
never static; it always changes somewhat over time, as mentioned earlier. 
One can also apply an M × M averaging filter in order to reduce this noise. 
The absolute difference between the current frame and the background 
frame is defined by
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(13.1)

where F(p,q,k) is the current frame (kth frame) and B(p,q,k) is the back-
ground. After converting the difference image to a binary image, the 
changes that have occurred will be highlighted in white against a solid 
black background. An example of this can be seen in Figure 13.2.
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13.3.1 Artifacts

Artifacts often appear in the basic difference images described earlier as 
dots or groups of dots (bloblike noise). This is due to unwanted changes 
and movements in the images and acquisition, such as:

Sudden changes in camera positions due to a gust of air or other •	
vibratory motion

Small background changes due to shadows or lighting fluctuations•	

Changes in the foreground •	 not due to the target’s movement, includ-
ing multiple moving objects

Artifacts might be interpreted as moving objects that do not belong to the 
background environment, even though they should be considered part of 
a reference environment. These problems occur when using only one static 
reference frame because the reference frame is never updated to include 
such changes to the background. The best way to avoid this would be to 
update the reference image over time using adaptive methods, but that is 

     
(a) (b)   (c)

fIgurE 13.2 Object detection with background difference. (a) Original 
image sequence, (b) difference image in grayscale, (c) difference image 
after being converted to a binary image.
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beyond the scope of this book. Thus, to reduce the impact of these arti-
facts, we need to subtract more than once between the frames. These sub-
tractions must also be made in different ways so that we can accommodate 
the different kinds of artifacts presented earlier.

13.4 TEMPorAL dIffErEncE BETWEEn frAMEs
The temporal difference between frames calculates the difference between 
subsequent frames. This is because if an object belonging to the background 
has been moved, it will be visible in every background difference image at the 
same position until it moves again. However, if we take the difference between, 
let us say, the current frame and the preceding one, where the moved chair 
first appears in its new position, the result will be zero. Therefore, temporal 
differences are not very sensitive to background changes, but they can often 
pose problems when detecting inner parts of moving objects. Therefore, the 
object can appear to be hollow in the temporal difference image. The temporal 
difference between frames is calculated by taking the difference of a neighbor-
hood of M × M pixels and then the absolute value of the result:
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(13.2)

The image G2 is calculated for both the current frame together with the 
previous frame as well as the next frame together with the current frame. 
Figure 13.3 shows the application of the temporal difference methodology 
to the selected image sequence. Some postprocessing has been employed 
in this case, which removes the spurious noise with median filtering and 
enhances the connected pixels with a combination of dilation and ero-
sion operations.

Although the target has been missed in frame 3 owing to postprocess-
ing, the localization in the adjacent frames is sufficient information for the 
machine vision system to follow the target.

13.4.1 gradient difference

There are always small changes in illumination and small movements 
between the frames. These changes affect the subtractions and cause arti-
facts, even though they are hard for the human eye to see. The gradient of 
an image, on the other hand, is not so sensitive to time-varying illumina-
tion changes. Performing a gradient difference on our image sequences 
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will therefore be important in removing artifacts of the type mentioned 
earlier. The gradient of a frame is generated by taking the gradient in both 
x and y directions, using the Sobel operator. The current frame is then 
subtracted from the reference background for each direction separately.

13.5 corrELATIon-BAsEd TrAckIng
This method is primarily a shape-based technique and can work equally 
well with both RGB as well as grayscale images. Cross-correlation is a stan-
dard method of estimating the degree to which two images are correlated. 
Consider two images x(m,n) and y(m,n), where n = 0, 1, 2, ..., N−1. The 
cross-correlation r at delay d is defined as
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  (13.3)

     
(a)  (b)  (c)

fIgurE 13.3 Object detection with temporal frame difference for the 
source image of Figure 13.2 (a). (a) Difference image in grayscale, (b) dif-
ference image after being converted to a binary image, (c) images after 
postprocessing.
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Due to the complexity of the implementation, a better approach that uti-
lizes some interesting properties of the Fourier transform is presented 
here. If one of the images is symmetric, then flipping it columnwise will 
not make any difference and, hence, the correlation and convolution can 
be treated in the same way. Because convolution in the spatial domain 
becomes pixel-by-pixel multiplication in the frequency domain, which is 
a much faster process than convolution, the cross-correlation can, there-
fore, be applied using Fourier transforms of the two images. Hence:

 R X u v Y u v Rxy xy xy= ⇒ = ℑ−( , ) ( , ) .ρ 1
 (13.4)

Now, consider the case when one of the foregoing two images is the target 
object in the source image, which itself is the second image. Wherever 
there is a perfect match between the source image and the target image, 
the cross-correlation is also very large. The resulting correlation image is 
then thresholded to isolate the location points.

Figure 13.4 shows an interesting example of the application of such a 
technique in which the goal is to count the number of trees present in the 

(a)

(b)

fIgurE 13.4 Using cross-correlation-based target tracking. (a) Original 
scene with trees and target is highlighted with dotted rectangle, (b) result 
of correlation highlighting the peaks.
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scene. In this case, a particular treetop image is selected as the object, and 
is located in the whole image using the convolution method. The resulting 
image is then thresholded for the points of maximum correlation, which 
ultimately gives the tree count.

The same technique is applied to the sample images of Figure 13.2(a), 
and the results are shown in Figure 13.5. As can be seen in Figure 13.5, the 
exact location is slightly shifted from the center of the target image due to 
convolutional drifts.

13.6 coLor-BAsEd TrAckIng
Tracking objects based on color is one of the quickest and easiest meth-
ods for tracking an object from one image frame to the next. The speed 
of this technique makes it very attractive for near real-time applications, 
but due to its simplicity, many issues exist that can cause the tracking to 
fail.

     
(a) (b)      (c)

fIgurE 13.5 Object detection with cross-correlation method. (a) Grayscale 
image with target highlighted as dotted rectangle and is also reproduced 
in the inset, (b) resulting grayscale images after correlation, (c) images 
after postprocessing.
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In this context, a color-based classification methodology (as described in 
Chapter 12) can be used. First, the main target object is defined for its color 
using interactive or automated methods. All other colors, including back-
ground and other unwanted artifacts, are recognized as one or more classes 
with the same representative pseudocolor. The result of the classification is a 
binary image with the targeted object displayed in one color (red in the exam-
ple given here), whereas everything else is displayed in a different color.

Figure 13.6 shows the procedure for class selection using the graphi-
cal ROI function. Figure 13.7 shows the results of such tracking. In this 
example, the red balloon is first identified, with its color selected by some 
region of interest (ROI) selection method. Similarly, other major colors are 
also identified in the same fashion and assigned the same representative 

  
(a) (b)

 
(c) (d)

fIgurE 13.6 (See color insert following Page 204.) Declaring various 
classes for color-based tracking. (a) Target 1 is highlighted for red color, 
(b) target 2 is highlighted for blue color, (c) background is highlighted, (d) 
dark areas are highlighted.
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class color, so that all the nontarget artifacts and background will be rep-
resented by the same color and will appear as a complete class that is other 
than the actual target class.

The results with color processing are obtained faster and can be embed-
ded in a machine vision system at the camera level. The target color can be 
filtered at the acquisition level where all other colors can be blocked so that 
only the selected color will reach the sensors. This makes the tracking very 
easy for the machine vision system because most of the error-producing 
elements have already been removed.

13.7 ALgorIThMIc AccounT
The four tracking algorithms presented in the previous sections can be 
represented as flow charts for coding in any environment. Figures 13.8–
13.11 represent these algorithms.

13.8 MATLAB codE
In this section, the MATLAB code used to generate the images in 
Figures 13.2, 13.3, 13.5, 13.6, and 13.7 is presented. We begin with the 
background subtraction method of Figure 13.2: A file track1.m is needed 

     
(a)     (b)  (c)

fIgurE 13.7 Object detection with color-based classification method. (a) 
RGB images with background removed, (b) resulting binary image with 
identified classes, (c) images after postprocessing.
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Start

Load
Image F and

Background B
Post Processing
Median Filtering

Erosion
Dilation

Display
Images

End

Loop (i)
with inc. M

Loop (j)
with inc. N

X(i,j) = F(i,j) – B(i,j)

fIgurE 13.8 Algorithmic logic for background subtraction method.

Start

Load
Images F(k)
and F(k–1)

Post Processing
Median Filtering

Erosion
Dilation

Display
Images

End

Loop (i)
with inc. M

Loop (j)
with inc. N

X(i,j) = F(i,j,k) – F(i,j,k–1)

fIgurE 13.9 Algorithmic logic for temporal frame subtraction method.
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first to generate the necessary image files. However, the test images are 
also stored in binary files, namely, x1.mat, x2.mat, x3.mat, and x4.mat, 
corresponding to single red object, single blue object, two objects, and 
three objects, respectively.

% First Run track1.m to get the mat files
% This file uses background subtraction only
clear all
close all

load x1
bk = imread(‘p00.jpg’) ;
XG = [] ;
XB = [] ;
ro = 480 ; co = 640 ;
for i = 1 : length(X1)/ro
    x = X1((i-1)*ro+1:i*ro,:,:) ;
    x = bk - x ;
    xg = rgb2gray(x) ;
    xg(ro:-1:ro-2, 1:co) = 255 ;

Start

Load
Image F

Select the Target (T).
FF = FFT(F) and TT = FFT(T)

Display
Images

Post Processing
Median Filtering

Erosion
Dilation

X = IFFT(XX)
Convert the result

To binary

End

Loop (i)
with inc. M

Loop (j)
with inc. N

XX(i,j) = FF(i,j) * TT(i,j)

fIgurE 13.10 Algorithmic logic for correlation method.
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    xb = im2bw(xg,0.1) ;
    XG = [ XG ; xg ] ;
    XB = [ XB ; xb ] ;
end

figure ; imshow(X1)
figure ; imshow(XG)
figure ; imshow(XB)

For the temporal frame subtraction strategy of Figure 13.3, the following 
code was used:

% First Run track1.m to get the mat files
% This file uses inter-frame difference
clear all
close all

load x1

Start

Load
Image (A)

Select Classes with respect
To colors.

Assign one output color to
Target and another to all

Others.

Display
Images

Post Processing
Median Filtering

Erosion
Dilation

End

Loop (i)

Loop (j)

Nearest Neighbor
Classifier

fIgurE 13.11 Algorithmic logic for color-based classification method.
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bk = imread(‘p00.jpg’) ;
XG = [] ;
XB = [] ;
Z1G = [] ;
Z1B = [] ;

ro = 480 ; co = 640 ;

for i = 1 : length(X1)/ro
   x = X1((i-1)*ro+1:i*ro,:,:) ;
   x = bk - x ;
   xg = rgb2gray(x) ;
   xg(ro:-1:ro-2, 1:co) = 255 ;
   xb = im2bw(xg,0.1) ;
   XG = [ XG ; xg ] ;
   XB = [ XB ; xb ] ;
 if i > 1
   y = X1((i-2)*ro+1:(i-1)*ro,:,:) ;
   y = y - bk ;
   yg = rgb2gray(y) ;
   z1g = yg - xg ;
   z1g = yg - z1g ;
   z1b = im2bw(z1g,0.01) ;
   Z1G = [ Z1G ; z1g ] ;
   Z1B = [ Z1B ; z1b ] ;
 end
end
figure ; imshow(X1)
figure ; imshow(Z1G*100)
figure ; imshow(Z1B)

% Post-processing
Z2B = medfilt2(Z1B,[3 3]);
y = bwmorph(Z2B,’dilate’,5) ;
Z2B = medfilt2(y,[15 15]);
y = bwmorph(Z2B,’erode’,7) ;
figure ; imshow(y)

The correlation method was implemented using the Fourier transforma-
tion method, and the required code is as follows:

% First Run track1.m to get the mat files
% This file uses correlation of target in grayscale
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clear all
close all

load x3
X1 = X3 ;
bk = imread(‘p00.jpg’) ;
XG = [] ;
Z1G = [] ;
Z1B = [] ;

ro = 480 ; co = 640 ;
p = 3 ; % image # (select 4 for single object (x1.mat) 
or 3 for two object (x3.mat) case
 xm = X1((p-1)*ro+1:p*ro,:,:) ;
 xm = bk - xm ;
 xmg = rgb2gray(xm) ;
 figure ; imshow(xmg) ;
 rect = getrect(gca) ;
 xmm = xm(rect(2):rect(2)+rect(3)-
1,rect(1):rect(1)+rect(4)-1);
 XMM = fft2(double(xmm),1024,1024) ;
  figure ; imshow(xmm*10)

for i = 1 : length(X1)/ro
   x = X1((i-1)*ro+1:i*ro,:,:) ;
   x = bk - x ;
   xg = rgb2gray(x) ;
   y = xg ;
   y(ro:-1:ro-2, 1:co) = 255 ;
   XG = [ XG ; y ] ;
   XMG = fft2(double(xg),1024,1024) ;
   Y = XMG .* XMM ;
   y = ifft2(Y) ;
   y = y(1:ro,1:co);
   x = y*0.0000004 ;
   z=im2bw(x);
   z = bwmorph(z,‘erode’,19) ;
   Z1G = [ Z1G ; x ] ;
   Z1B = [ Z1B ; z ] ;
end

figure ; imshow(Z1G)
figure ; imshow(Z1B)
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Finally, the color-based classification code:

% First Run track1.m to get the mat files
% This file uses color classification method
clear all
close all

load x3
X1 = X3 ;
bk = imread(‘p00.jpg’) ;
X = [] ;
XC = [] ;
Z1G = [] ;
Z1B = [] ;
S = 10 ;

ro = 480 ; co = 640 ;
p = 2 ; % image #
x = X1((p-1)*ro+1:p*ro,:,:) ;
x = x - bk ;
x = x * S ;
figure ; imshow(x) ;

[r,c,s] = size(x) ;

% Initialize storage for each sample region.
classes = { ‘target1’,‘target2’,‘background’, ‘dark’ };
nClasses = length(classes);
sample_regions = false([r c nClasses]);

% Select each sample region.
f = figure;
for count = 1:nClasses
   set(f, ‘name’, [‘Select sample region for ’ 
classes{count}] );
   sample_regions(:,:,count) = roipoly(x);
end
close(f);

for i = 1 : length(X1)/ro
   x = X1((i-1)*ro+1:i*ro,:,:) ;
   % Convert the RGB image into an L*a*b* image
   x = x - bk ;
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   x = x * S ;
   X = [ X ; x ] ;
   cform = makecform(‘srgb2lab’);
   lab_x = applycform(x,cform);

 % Calculate the mean ‘a*’ and ‘b*’ value for each ROI 
area
 a = lab_x(:,:,2);
 b = lab_x(:,:,3);
 color_markers = repmat(0, [nClasses, 2]);
 for count = 1:nClasses

%   color_markers(count,1) = 
median(a(sample_regions(:,:,count)));
%   color_markers(count,2) = 
median(b(sample_regions(:,:,count)));
    color_markers(count,1) =
mean2(a(sample_regions(:,:,count)));
    color_markers(count,2) = 
mean2(b(sample_regions(:,:,count)));
 end

 %% Classify Each Pixel Using the Nearest Neighbor Rule
 color_labels = 0:nClasses-1;
 a = double(a);
 b = double(b);
 distance = repmat(0,[size(a), nClasses]);

 % Perform classification
 for count = 1:nClasses
   distance(:,:,count) = ( (a - 
color_markers(count,1)).^2 + ...
        (b - color_markers(count,2)).^2 ).^0.5;
 end

 [value, label] = min(distance,[],3);
 label = color_labels(label);
 colors = [ 255 255 255 ; 0 0 0 ; 0 0 0 ; 0 0 0 ] ;
 y = zeros(size(x)) ;
 l = double(label)+1 ;
 for m = 1 : r
    for n = 1 : c
      y(m,n,:) = colors(l(m,n),:) ;
   end
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 end

 figure ; imshow(y)
 XC = [ XC ; y ] ;
 z=im2bw(y);
 z(ro:-1:ro-4, 1:co) = 255 ;
 w = bwmorph(z,‘erode’,3) ;
 Z1G = [ Z1G ; w ] ;
 Z1B = [ Z1B ; z ] ;
end

figure ; imshow(X)
figure ; imshow(XC)
figure ; imshow(Z1G)
figure ; imshow(Z1B)

13.9 suMMAry
Target tracking is a very important technique used in a number of •	
industrial and defense-related applications. 

The basic idea is to enhance the changes occurring in subsequent •	
frames in a sequence of images or video.

The changes usually refer to the objects of interest, including a par-•	
ticular target object.

Many techniques have been developed for various application •	
domains and environments.

However, the fundamental technique of removing the static portions of •	
an image such as background, etc., is part of all of these techniques.

Four such fundamental techniques are presented in this chapter to track •	
a moving artifact in an image sequence with a fixed background.

The first method is used only in a scenario in which just one object is •	
under consideration and can be extracted simply by subtracting the 
static background image.

In the second method, in addition to background removal, temporal •	
frames are also subtracted to track any moving object in the time 
interval between the frames.
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The third approach is only related to the shape of the object to be •	
tracked and deals with correlation of the target image. Here, the 
target’s subimage is correlated with the new frame’s image, and it 
gives a high correlation value when the object is matched anywhere 
in the image.

This method is usually used with shape-based target tracking irre-•	
spective of the grayscale values or colors.

The fourth method is based on detecting a specific color to be classified.•	

The classification is repeated in each frame and, hence, the same col-•	
ored object is tracked.

A lot of postprocessing is usually needed to precisely isolate the tar-•	
gets from the clutter of artifacts resulting from the difference or cor-
relation operations.

The postprocessing usually includes median filtering and morpho-•	
logical operations.

 13.10 ExErcIsEs
 1. Can method 1 (background subtraction) work for more than one 

moving object? If not, suggest a modification in subtraction sequence 
or other strategy to increase the efficiency of this method.

 2. Can method 2 (temporal frame difference) work for more than one 
moving object? If not, suggest a modification in subtraction sequence 
or other strategy to increase the efficiency of this method.

 3. Repeat method 3 (the correlation method) for more than one object 
in motion. Comment on your observations.

 4. Can method 3 be used for classifying objects of similar shape but 
different colors/shades? Explain why or why not.

 5. Repeat the color-based classification method with a grayscale image. 
Comment on your observations.

C7950.indb   240 9/17/09   5:07:47 PM

co
nt

ro
len

gin
ee

rs
.ir



241

14C h a p t e r  

Face Recognition

14.1 InTroducTIon

Face recognition refers to the technique of identifying a given face 
image within an image database. It is different from the operation of 

face detection, which essentially means to find the face of any human sub-
ject in a given image without knowing who the subject is. Face recognition 
has received much attention in recent years due to its many applications 
in different fields such as law enforcement, security applications, or video 
indexing. Face recognition is a very challenging problem and to date, there 
is no technique that provides a robust solution in all situations and various 
applications that face recognition may encounter.

Face recognition can be divided into two basic applications: identifica-
tion and verification. In the identification problem, the face to be recog-
nized is unknown and is matched against faces in a database containing 
known individuals. In the verification problem, the system confirms or 
rejects the claimed identity of the input face. Again, the problem is still an 
open area of research, and a single technique that can outclass every other 
technique is still awaited.

14.2 fAcE rEcognITIon APProAchEs
Face recognition approaches to still images can be broadly grouped into 
two approaches:

Geometric•	

Template-matching techniques•	
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In the first case, geometric characteristics of faces to be matched, such as dis-
tances between different facial features, are compared. This technique provides 
limited results, although it has been used extensively in the past. In the second 
case, face images represented as a two-dimensional array of pixel intensity val-
ues are compared to a single or several templates representing the whole face. 
More successful template-matching approaches use principal components 
analysis (PCA) or linear discriminant analysis (LDA) to perform dimension-
ality reduction, achieving good performance at a reasonable computational 
complexity/time. Other template-matching methods use neural network clas-
sification and deformable templates, such as elastic graph matching (EGM).

The appearance of the human face image has potentially very large 
intrasubject variations due to 3D head pose:

Illumination (including indoor/outdoor)•	

Facial expression•	

Face angle or position•	

Occlusion due to other objects or accessories (e.g., sunglasses, •	
scarf, etc.)

Facial hair•	

Aging•	

A number of face recognition algorithms, along with their modifications, 
have been developed during the past several decades (see Figure 14.1). 
As can be seen from the figure, each domain has its own techniques and 
algorithms to perform the task. By no means is this an exhaustive repre-
sentation of all the existing techniques; newer and better techniques keep 
emerging. However, this figure gives an overall idea of where the focus 
should be for a particular group with a specific interest/expertise.

In this chapter, the focus is on the use of PCA with statistical distance 
measurements to distinguish faces from one another. As can be sensed 
from these statements, all this requires a lot of matrix manipulation, and 
this is discussed next.

14.3 vEcTor rEPrEsEnTATIon of IMAgEs
Image data can be represented as vectors, that is, as points in a high-
dimensional vector space. For example, a p × q 2D image can be mapped 
to a vector x pq∈ℜ  by lexicographic ordering of the pixel elements (such 
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as by concatenating each row or column of the image). Despite this high-
dimensional embedding, the natural constraints of the physical world 
(and the imaging process) dictate that the data will, in fact, lie in a lower  
dimensional (though possibly disjoint) manifold. The primary goal of the 
subspace analysis is to identify, represent, and parameterize this manifold 
in accordance with some optimality criteria.

Let X x x xn= { }1 2   represent an n × N data matrix, where 
each xi is a face vector of dimension n, concatenated from a p × q face 
image, where n = p × q. Here, n represents the total number of pixels in the 
face image, and N is the number of different face images in the training 
set. The mean vector of the training images, µ = Σ1

N
ix , is subtracted from 

each image vector.

14.3.1 Linear (subspace) Analysis

Three classical linear appearance-based classifiers, PCA, ICA, and LDA, 
are commonly used for face recognition, once the image is represented in 
its vector space. Each classifier has its own representation (basis vectors) 
of a high-dimensional face vector space based on different statistical view-
points. By projecting the face vector to the basis vectors, the projection 
coefficients are used as the feature representation of each face image. The 
matching score between the test face image and the training prototype is 
calculated (e.g., as the cosine value of the angle) between their coefficients 
vectors. The larger the matching score, the better the match.

Image-based Face Recognition

Appearance-based Model-based

Linear Nonlinear 2D

3D Morphoble Model

Active Appearance
Model

Elastic Bunch
Graph

KPCA,
ISOMAP,

LLE,...

PCA,
LDA,
ICA...

3D

fIgurE 14.1 Various techniques used in face recognition.
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All three representations can be considered a linear transformation 
from the original image vector to a projection feature vector, that is,

 Y = WTX, (14.1)

where Y is the d × N feature vector matrix, d is the dimension of the fea-
ture vector, and W is the transformation matrix.

14.3.2 Principal components Analysis

In this chapter, only the PCA technique is presented for face recognition. 
The PCA technique finds the vectors that best account for the distribution 
of face images within the entire image space. These vectors define the sub-
space of face images, and the subspace is called face space. All faces in the 
training set are projected onto the face space to find a set of weights that 
describes the contribution of each vector in the face space. Identifying a 
test image requires the projection of the test image onto the face space to 
obtain the corresponding set of weights. By comparing the weights of the 
test image with the set of weights of the faces in the training set, the face 
in the test image can be identified.

The key procedure in PCA is based on the Karhumen–Loeve transfor-
mation. If the image elements are considered to be random variables, the 
image may be seen as a sample of a stochastic process. The PCA basis vec-
tors are defined as the eigenvectors of the scatter matrix ST,

 
S x xT i i

T

i

N

= − −
=

∑( )( ) .µ µ
1  

(14.2)

The transformation matrix WPCA is composed of the eigenvectors corre-
sponding to the d largest eigen values.

After applying the projection, the input vector (face) in an n-dimen-
sional space is reduced to a feature vector in a d-dimensional subspace. 
For most applications, the eigenvectors corresponding to very small eigen 
values are considered to be noise, and are not taken into account during 
identification. Several extensions of PCA are developed, such as modular 
eigenspaces and probabilistic subspaces.

14.3.3 databases and Performance Evaluation

A number of face databases have been collected for different face recog-
nition tasks. Table 14.1 lists a selection of those available in the public 
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domain. The AR database contains occlusions due to eye glasses and scarf. 
The CMU PIE database is a collection with well-constrained poses, illu-
mination, and expression. The FERET and XM2VTS databases are the 
two most comprehensive databases, which can be used as a benchmark 
for detailed testing or comparison. The XM2VTS is especially designed 
for multimodal biometrics, including audio and video cues. To keep facial 
recognition technology evaluation abreast of state-of-the-art advances, 
the Face Recognition Vendor Test (FRVT) followed the original FERET, 
and was conducted in the year 2000 and 2002 (namely, FRVT2000 and 
FRVT2002). The database used in FRVT was significantly extended 
between 2000 and 2002, including more than 120,000 face images from 
more than 30,000 subjects. More facial appearance variations were also 
considered in FRVT, such as indoor/outdoor difference.

Obviously, in order to test the system, some faces are required. The fol-
lowing example described here has been executed on some of the faces 
provided by the ORL face database (as shown in Figure 14.2).

A set of randomly selected faces along with their class tags were used for 
training. In considering the training part of the face database, a preprocess-
ing step is needed in which the faces are in some way normalized. In fact, they 
are approximately centered, all at the same scale, with a roughly equivalent 
background for each picture. In the testing set, the faces are not normalized at 
all. They are not centered, exhibit a wide variety of scales, and include greater 
variation in background. Facial expressions are dissimilar (sometimes smil-
ing, sometimes sad, etc.), hair is not necessarily combed, and people often 

TABLE 14.1 Selected Face Databases Available in the Public Domain

Face database No. of subjects No. of images Types of variations
ORL 40 400 P, E
Yale 15 165 I, E
AR >120 >3000 I, E, O, T
MIT 16 432 I, P, S
UMIST 20 564 P
CMU PIE 68 41368 P, I, E
XM2VTS 295 >3000 N/A
FERET >1000 >10000 P, I, E, T

Note: Types of variations are abbreviated as follows: E: expression; I: illumination; 
O: occlusion; P: pose; S: scale; T: time interval [images of the same subject are 
taken between a short period (e.g., a couple of days) or a long period (e.g., 
years)].

C7950.indb   245 9/17/09   5:07:50 PM

co
nt

ro
len

gin
ee

rs
.ir



246  �  digital Image Processing: An Algorithmic Approach with MATLAB®

wear glasses. As a technical aside, it should be noted that each picture’s dimen-
sion is 112 × 92 pixels and each pixel is coded on 8 bits (256 gray levels).

14.4 ProcEss dETAILs
The process by which the recognition results are obtained must be well 
understood. As has been said, PCA computes the basis of a space, which 
is represented by its training vectors. The basis vectors computed by PCA 
are in the direction of the largest variance of the training vectors. These 
basis vectors are computed by solution of an eigen problem and, as such, 
the basis vectors are eigenvectors. Figure 14.3 shows the same figure as in 
Figure 14.2 but in its eigenface form.

These eigenvectors are defined in the image space. They can be viewed 
as images and, indeed, look like faces. Hence, they are usually referred 
to as eigenfaces. The first eigenface is the average face, and the rest of the 
eigenfaces represent variations from this average face. The first eigenface is 
a good face filter: each face multiplied pixel by pixel (inner product) with 
this average face yields a number close to one; with nonface images, the 

fIgurE 14.2 Part of the testing set from the ORL face database used in 
this chapter.
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inner product is much less than one. The direction of the largest variation 
(from the average) of the training vectors is described by the second eigen-
face. The direction of the second-largest variation (from the average) of the 
training vectors is described by the third eigenface, and so on.

Each eigenface can be viewed as a feature. When a particular face is 
projected onto the face space, its vector (made up of its weight values with 
respect to each eigenface) into the face space describes the importance of 
each of those features in the face. Figure 14.4 shows schematically what 
PCA does. It takes the training faces as input and yields the eigenfaces 
as output. Obviously, the first step of any experiment is to compute the 
eigenfaces. Once this is done, the identification or categorization process 
can begin.

fIgurE 14.3 Each image of Figure 14.2 in its eigenspace representation.

Number of Faces
in the Training
Set (e.g. 300)

PCA

Number of
Eigenfaces

Chosen (e.g. 30)

fIgurE 14.4 Eigenface generation process.
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Once the eigenfaces have been computed, the face space has to be popu-
lated with known faces. Usually, these faces are taken from the training 
set. Each known face is transformed into the face space, and its compo-
nents stored in memory.

At this stage, the identification process can begin. An unknown face is 
presented to the system. The system projects it onto the face space and com-
putes its distance from all the stored faces. The face is identified as being 
the same individual’s as the face that is nearest to it in face space. There 
are several methods of computing the distance between multidimensional 
vectors. Here, a form of Mahalanobis distance is chosen. The identification 
process is summarized in Figure 14.5.

Figure 14.6 shows a test image with its eigenface components shown as 
images as well as 3D plots for better visualization.

An important fact should be noted. The identification process has been 
tested only on new images of individuals that made up the training set 
(out of the 10 mug shots of each individual, 2 were taken out of the train-
ing set to form the testing set). In fact, the identification of persons who 
were not included in the training set (but were in the populating set) is 
often very poor.

Training Set

PCA

Eigen-faces

Transpose

Test Face Test Face Components

Result

Nearest
Stored
Face

Sliced Components from
the Training Set

fIgurE 14.5 Face identification process.
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14.5 ALgorIThMIc AccounT
A procedural flow chart for the preceding technique is shown in Figure 14.7. 
The generic blocks represent the main processing parts; however, the 
details of each part may be subject to the actual implementation environ-
ment and should be modified accordingly.

 
(a) (b)

60 40 20 0
0

50

100

80100

0.6

0.4

0.2

0

–0.2

–0.4

–0.6

–0.8

 (c)

fIgurE 14.6 Results from a test run. (a) Test image; (b) PCA components 
of (a); (c) 3D view of (b).
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14.6 MATLAB® codE
In this section, MATLAB code used to generate the images in Figures 14.2, 
14.3, and 14.6 is presented:

clear all
close all
[A,B,C] = ldf ;
% A = All database images as layers, B = all database 
images as one matrix
% C = PCA of all the images in B

N = 6 ; % No. of People
M = 10 ; % No. of poses per person

[r,c] = size(B) ;
n = r / N ; % # rows in each image
m = c / M ; % # cols in each image

T = B(:,1:m) ; % Training images
Tp = C(:,1:m) ; % PCA of training images
G = ones(r,1) ;

Start

Load
Image Database

Initialize
Training set (d) by
Random Sampling

Loop for d Loop for d

Calculate Principal Components
Truncate to a Subspace ST

Display
Result

End
Find Tag for the Entry

With Minimum Distance
Training Phase

Calculate Principal Components
Truncate to a Subspace ST

Calculate Mahalanobi’s Distance
Between each of the d

Components in ST

Load
Test Image (G)

fIgurE 14.7 Procedural representation of the face recognition process.
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for i = 1 : N
  G((i-1)*n+1:i*n,1) = i ;
end

tc = floor(rand(1)*20+1) ;
tc = 15 ;
pd = princomp(A(:,:,tc)) ;
%[c1,err,post,logl,str] = classify(pd,T,Tp,’mahalnobis’);

for i = 1 : N
  t1 = Tp((i-1)*92+1:i*92,:) ; % Selecting each image PCA
  mhh = mahal(pd’,t1’) ; % Calculating the Mahalanobis 
distance
  mh(i) = min(mhh) ;
end

[p,q] = min(mh) ;
% q will give the class # for the test image
[tc q]

14.7 suMMAry
Human face recognition refers to the process of identifying an indi-•	
vidual from a known set of people.

Such sets have been very carefully assembled and have been made •	
available as databanks or repositories, mostly without any charge.

The main challenge is the fact that any test image when compared •	
with the images in this database may not have the same orientation, 
illumination, expressions, or other features as those present in the 
database.

As such, one-to-one matching is not possible.•	

Usually, some form of mapping is employed to convert the image •	
into some representative components that are fairly independent of 
the aforementioned differences.

PCA is one such technique that can decompose a face image into its •	
eigen components, which can be used for classification.

Once such components are known for all the images in the database, any •	
test image’s components are compared with the existing components.
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The comparison is usually made in the form of distance calculation •	
of some type.

The class in the database to which the distance is found to be least is •	
then declared to be the recognition information for the test image.

14.8 ExErcIsEs
 1. Modify the given code for Euler’s distance instead of Mahalanobis 

distance. Comment on the performance in comparison with the 
one given.

 2. Other decompositions can also be tried instead of PCA. For 
instance, use singular value decomposition (svd) to get the eigen 
components, and repeat the given code. Compare and comment on 
the results.

 3. Repeat Q #2 for Euler’s distance.
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Soft Computing in 
Image Processing

15.1 InTroducTIon

For the past three decades, there have been two major groups of 
researchers in the field of algorithmic development for real systems; the 

first group believes that such development can only be done by using con-
ventional mathematical and probabilistic techniques, whereas the second 
group emphasizes that there are other methods of applying mathematical 
knowledge that need not be that restrictive in terms of boundaries and sam-
ples. Soft computing differs from conventional (hard) computing in that, 
unlike hard computing, it is tolerant of imprecision, uncertainty, partial 
truth, and approximation. In effect, the role model for soft computing is 
the human mind. Certainly, the way our brain works is different from the 
way a microprocessor works because our brain can get an intuitive “feel” 
of things rather than exact measured values, and its estimates are percep-
tive rather than numeric. Hence, the guiding principle of soft computing is 
this: Exploit the tolerance for imprecision, uncertainty, partial truth, and 
approximation to achieve tractability, robustness, and low solution cost. The 
basic ideas underlying soft computing in its current incarnation have links 
to many earlier influences, with Zadeh’s 1965 paper on fuzzy sets holding 
a pioneering position. In fact, for many years, soft computing was being 
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referred to as fuzzy logic as well. However, the set has grown since, and now 
the principal constituents of soft computing are

Fuzzy systems•	

Neural networks•	

Precetron-based•	

Radial basis functions•	

Self-organizing maps•	

Evolutionary computation•	

Evolutionary algorithms•	

Genetic algorithms•	

Harmony search•	

Swarm intelligence•	

Machine learning•	

Chaos theory•	

What is important to note is that soft computing is not an amalgam of vari-
ous techniques; rather, it is a partnership in which each of the components 
contributes a distinct methodology to address problems in its domain. 
This notion has an important consequence: in many cases, a problem can 
be solved most effectively by using a combination of the constituent tech-
niques rather than exclusively by any single technique. A striking example 
of a particularly effective combination is what has come to be known as 
neuro-fuzzy systems. Such systems are becoming increasingly visible as 
consumer products, ranging from air conditioners and washing machines 
to photocopiers and camcorders.

Soft computing attempts to study, model, and analyze very com-
plex phenomena, those for which more conventional methods have not 
yielded low-cost, analytic, and complete solutions. Earlier computational 
approaches could model and precisely analyze only relatively simple sys-
tems. More complex systems arising in biology, medicine, the humani-
ties, management sciences, and similar fields often remained intractable 
to conventional mathematical and analytical methods.
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15.2 fuzzy LogIc In IMAgE ProcEssIng
This chapter presents only fuzzy logic and its applications in the image pro-
cessing domain because it would be impossible to cover all the soft comput-
ing constituent technologies in this book. One added advantage of working 
with fuzzy logic is its simplicity and the ease with which the underlying 
concepts can be understood. This will be explained in the following sections 
using two examples related to image classification and image filtering.

Fuzzy set theory is the extension of conventional (crisp) set theory. It 
handles the concept of partial truth [truth values between 1 (completely 
true) and 0 (completely false)]. It was introduced by Prof. Lotfi A. Zadeh of 
the University of California at Berkeley in 1965 as a mean of modeling the 
vagueness and ambiguity in complex systems. Since then, it has been used 
in increasingly diversified applications covering almost every discipline in 
science and technology.

The application of fuzzy logic to image processing can be explained 
in light of the actual working mechanism of the logic itself, as shown in 
Figure 15.1. The system shown in Figure 15.1 requires expert knowledge 
related to the image and must undergo necessary processing before it can 
be incorporated as an embedded part of the rule base or other functional-
ities of fuzzy logic. For instance, knowledge of changing light intensity in 
an irregularly illuminated image, imparted to the system by the user, will 

Original Image

Fuzzifier Rule Base

Blur Information

Membership
Modification

Resulting
Image

De-Fuzzifier

fIgurE 15.1 Functional block diagram for a fuzzy image processing 
system.
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be used to modify the membership function in the RUN mode so that it 
may be adjusted/adapted to the desired thresholds. This can be utilized as 
an adaptive edge detector.

Similarly, for uneven blurring, expert knowledge will identify the type 
of blur on the fly, and membership functions as well as the rule base can be 
modified accordingly. Yet another example could be a binary image con-
verter. For instance, one may want to define a set of gray levels that share the 
property “dark.” In classical set theory, a threshold has to be determined, 
say, the gray level 100. All gray levels between 0 and 100 are elements of 
this set, whereas the others do not belong to the set [Figure 15.2(a)]. But 
darkness is a matter of degree. So, a fuzzy set can model this property 
much better. To define this set, one also needs two thresholds, say, gray 
levels 50 and 150. All gray levels that are less than 50 are full members of 
the set, whereas all gray levels that are greater than 150 are not the mem-
bers of the set. The gray levels between 50 and 150, however, have a partial 
membership in the set as shown in Figure 15.2(b). Figure 15.2(c) depicts 
this idea with respect to the functionality diagram for fuzzy logic.

15.2.1 Why fuzzy Image Processing?

Before proceeding further to actual examples, it would be appropriate to 
answer a legitimate question at this point: “Why should one use fuzzy tech-
niques in image processing?” There are many reasons, the most important 
of which are the following:

Fuzzy techniques are powerful tools for knowledge representation •	
and processing.

Fuzzy techniques can manage vagueness and ambiguity efficiently.•	

In many image processing applications, one has to use expert knowledge to 
overcome difficulties such as object recognition, scene analysis, etc. Fuzzy 
set theory and fuzzy logic offer us powerful tools to represent and process 
human knowledge in the form of fuzzy if–then rules. On the other side, 
many difficulties in image processing arise because the data/tasks/results 
are uncertain. This uncertainty, however, is not always due to randomness 
but to ambiguity and vagueness. Beside randomness, which can be man-
aged by probability theory, one can identify three other types of imperfec-
tion in routine image processing:
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0.5 0.6 0.7 0.8 0.9 10.40.30.20.10
0

0.5

1

 (a)

0.5 0.6 0.7 0.8 0.9 10.40.30.20.10
0

0.5

1

 (b)

50 55 63
58 205 210

Original Image

Fuzzifier Rule Base

Blur Information

Switching Functions

Resulting Image

De-fuzzifier

215 223 230

18 23 31
25 234 237

242 247 250

.19 .21 .25

.23 .80 .82

.84 .87 .90

.07 .09 .12

.10 .92 .93

.95 .97 .98

 (c)

fIgurE 15.2 Explanation of fuzzy logic application. (a) Crisp membership 
function, (b) actual fuzzy membership function, (c) sample application of 
blur removal.
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Grayness ambiguity•	

Geometrical fuzziness•	

Vague (complex/ill-defined) knowledge•	

These problems are fuzzy in nature. The question of whether a pixel 
should become darker or brighter than it already is, the question 
regarding the boundary between two image segments, and the ques-
tion of what is a tree in a scene analysis problem, all of these and other 
similar questions are examples of situations that can be best managed 
by a fuzzy approach.

As an example, we can regard the variable “color” as a fuzzy set. It can 
be described with the membership set:

 color = {red, yellow, green, blue}

The noncrisp boundaries between the colors can be represented in a much 
better manner. This is shown in Figure 15.3.

15.2.2 fuzzy classifier

Image classification and segmentation were presented in Chapter 12, and 
it was observed there that the simple nearest neighbor rule can be eas-
ily implemented to segment similar pixels together. However, it required 
a teacher (supervised learning) to identify parts of the classes to be seg-
mented. Fuzzy c-means clustering is a technique that can be used for clas-
sifying data based on their dynamics of clustering around certain deduced 
centers. This does not necessarily need a training set, and can be used to 
perform the classification on images. The different theoretical components 
of fuzzy image processing provide diverse possibilities for development 

Red Yellow Green Blue

fIgurE 15.3 Fuzzy membership representing color space.
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of new segmentation techniques. The following list is a brief overview of 
different fuzzy approaches to image segmentation:

Fuzzy clustering algorithms: Fuzzy clustering is the oldest fuzzy 
approach to image segmentation. Algorithms such as fuzzy c-means 
and probabilistic c-means can be used to build clusters (segments). 
The class membership of pixels can be interpreted as similarity or 
compatibility with an ideal object or a certain property.

Fuzzy rule-based approach: If image features are interpreted as linguis-
tic variables, one can use fuzzy if–then rules to segment the image 
into different regions. A simple fuzzy segmentation rule may appear 
as follows:

IF the pixel is dark

AND its neighborhood is also dark AND homogeneous

THEN it belongs to the background.

Measures of fuzziness and image information: Measures of fuzziness 
(e.g., fuzzy entropy) and image information (e.g., fuzzy divergence) 
can be also used in segmentation and thresholding tasks that are 
commonly deployed in image processing algorithms.

Fuzzy geometry: Fuzzy geometrical measures such as fuzzy compact-
ness and index of area coverage can be used to measure the geo-
metrical fuzziness of different regions of an image. The optimization 
of these measures (e.g., minimization of fuzzy compactness regard-
ing the cross-over point of membership function) can be applied to 
make fuzzy and/or crisp pixel classifications.

15.2.2.1 Fuzzy C-Means Clustering
In this book, we have utilized the well-known fuzzy c-means clustering 
(FCMC) algorithm to reduce errors in GPS readings by mapping proximity 
of data points from GPS into its cluster centers. Furthermore, a dual-GPS 
receiving system is utilized that helps in reducing the error even further, 
because the actual position coordinate will now be the average of the most 
prominent cluster centers from the two sensors along the vehicle’s axis. 
The hardware was interfaced with LabView 7.1 for all the sensors, GPS 
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receivers, and control actuators. FCMC was implemented in MATLAB® 
6.5 and was incorporated with the LabView files.

FCMC is a data-clustering technique in which each data point belongs to a 
cluster to some degree that is specified by a membership grade. This technique 
was originally introduced by Jim Bezdek in 1981 as an improvement on earlier 
clustering methods. It provides a method of grouping data points that popu-
late some multidimensional space into a specific number of different clusters.

A fuzzy c-partition of X is defined by a (c*n) matrix U = [uik], where uik = 
ui(xk) is the degree of membership of xk in the ith cluster ui and { ui:x ➔ 
[0,1] }. The following properties must be true:
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Because of this distribution of membership among the c fuzzy clusters, fuzzy 
c-partition provides much more information about the structure in each data 
cluster than does hard c-partition. Then, to solve the following problem:

 
minimize Jm(U,V) =

 
u d x Vik

m
k i
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with respect to U = [uik], a fuzzy c-partition of n unlabeled data sets X = {x1, ..., 
xn}, and to V, a set of c fuzzy cluster centers V = (V1, ..., Vc), the parameter 
m > 1 is used as the fuzziness index. If m = 1, the algorithm is reduced to 
the hard c-means algorithm. The necessary conditions for the minimizer 
(U*,V*) of Jm(U,V) are defined as
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where d x V x Vk i k i
2 2( , ) || ||= −  is the distance from xk to the cluster center Vi.
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The classification algorithm used in Chapter 12 is modified in the follow-
ing example for the fuzzy c-mean clustering technique. As such, the need for 
a training set is eliminated, and artificial measures based on the mean of a 
selected-class area need not be calculated. Figure 15.4 shows the application 
example.

15.2.3 fuzzy denoising

A gray-tone image taken of a real scene will contain inherent ambiguities 
due to light dispersion on the physical surfaces. The neighboring pixels 
may have very different intensity values and yet represent the same surface 
region. In this book, a fuzzy set theoretic approach to representing, pro-
cessing, and quantitatively evaluating the ambiguity in gray-tone images is 
presented. The gray-tone digital image is mapped into a two-dimensional 
array of singletons called a fuzzy image. The value of each fuzzy single-
ton reflects the degree to which the intensity of the corresponding pixel 

 
(a) (b)

  

1.8

2
×107

1.6

1.4

1.2

1

0.8
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ec
tiv

e F
un
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e

0.6

0.4

0.2
0 10 20 30 40 50 60 70 80 90 100

Iteration #

(c) (d)

fIgurE 15.4 (See color insert following Page 204.) Example of using Fuzzy 
clustering technique for Image Classification. (a) Original RGB Image, (b) gray-
scale version of (a), (c) classified image, and (d) objective function progression.
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is similar to the neighboring pixel intensities. The inherent ambiguity in 
the surface information can be modified by performing a variety of fuzzy 
mathematical operations on the singletons. Once the fuzzy image process-
ing operations are complete, the modified fuzzy image can be converted 
back to a gray-tone image representation. The ambiguity associated with 
the processed fuzzy image is quantitatively evaluated by measuring the 
uncertainty present both before and after processing.

In previous chapters, certain types of image filters designed to 
remove noise were presented. Figure 15.5 shows the application of a 
fuzzy inference system (ANFIS) to remove noise from a supervised 
image. The implication is that a less noisy version of this image is used 
as a training set to fine-tune the membership functions to allocate new 
pixel values based on knowledge of the crude version of the image. 
This approach actually extracted a noise-free image from a highly 
noisy image.

 
(a) (b)

 
(c) (d)

fIgurE 15.5 Example of fuzzy denoising. (a) Original RGB Image, (b) 
grayscale version of (a), (c) noisy image in 0 mean unit variance Gaussian 
noise, (d) filtered image.
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15.3 ALgorIThMIc AccounT
The two examples presented in the previous section can be programmed 
according to the logic shown in Figures 15.6 and 15.7, respectively.

15.4 MATLAB codE
In this section, the MATLAB code used to generate the images in 
Figures 15.4 and 15.5 is presented.

% Unsupervised Classification with Fuzzy C-Mean
% Only input from user is the number of classes (N)

close all
clear all

N = 5 ; % Number of classes
x=imread(‘onion.png’);
figure ; imshow(x)

Start

Loop Image
(M × N)

Initialize C Centers
Convert Image to
Column Vector

Loop for
(M × N)

Update all c Fuzzy Cluster
Centers Using (15.3)

Compute all (c × n)
Memberships with (15.2)

Compute
Et = ||Vt+1 – V t||2

NoEt < ε

Yes
Assign Pseudo Colors

To each Cluster
Convert from Vector to Image

Display
Result

End

fIgurE 15.6 Algorithm for fuzzy clustering.
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y = rgb2gray(x);
figure ; imshow(y)
z = double(y) ;
[r,c] = size(y) ;

  Z = im2col(z,[1 1])’ ;
[center,U,obj_fcn] = fcm(Z,N);
c1 = sort(center)/max(center) ;
bn = (c1(2:N) - c1(1:N-1) ) / 2 + c1(1:N-1) ;
colors = [ 255 0 0 ; 0 255 0 ; 0 0 255 ; 255 255 0 ; 255 
0 255 ; 0 255 255 ; 255 255 255 ; 0 0 0 ] ;
Y = x ;

for j = 1 : 3
        Y(:,:,j) = colors(N,j) ;
end

for i = 1 : length(bn)
        z = col2im(U(i,:),[1 1],[r c]) ;
        [A,B] = find(z>=bn(i)) ;

Start

Load Source Image
Load Reference Image

Convert Images to
Column Vector

Loop for
(M × N)

Decide on New Pixel Values
Based on Reference Image

Neighborhood

Initialize Membership Space
Activate Rule-Base

Display
Result

End

fIgurE 15.7 Fuzzy denoising logic.
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        for k = 1 : length(A)
            for j = 1 : 3
            Y(A(k),B(k),j) = colors(i,j) ;
  end
 end
end
figure ; imshow(Y)

% Filtering

close all
clear all
x=imread(‘onion.png’);
figure ; imshow(x)
y = rgb2gray(x);
figure ; imshow(y)

z = imnoise(y,‘gaussian’,0,1) ; % actual noisy version
yn = imnoise(y,‘gaussian’) ; % low noise version
figure ; imshow(z)
y = double(y) ;
yn = double(yn) ;
z = double(z) ;
[r,c] = size(y) ;
Y = im2col(y,[1 1])’ ;
YN = im2col(yn,[1 1])’ ;
Z = im2col(z,[1 1])’ ;

delayed_Y = [0; Y(1:length(Y)-1)];
trn_data = [delayed_Y YN Z];
% Generating the initial FIS
mf_n = 3;
ss = 0.3;
in_fismat=genfis1(trn_data, mf_n);
% Using ANFIS to finetune the initial FIS
out_fismat = anfis(trn_data, in_fismat, [nan nan ss]);
% Testing the tuned model with training data
estimated_n2 = evalfis(trn_data(:, 1:2), out_fismat);
estimated_x = Z - estimated_n2;

yf = col2im(estimated_n2,[1 1],[r c]) ;
figure ; imshow(yf*0.004)

C7950.indb   265 9/17/09   5:08:04 PM

co
nt

ro
len

gin
ee

rs
.ir



266  �  digital Image Processing: An Algorithmic Approach with MATLAB®

15.5 suMMAry
Soft computing represents the nonconventional approach to solv-•	
ing engineering problems related to modeling, estimation, and pat-
tern recognition.

In general, the domain of soft computing encompasses fuzzy logic, •	
neural networks, genetic and evolutionary algorithms, swarm intel-
ligence, chaos theory, and similar techniques.

Soft computing can be applied to image processing for specific tasks.•	

Fuzzy logic has been presented in this chapter with applications to •	
image classification and denoising.

For classification, a fuzzy c-means clustering algorithm has been used.•	

For denoising, a fuzzy inference system is used with a reference •	
image for approximating the input image pixels.

MATLAB’s Fuzzy Logic Toolbox is used to implement the algorithms.•	

Along the same lines, neural networks can also be used for the same •	
two applications.

Other methodologies of soft computing could also be used. •	
However, which approach would be better would depend on the 
nature of the problem.

Usually, the better approach is a hybrid technique, in order to make •	
use of the best features of each method.

15.6 ExErcIsEs
 1. Repeat the denoising application discussed in Section 15.2.3 with a 

Neural Network as main decision maker instead of neighborhood 
rules. Use the NEWPNN function for the main network. Figure 15.7 
can be referred to for further clarification.

 2. Use the following set of kernels and develop a set of if-then-else rules 
to decide whether a foreground pixel is 1.
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 3. Implement Q #2 using the RBFNN function in MATLAB.
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Glossary

gLossAry of sELEcTEd TEchnIcAL TErMs
Binary images: Binary images are images whose pixels have only two pos-

sible intensity values. They are normally displayed as black and 
white. Numerically, the two values are often 0 for black, and either 
1 or 255 for white. Binary images are often produced by thresh-
olding a grayscale or color image in order to separate an object in 
the image from the background. The color of the object (usually 
white) is referred to as the foreground color. The rest (usually black) 
is referred to as the background color. However, depending on the 
image that is to be thresholded, this polarity might be inverted, in 
which case the object is displayed with 0 and the background with 
a nonzero value.

Bit: An acronym for a binary digit. It is the smallest unit of information 
that can be represented. A bit may be in one of two states, on or 
off, represented by a zero or a one.

Bit map: A representation of graphics or characters by individual pixels 
arranged in rows and columns. Black and white require 1 bit, 
while high-definition color requires up to 32 bits.

Brightness: Magnitude of the response produced in the eye by light.
Byte: A group of eight bits of digital data.
Color images: It is possible to construct (almost) all visible colors by 

combining the three primary colors, red, green, and blue (RGB), 
because the human eye has only three different color receptors, 
each of which is sensitive to one of the three colors. Full RGB 
color requires that the intensities of the three color components 
be specified for each and every pixel. It is common for each com-
ponent intensity to be stored as an 8-bit integer, and so each pixel 
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276  �  glossary

requires 24 bits to completely and accurately specify its color. If 
this is done, the image is known as a 24-bit color image.

Color depth: The number of color values that can be assigned to a single 
pixel in an image. Also known as bit depth, color depth can range 
from 1 bit (black and white) to 32 bits (over 16.7 million colors).

Color quantization: Color quantization is applied when the color informa-
tion of an image is to be reduced. The most common case is when a 
24-bit color image is transformed into an 8-bit color image.

Contrast: The difference between highlights and shadows in a photo-
graphic image. The larger the difference in density, the greater the 
contrast.

Contrast stretching: Improving the contrast of images by digital pro-
cessing. The original range of digital values is expanded to 
utilize the full contrast range of the recording film or display 
device.

Convolution: Convolution is a simple mathematical operation that is 
fundamental to many common image processing operators. 
Convolution provides a way of “multiplying together” two arrays 
of numbers, generally of different sizes, but of the same dimen-
sionality, to produce a third array of numbers of the same dimen-
sionality. This can be used in image processing to implement 
operators whose output pixel values are simple linear combina-
tions of certain input pixel values. The convolution is performed 
by sliding the kernel over the image, generally starting at the 
top-left corner, so as to move the kernel through all the positions 
where the kernel fits entirely within the boundaries of the image. 
(Note that implementations differ in what they do at the edges of 
images, as explained later.) Each kernel position corresponds to a 
single output pixel, the value of which is calculated by multiplying 
together the kernel value and the underlying image pixel value for 
each of the cells in the kernel, and then adding all these numbers 
together.

Correlation: A mathematical measure of the similarity between images 
or areas within an image. Pattern matching or correlation of an 
X-by-Y array size template to an image of the same size produces a 
scalar number, the percentage of match. Typically, the template is 
walked through a larger array to find the highest match.

Digital watermark: A unique identifier embedded in a file to deter piracy 
and prove file ownership and quality.
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Dilation: A morphological operation that moves a probe or structuring 
element of a particular shape over the image, pixel by pixel. When 
an object boundary is contacted by the probe, a pixel is preserved 
in the output image. The effect is to “grow” the objects.

Distance metrics: It is often useful in image processing to be able 
to calculate the distance between two pixels in an image, but 
this is not as straightforward as it seems. The presence of the 
pixel grid makes several so-called distance metrics possible, 
which often give different answers for the distance between 
the same pair of points. The three most important ones are 
the following:

 1. Euclidean distance—The straight line distance between two pixels 
at coordinates (x1,y1) and (x2,y2); the Euclidean distance is given by 

( ) ( )x x y y2 1
2

2 1
2− + − .

 2. City block distance—Also known as the Manhattan distance. This 
metric assumes that in going from one pixel to the other, it is only 
possible to travel directly along pixel grid lines. Diagonal moves are 
not allowed. Therefore, the city block distance is given by |x2 − x1| + 
|y2 − y1|.

 3. Chessboard distance—This metric assumes that you can make moves 
on the pixel grid as well as diagonally with equivalent distance. This 
means that the metric is given by (|x2 − x1| + |y2 − y1|).

Dithering: Dithering is an image display technique that is useful for over-
coming limited display resources. The word dither refers to a ran-
dom or semirandom perturbation of the pixel values.

Edge: A change in pixel values exceeding some threshold amount. Edges 
represent borders between regions on an object or in a scene.

Edge detection: The ability to determine the edge of an object.
Edge enhancement: The process of identifying edges or high frequencies 

within digital images.
Erosion: The converse of the morphology dilation operator. A morpho-

logical operation that moves a probe or structuring element of a 
particular shape over the image, pixel by pixel. When the probe 
fits inside an object boundary, a pixel is preserved in the output 
image. The effect is to “shrink” or “erode” objects as they appear 
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in the output image. Any shape smaller than the probe (i.e., noise) 
disappears.

Fast Fourier transform: Produces a new image that represents the fre-
quency domain content of the spatial or time domain image infor-
mation. Data is represented as a series of sinusoidal waves.

Frame grabber: This device is used to convert analog signals to digital 
signals; used in digital imaging.

Grayscale images: A grayscale (or gray-level) image is one in which the 
only colors are shades of gray. The reason for differentiating such 
images from any other type of color image is that less information 
needs to be provided for each pixel. In fact, a “gray” color is one in 
which the red, green, and blue components all have equal intensity 
in RGB space, and so it is only necessary to specify a single inten-
sity value for each pixel, as opposed to the three intensities needed 
to specify each pixel in a full-color image. Often, the grayscale 
intensity is stored as an 8-bit integer, giving 256 possible different 
shades of gray, from black to white. If the levels are evenly spaced, 
then the difference between successive gray levels is significantly 
better than the gray-level resolving power of the human eye.

High-pass filter: Allows detailed high-frequency image information 
to pass while attenuating low-frequency, slow-changing data. 
Opposite of low-pass filter.

Histogram: A graphical representation of the frequency of occurrence of 
each intensity or range of intensities (gray levels) of pixels in an 
image. The height represents the number of observations occur-
ring in each interval.

Histogram equalization: Modification of the histogram to evenly dis-
tribute a narrow range of image grayscale values across the entire 
available range.

Hue: The attribute of a color that differentiates it from gray of the same 
brilliance and that allows it to be classed as blue, green, red, or 
intermediate shades of these colors.

Image: Projection of an object or scene onto a plane (i.e., screen or image 
sensor).

Image analysis: The process of extracting features or attributes from an 
image based on properties of the image; evaluation of an image 
based on its features, for decision making.

Image capture/acquisition: The process of acquiring an image of a part or 
scene from sensor irradiation to acquisition of a digital image.
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Image distortion: A situation in which the image is not exactly true to 
scale with the object scale.

Image enhancement: Image processing operations that improve the visi-
bility of image detail and features. Usually performed either auto-
matically by software or manually by a user through an interactive 
application. Any one of a group of operations that improves the 
detectability of the targets or categories. These operations include, 
but are not limited to, contrast improvement, edge enhancement, 
spatial filtering, noise suppression, image smoothing, and image 
sharpening.

Image filter: A mathematical operation performed on a digital image at 
every pixel value to transform the image in some desired way.

Image processing: Conversion of an image into another image in order to 
highlight or identify certain properties of the image.

Image resampling: A technique for geometric correction in digital image 
processing. Through a process of interpolation, the output pixel 
values are derived as functions of the input pixel values combined 
with the computed distortion. Nearest neighbor, bilinear inter-
polation, and cubic convolution are commonly used resampling 
techniques.

Kernel: A kernel is (usually) a small matrix of numbers that is used in 
image convolutions. Different-sized kernels containing different 
patterns of numbers give rise to different results under convolu-
tion. The word kernel is also commonly used as a synonym for 
structuring element, which is a similar object used in mathemati-
cal morphology.

Masking: A mask is a binary image consisting of both zero and nonzero 
values. If a mask is applied to another binary or to a grayscale image 
of the same size, all pixels that are zero in the mask are set to zero in 
the output image. All other pixels remain unchanged. Masking can 
be implemented using either pixel multiplication or logical AND, 
the latter in general being faster. Masking is often used to restrict 
a point or arithmetic operator to an area defined by the mask. We 
can, for example, accomplish this by first masking the desired area 
in the input image and processing it with the operator, then mask-
ing the original input image with the inverted mask to obtain the 
unprocessed area of the image and, finally, recombining the two 
partial images using image addition. In some image processing 
packages, a mask can directly be defined as an optional input to a 
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point operator, so that the operator is automatically applied only to 
the pixels defined by the mask.

Mean squared error: The mean squared error is a measure of performance of 
a point estimator. It measures the average squared difference between 
the estimator and the parameter. For an unbiased estimator, the mean 
squared error is equal to the variance of the estimator.

Median: In a population or a sample, the median is the value that has just 
as many values above it as below it. If there are an even number 
of values, the median is the average of the two middle values. The 
median is a measure of central tendency. The median can also 
be defined as the 50th percentile. For symmetrical distributions, 
the median coincides with the mean and the center of the distri-
bution. For this reason, the median of a sample is often used as 
an estimator of the center of the distribution. If the distribution 
has heavier tails than the normal distribution, then the sample 
median is usually a more precise estimator of the distribution 
center than is the sample mean.

Median filter: A method of image smoothing that replaces each pixel value 
with the median grayscale value of its immediate neighbors.

Mode: The mode is a value that occurs with the greatest frequency in a 
population or a sample. It could be considered as the single value 
most typical of all the values.

Morphology: Group of mathematical operations based on manipulation 
and recognition of shapes. The study of shapes and the methods 
used to transform or describe shapes of objects. Also called math-
ematical morphology. Operations may be performed on either 
binary or grayscale images.

Noise: Random or repetitive events that obscure or interfere with the 
desired information.

Noisy image: An image with many pixels of different intensities. An 
untuned TV picture produces a very noisy or random image. 
(Note that sound has nothing to do with a noisy image.)

Normal distribution: The normal distribution is a probability density 
that is bell-shaped, symmetrical, and single-peaked. The mean, 
median, and mode coincide and lie at the center of the distribu-
tion. The two tails extend indefinitely and never touch the x-axis 
(asymptotic to the x-axis). A normal distribution is fully specified 
by two parameters: the mean and the standard deviation.
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Pattern recognition: A process of decision making in which a new input 
is recognized as a member of a given class by a comparison of its 
attributes with the already known pattern of common attributes 
or members of that class.

Picture element (pixel): In a digitized image, this is the area on the ground 
represented by each digital value. Because the analog signal from 
the detector of a scanner may be sampled at any desired interval, 
the picture element may be smaller that the ground resolution cell 
of the detector. Commonly abbreviated as pixel.

Principal components analysis: The purpose of principal components 
analysis is to derive a small number of linear combinations (prin-
cipal components) of a set of variables that retain as much of the 
information in the original variables as possible. This technique 
is often used when there are large numbers of variables, and you 
wish to reduce them to a smaller number of variable combina-
tions by combining similar variables (ones that contain much 
the same information). Principal components are linear combi-
nations of variables that retain maximal amount of information 
about the variables. The term “maximal amount of information” 
here means the best least-squares fit, or, in other words, maximal 
ability to explain variance of the original data.

Resolution: The ability to distinguish closely spaced objects on an image 
or photograph. Commonly expressed as the spacing, in line pairs 
per unit distance, of the most closely spaced lines that can be 
distinguished.

RGB: Acronym for red–green–blue. A model for describing colors that are 
produced by emitting light, as on a video monitor, rather than by 
absorbing it, as with ink on paper. The three kinds of cone cells 
in the eye respond to red, green, and blue light, respectively, so 
percentages of these additive primary colors can be mixed to get 
the appearance of any desired color.

Segmentation: The process of dividing a scene into a number of individ-
ual objects or contiguous regions, differentiating them from each 
other and the image background.

Template: An artificial model of an object or a region or feature within 
an object.

Template matching: A form of correlation used to find out how well two 
images match.
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Texture: The degree of smoothness of an object surface. Texture affects 
light reflection, and is made more visible by shadows formed by 
its vertical structures.

Thresholding: The process of converting a grayscale image into a binary 
image. If the pixel’s value is above the threshold, it is converted to 
white. If it is below the threshold, the pixel value is converted to 
black.
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Index

A

Affine transformations 60
AND 63, 74, 77, 80, 259
Array 8, 29, 33, 34, 142, 152, 242, 261
Attacks on Watermarks 199, 200

B

Background 25, 44, 50, 56, 61
Binary images  29, 31, 32, 34, 37, 62, 155, 

175, 275
Bit 5, 7, 12, 13, 14, 16, 24, 26, 27, 29, 38, 

41, 43, 50, 67, 140, 143, 144, 145, 
146, 149, 150, 224

Blending 43, 46, 54
Blind deconvolution 123, 124, 125
Blur 68, 69, 70, 75, 78, 79136, 255, 257
BMP 24, 139, 149
Brightness 1, 2, 3, 29, 46, 84, 142, 150, 206
bwmorph 188, 189, 190
Byte 139

c

Canny operator 99, 160, 169, 170
Chrominance 27, 28
Closing see bwmorph
col2im 264, 265
Color images 9, 15, 25, 48, 140
Color image segmentation 221, 259
Color map 29, 32, 34
Compass Operator 171
Contrast 1, 46, 111, 123, 157
Contrast stretching 123
conv2 52, 54, 171
Converting between color spaces 27, 28

Converting between RGB, indexed and 
gray-scale images 29, 32, 35, 37

Convolution 9, 104, 112, 125
Correlation 227

d

Deconvolution 123, 124, 125
deconvlucy 136 
deconvwnr 136
Defuzzification 255
Degree of membership 260
Digital watermark 194
Dilation 175, 176, 177, 178, 179, 180, 181, 

183, 188, 190, 191, 226, 232, 
233, 234

degree of membership 260
Discrete cosine transform (DCT) 142, 

144
Discrete Fourier transform 100, 196
Dithering 37

E

Edge  91, 94, 103, 142, 149, 155, 162–175, 
182, 184, 256

Edge detection 155, 160, 161, 172
Edge enhancement 111, 120
Encryption 193
Entropy 173
Equalization 103, 123, 138
Erosion 179, 187, 189, 232–234

f

Face Recognition 241, 243, 245, 248
Fast Fourier transform 3, 84, 100
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FCMC (Fuzzy c-means clustering) see 
Fuzzy clustering

fft2 96, 97, 119
fftshift 95, 96, 97
FIS (Fuzzy Inference System) 265
Filter 11, 37, 51
Fourier 3, 51, 83
Frame grabber 22, 23
Frequency domain 9, 51, 84
Frequency domain filtering 103
fspecial 52, 54, 78
Fuzzy clustering 259
Fuzzy denoising 261, 264, 265
Fuzzy processing 255
Fuzzification 255
Fuzzy set 255, 256, 258

g

Geometric transformations 59
GIF 24, 150
gray2ind 32, 37
Grayscale images 37, 178, 229
Gaussian 16, 67, 70

h

H∞ 129, 130, 134
High-pass  89, 94, 96
High-pass filter 89, 94, 96, 111, 112, 120, 

138
Histogram 123, 138, 173
Histogram equalization 123, 138
Hough transform 83, 91, 93, 94, 95, 97, 

99, 167
HSV 28, 32, 37
Hue 27, 28, 150
Huffman 149, 151, 152

I

ifft2 119, 236
im2bw 32, 35, 37
Image acquisition 19
Image analysis 92, 208, 221
Image compression 15, 24, 28, 88, 100, 

139, 140, 149, 154, 198, 200, 204
Image enhancement 1, 11, 15, 46, 123

Image processing 1, 2, 3, 4, 5, 6, 7, 8, 9, 10
Image processing toolbox 9, 10, 11
Image restoration 123, 124, 125
Image sharpening 53, 167, 173 
Image smoothing 103, 104, 108, 111, 164, 

168
imdilate see bwmorph
imerode see bwmorph
imfilter 78, 79, 117
imnoise 14, 77, 117
Implication 262
imrotate 76, 97
imwrite 25, 36
ind2gray 32, 35, 37
ind2rgb 32, 37
Inference 262, 266
Indexed images 29, 37
Intensity 6, 15, 22
Inverse 51, 84, 89

J

JPEG 13, 24, 28, 139, 149, 150
JPEG compression 28, 154, 198, 204

k

Kernel 68, 83, 104, 105, 108, 111, 112, 115, 
120, 125, 156, 158, 160, 161, 162, 
164, 167

L

L*a*b* 216, 237
Laplacian of Gaussian see LoG
Line detection 166, 167
LoG 163, 164, 165, 171, 172, 173
Low-pass 81, 89, 90, 94
Luminance 27, 28, 37
Lucy–Richardson algorithm 132

M

M-file 13, 38, 56, 57
MATLAB 1, 3, 5, 7, 8
Mahalanobis 248, 251, 252
makecform 216, 238
Mask 44, 63, 75
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Masking 59, 63, 80, 103, 111, 112, 115
Matrix 7, 8, 9, 10
medfilt2 117, 118, 235
Median 105
median 105, 106, 107, 108, 115, 116, 120, 

219, 226, 232, 233, 234, 238, 240
Median filter 105, 106, 107, 108, 115
Membership function 256, 257
mesh 52, 54, 90
Mode 182, 190, 256
Morphology 124

n

Neighborhood 11, 61, 70
Noise 16, 59, 65–69, 71, 74, 80, 118–121, 

123, 222, 224, 225, 226, 244, 
262, 265

Noisy image 6, 11, 12, 16, 17, 51, 100, 106, 
107, 109, 110, 120, 121, 173, 203, 
262

o

Opening see bwmorph
Operators

Affine 59, 61 
Arithmetic 39, 56
Boolean see Logical
Geometric see Affine Operators
Logical 63, 76, 80
Morphological 11, 175, 190 

P

Pattern recognition 210, 266
PCA see Principal Components Analysis
Picture element 3, 33
Pixel 3, 4, 5, 13
Prewitt operator 158, 159, 170, 172
Principal components 242, 244, 250
Principal components analysis 242, 244

r

rand 136, 203, 251
Region of interest see ROI

Resolution 3, 5, 6, 7, 12, 14, 16, 41, 89, 90
rgb2gray 32, 35, 37
rgb2ind 32, 35, 37
rgb2ycbcr 329
RGB 25, 29, 30, 32, 34, 35, 150, 176, 196, 

227, 261
RGB color cube 26, 27
ROI  2, 46, 190, 216, 230
roipoly 216, 237
rot90 171

s

Salt and pepper 5, 11 , 75
Saturation 27, 28, 29
save 150, 151, 204
Segmentation 205, 207, 209, 211, 212, 221, 

258, 259
Sharpening 53, 167, 173
Signal to Noise ratio 5
Skeleton 183, 185, 186
Smoothing 103, 104, 108, 163
SNR 5
Sobel operator 156, 157, 162, 168,170, 172, 

174, 191, 227, 
Spatial filter 103 

T

Template 163, 241, 242
Template matching 163, 241, 242
Texture 155, 210
Thickening 175, 176, 183
Thinning 175, 176, 182
Thresholding 31, 32, 34, 37, 38, 57, 72, 94, 

155, 168, 169, 172, 173, 259
TIFF 25, 149
Toolboxes 8, 11, 16
Tracking 221

Correlation-based 227
Color-based 229

Transform 3, 51, 80

v

videoinput 32, 33
video 19, 22, 23, 28, 32, 36, 56, 195, 221, 

222, 223, 239, 241, 245
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W

Watermarking 193, 194, 195, 196, 197,  
201

Wavelet 85, 88, 90, 92, 94, 96, 98,  
100

Wiener 128, 129, 130, 132, 133,  
137

winvideo 33 

y

YCbCr  28, 32, 37, 150

z

Zadeh 253, 255
Zames 129
Zero-Crossing Operator 163, 171
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(a) (b)

 
(c) (d)

COLOR FiguRe 1.1 Digitization of a continuous image. (a) Original image 
of size 391 × 400 × 3, (b) image information is almost lost if sampled at a 
distance of 10 pixels, (c) resultant pixels when sampling distance is 2, (d) 
new image with 2-pixel sampling with size 196 × 200 × 3.

 
(a) (b)

 
(c) (d)

COLOR FiguRe 1.3 The effect of bit-resolution. (a) Original image with 8-bit 
resolution, (b) 4-bit resolution, (c) 3-bit resolution, (d) 2-bit resolution.
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COLOR FiguRe 2.4 The human eye, its sensory cells, and RGB model 
sensitivity curves. (a) Diagram of the human eye showing various parts 
of interest, (b) cells of rods and cones under the electron microscope, (c) 
experimental curves for the excitation of cones for different frequencies.
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COLOR FiguRe 2.5 RGB color cube for the 8-bit unsigned integer repre-
sentation system.
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COLOR FiguRe 2.6 Illustration of the HSV color space.
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COLOR FiguRe 2.8 Anatomy of image types. (a) Index image with 128 
color levels showing the values of indices and the map for a selected area 
in the image, (b) index image with 8 color levels, (c) grayscale image for 
index image with 8 levels.

 
(a) (b)

 
(c) (d)

COLOR FiguRe 2.11 Original RGB image with its components. (a) Source 
RGB image, (b) red component, (c) green component, (d) blue component.
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COLOR FiguRe 4.1 Various affine operations. (a) Original image, (b) 
translated by (±240, ±320), (c) rotated by 45°, (d) scaled by 25%.
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(c) (d)

COLOR FiguRe 5.1 Application of Fourier transform to images. (a) Original 
RGB image, (b) R, (c) G, (d) B components of the Fourier-transformed 
image.
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COLOR FiguRe 11.1 Concept of watermarking.
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COLOR FiguRe 12.1 Image classification using the grayscale ranges only. 
(a) Original RGB image, (b) grayscale version of (a), (c) segmented image.
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COLOR FiguRe 12.3 Application of nearest neighbor algorithm to classify 
the given image into its classes. (a) Sample image, (b) selected areas as 
training classes, (c) segmented image, (d) class boundaries.

 
(a) (b)

 
(c) (d)

COLOR FiguRe 13.6 Declaring various classes for color-based tracking. 
(a) Target 1 is highlighted for red color, (b) target 2 is highlighted for blue 
color, (c) background is highlighted, (d) dark areas are highlighted.
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COLOR FiguRe 15.4 Example of using Fuzzy clustering technique for 
image classification. (a) Original RGB Image, (b) grayscale version of (a), 
(c) classified image, and (d) objective function progression.
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