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Preface

Solutions to problems in the field of digital image processing generally require
extensive experimental work involving software simulation and testing with large sets
of sample images. Although algorithm development typically is based on theoretical
underpinnings, the actual implementation of these algorithms almost always requires
parameter estimation and, frequently, algorithm revision and comparison of candidate
solutions. Thus, selection of a flexible, comprehensive, and well-documented software
development environment is a key factor that has important implications in the cost,
development time, and portability of image processing solutions.

In spite of its importance, surprisingly little has been written on this aspect of the
field in the form of textbook material dealing with both theoretical principles and soft-
ware implementation of digital image processing concepts. This book was written for
just this purpose. Its main objective is to provide a foundation for implementing image
processing algorithms using modern software tools. A complementary objective was to
prepare a book that is self-contained and easily readable by individuals with a basic
background in digital image processing, mathematical analysis, and computer pro-
gramming, all at a level typical of that found in a junior/senior curriculum in a techni-
cal discipline. Rudimentary knowledge of MATLAB also is desirable.

To achieve these objectives, we felt that two key ingredients were needed. The
first was to select image processing material that is representative of material cov-
ered in a formal course of instruction in this field. The second was to select soft-
ware tools that are well supported and documented, and which have a wide range
of applications in the “real” world.

To meet the first objective, most of the theoretical concepts in the following chapters
were selected from Digital Iimage Processing by Gonzalez and Woods, which has been
the choice introductory textbook used by educators all over the world for over two
decades. The software tools selected are from the MATLAB Image Processing Toolbox
(IPT), which similarly occupies a position of eminence in both education and industrial
applications. A basic strategy followed in the preparation of the book was to provide a
seamless integration of well-established theoretical concepts and their implementation
using state-of-the-art software tools.

‘The book is organized along the same lines as Digital Image Processing. In this way,
the reader has easy access to a more detailed treatment of all the image processing
concepts discussed here, as well as an up-to-date set of references for further reading.
Following this approach made it possible to present theoretical material in a succinct
manner and thus we were able to maintain a focus on the software implementation as-
pects of image processing problem solutions. Because it works in the MATLAB com-
puting environment, the Image Processing Toolbox offers some significant advantages,
not only in the breadth of its computational tools, but also because it is supported
under most operating systems in use today. A unique feature of this book s its empha-
sis on showing how to develop new code to enhance existing MATLAB and IPT func-
tionality. This is an important feature in an area such as image processing, which, as
noted eatlier, is characterized by the nieed for extensive algorithm development and
experimental work.

After an introduction to the fundamentals of MATLAB functions and program-
ming, the book proceeds to address the mainstream areas of image processing. The
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major areas covered include intensity transformations, linear and nonlinear spatial fil-
tering, filtering in the frequency domain, image restoration and registration, color
image processing, wavelets, image data compression, morphological image processing,
image segmentation, region and boundary representation and description, and object
recognition. This material is complemented by numerous illustrations of how to solve
image processing problems using MATLAB and IPT functions. In cases where a func-
tion did not exist, a new function was written and documented as part of the instruc-
tional focus of the book. Over 60 new functions are included in the following chapters.
These functions increase the scope of IPT by approximately 35 percent and also serve
the important purpose of further illustrating how to implement new image processing
software solutions.

The material is presented in textbook format, not as a software manual. Although
the book is self-contained, we have established a companion Web site (see Section 1.5)
designed to provide support in a number of areas. For students following a formal
course of study or individuals embarked on a program of self study, the site contains
tutorials and reviews on background material, as well as projects and image databases,
including all images in the book. For instructors, the site contains classroom presenta-
tion materials that include PowerPoint slides of all the images and graphics used in the
book. Individuals already familiar with image processing and IPT fundamentals will
find the site a useful place for up-to-date references, new implementation techniques,
and a host of other support material not easily found elsewhere. All purchasers of the
book are eligible to download executable files of all the new functions developed in
the text.

As is true of most writing efforts of this nature, progress continues after work on the
manuscript stops. For this reason, we devoted significant effort to the selection of ma-
terial that we believe is fundamental, and whose value is likely to remain applicable in
a rapidly evolving body of knowledge. We trust that readers of the book will benefit
from this effort and thus find the material timely and useful in their work.
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Preview

Digital image processing is an area characterized by the need for extensive ex-
perimental work to establish the viability of proposed solutions to a given
problem. In this chapter we outline how a theoretical base and state-of-the-art
softwarc? can be integrated into a prototyping environment whose objective is
to provide a set of well-supported tools for the solution of a broad class of
problems in digital image processing,

11 Background

An important characteristic underlying the design of image processing sys-
tems is the significant level of testing and experimentation that normally is re-
quired before arriving at an acceptable solution. This characteristic implies
tpat the ability to formulate approaches and quickly prototype candidate solu-
tions generally plays a major role in reducing the cost and time required to
arrive at a viable system implementation.

Little has been written in the way of instructional material to bridge the gap
betyveen theory and application in a well-supported software environment. The
main objective of this book is to integrate under one cover a broad base of the-
Orfatlcal concepts with the knowledge required to implement those concepts
using state-of-the-art image processing software tools. The theoretical underpin-
nings of the material in the following chapters are mainly from the leading text-
book in the field: Digital Image Processing, by Gonzalez and Woods, published
by Prentice Hall. The software code and supporting tools are based on the lead-
Ing software package in the field: The MATLAB Image Processing Toolbox.!

+ . . . .

bl;lgioe folllow;ng gxlscussxon and in subsequent chapters we sometimes refer to Digital Image Processing
Jonzalez and Woods as “‘the Gonzalez-Woods book,” and to the Image Processi “IPT”

o Saply g e oods 2 ge Processing Toolbox as “IPT
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from The MathWorks, Inc. (see Section 1.3). The material in the present book
shares the same design, notation, and style of presentation as the Gonzalez-
Woods book, thus simplifying cross-referencing between the two.

The book is self-contained. To master its contents, the reader should have
introductory preparation in digital image processing, either by having taken a
formal course of study on the subject at the senior or first-year graduate level,
or by acquiring the necessary background in a program of self-study. It is as-
sumed also that the reader has some familiarity with MATLAB, as well as
rudimentary knowledge of the basics of computer programming, such as that
acquired in a sophomore- or junior-level course on programming in a techni-
cally oriented language. Because MATLAB is an array-oriented language.
basic knowledge of matrix analysis also is helpful.

The book is based on principles. It is organized and presented in a textbook
format, not as a manual. Thus, basic ideas of both theory and software are ex-
plained prior to the development of any new programiming concepts. The ma-
terial is illustrated and clarified further by numerous examples ranging from
medicine and industrial inspection to remote sensing and astronomy. This ap-
proach allows orderly progression from simple concepts to sophisticated im-
plementation of image processing algorithms. However, readers already
familiar with MATLAB, IPT, and image processing fundamentals can proceed
directly to specific applications of interest, in which case the functions in the
book can be used as an extension of the family of IPT functions. All new func-
tions developed in the book are fully documented, and the code for each is
included either in a chapter or in Appendix C.

Over 60 new functions are developed in the chapters that follow. These
functions complement and extend by 35% the set of about 175 functions in
IPT. In addition to addressing specific applications, the new functions are clear
examples of how to combine existing MATLAB and IPT functions with new
code to develop prototypic solutions to a broad spectrum of problems in digi-
tal image processing. The toolbox functions, as well as the functions developed
in the book, run under most operating systems. Consult the book Web site (see

Section 1.5) for a complete list.

#%8 What Is Digital Image Processing?

An image may be defined as a two-dimensional function, f(x, y). where x and
y are spatial coordinates, and the amplitude of f at any pair of coordinates
(x. y) is called the intensity or gray level of the image at that point. When x, y,
and the amplitude values of f are all finite, discrete quantities, we call the
image a digital image. The field of digital image processing refers to processing
digital images by means of a digital computer. Note that a digital image is com-
posed of a finite number of elements, each of which has a particular location
and value. These elements are referred to as picture elements, image elements.
pels, and pixels. Pixel is the term most widely used to denote the elements ofa
digital image. We consider these definitions formally in Chapter 2.

1.2 # What Is Digital Image Processing?

Vision is the most advanced of our senses, so it is not surprising that images
play the single most important role in human perception. However, unlike hu-
mans, who are limited to the visual band of the electromagnetic (EM) spec-
trum, imaging machines cover almost the entire EM spectrum, ranging from
gamma to radio waves. They can operate also on images generated by sources
that humans are not accustomed to associating with images. These include ul-
trasound, electron microscopy, and computer-generated images. Thus, digital
image processing encompasses a wide and varied field of applications.

There is no general agreement among authors regarding where image pro-
cessing stops and other related areas, such as image analysis and computer vi-
sion, start. Sometimes a distinction is made by defining image processing as a
discipline in which both the input and output of a process are images. We be-
lieve this to be a limiting and somewhat artificial boundary. For example,
under this definition, even the trivial task of computing the average intensity
of an image would not be considered an image processing operation. On the
other hand, there are fields such as computer vision whose ultimate goal is to
use computers to emulate human vision, including learning and being able to
make inferences and take actions based on visual inputs. This area itself is a
branch of artificial intelligence (AI), whose objective is to emulate human in-
telligence. The field of Al is in its earliest stages of infancy in terms of devel-
opment, with progress having been much slower than originally anticipated.
"I'he area of image analysis (also called image understanding) is in between
image processing and computer vision,

There are no clear-cut boundaries in the continuum from image processing
at one end to computer vision at the other. However, one useful paradigm is to
consider three types of computerized processes in this continuum: low-, mid-,
and high-level processes. Low-level processes involve primitive operations
such as image preprocessing to reduce noise, contrast enhancement, and image
sharpening. A low-level process is characterized by the fact that both its inputs
and outputs are images. Mid-level processes on images involve tasks such as
segmentation (partitioning an image into regions or objects), description of
those objects to reduce them to a form suitable for computer processing, and
cla_ssification (recognition) of individual objects. A mid-level process is charac-
teflzed by the fact that its inputs generally are images, but its outputs are at-
_tr1§utes extracted from those images (e.g., edges, contours, and the identity of
individual objects). Finally, higher-level processing involves “making sense” of
an ensemble of recognized objects, as in image analysis, and, at the far end
of the continuum, performing the cognitive functions normally associated with
human vision.

Basgd on the preceding comments, we see that a logical place of overlap be-
.tWe.en image processing and image analysis is the area of recognition of
{ndwidual regions or objects in an image. Thus, what we call in this book digital
image processing encompasses processes whose inputs and outputs are images
and, in addition, encompasses processes that extract attributes from images, up
to and including the recognition of individual objects. As a simple illustration

3
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to clarify these concepts, consider the area of automated analysis of text. The
processes of acquiring an image of the area containing the text, preprocessing
that image, extracting (segmenting) the individual characters, describing the
characters in a form suitable for computer processing, and recognizing those
individual characters, are in the scope of what we call digital image processing
in this book. Making sense of the content of the page may be viewed as
being in the domain of image analysis and even computer vision, depending on
the level of complexity implied by the statement “making sense.” Digital
image processing, as we have defined it, is used successfully in a broad range of
areas of exceptional social and economic value.

| Background on MATLAB and the Image
Processing Toolbox

MATLAB is a high-performance language for technical computing. It inte-
grates computation, visualization, and programming in an easy-to-use environ-
ment where problems and solutions are expressed in familiar mathematical
notation. Typical uses inctude the following:

¢ Math and computation

¢ Algorithm development

» Data acquisition

v Modeling, simulation, and prototyping

» Data analysis, exploration, and visualization

¢ Scientific and engineering graphics

o Application development, including graphical user interface building

MATLAB is an interactive system whose basic data element is an array that
does not require dimensioning. This allows formulating solutions to many
technical computing problems, especially those involving matrix representa-
tions, in a fraction of the time it would take to write a program in a scalar non-
interactive language such as C or Fortran.

The name MATLAB stands for matrix laboratory. MATLAB was written
originally to provide easy access to matrix software developed by the LIN-
PACK (Linear System Package) and EISPACK (Eigen System Package) pro-
jects. Today, MATLAB engines incorporate the LAPACK (Linear Algebra
Package) and BLAS (Basic Linear Algebra Subprograms) libraries, constitut-
ing the state of the art in software for matrix computation.

In university environments, MATLAB is the standard computational tool for
introductory and advanced courses in mathematics, engineering, and science. In
industry, MATLAB is the computational tool of choice for research, develop-
ment, and analysis. MATLAB is complemented by a family of application-
specific solutions called toolboxes. The Image Processing Toolbox is a collection
of MATLAB functions (called M-functions or M-files) that extend the capabili-
ty of the MATLAB environment for the solution of digital image processing
problems. Other toolboxes that sometimes are used to complement [PT are the
Signal Processing, Neural Network, Fuzzy Logic, and Wavelet Toolboxes.

1.4 # Areas of Image Processing Covered in the Book 5

The MATLAB Student Version includes a full-featured version of
MATLAB. The Student Version can be purchased at significant discounts at
university bookstores and at the MathWorks” Web site (www.mathworks.com).
Student versions of add-on products, including the Image Processing Toolbox,
also are available.

| Areas of Image Processing Covered in the Book

Every chapter in this book contains the pertinent MATLAB and IPT material
needed to implement the image processing methods discussed. When a MAT-
LAB or IPT function does not exist to implement a specific method, a new
function is developed and documented. As noted earlier, a complete listing of
every new function is included in the book. The remaining eleven chapters
cover material in the following areas.

Chapter 2: Fundamentals. This chapter covers the fundamentals of MATLAB
notation, indexing, and programming concepts. This material serves as founda-
tion for the rest of the book.

Chapter 3: Intensity Transformations and Spatial Filtering. This chapter cov-
ers in detail how to use MATLAB and IPT to implement intensity transfor-
mation functions. Linear and nonlinear spatial filters are covered and
illustrated in detail.

Chapter 4: Processing in the Frequency Domain. The material in this chapter
shows how to use IPT functions for computing the forward and inverse fast
Fourier transforms (FFTs), how to visualize the Fourier spectrum, and how to
implement filtering in the frequency domain. Shown also is a method for gen-
erating frequency domain filters from specified spatial filters.

Chapter 5: Image Restoration. Traditional linear restoration methods, such as
the Wiener filter, are covered in this chapter. Iterative, nonlinear methods,
such as the Richardson-Lucy method and maximum-likelihood estimation for
blind deconvolution, are discussed and illustrated. Geometric corrections and
image registration also are covered.

Chapter 6: Color Image Processing. This chapter deals with pseudocolor and
full-color image processing. Color models applicable to digital image process-
ing are discussed, and IPT functionality in color processing is extended via im-
plementation of additional color models. The chapter also covers applications
of color to edge detection and region segmentation.

Chapter 7: Wavelets. In its current form, IPT does not have any wavelet trans-
forms. A set of wavelet-related functions compatible with the Wavelet Toolbox
is developed in this chapter that will allow the reader to implement all the
wavelet-transform concepts discussed in the Gonzalez-Woods book.

Chapter 8: Image Compression. The toolbox does not have any data compres-
sion functions. In this chapter, we develop a set of functions that can be used
for this purpose.
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Chapter 9: Morphological Image Processing. The broad spectrum of func-
tions available in IPT for morphological image processing are explained and
illustrated in this chapter using both binary and gray-scale images.

Chapter 10: Image Segmentation. The set of IPT functions available for
image segmentation are explained and illustrated in this chapter. New func-
tions for Hough transform processing and region growing also are developed.

Chapter 11: Representation and Description. Several new functions for ob-
ject representation and description, including chain-code and polygonal repre-
sentations, are developed in this chapter. New functions are included also for
object description, including Fourier descriptors, texture, and moment invari-
ants. These functions complement an extensive set of region property func-
tions available in IPT.

Chapter 12: Object Recognition. One of the important features of this chap-
ter is the efficient implementation of functions for computing the Euclidean
and Mahalanobis distances. These functions play a central role in pattern
matching. The chapter also contains a comprehensive discussion on how to
manipulate strings of symbols in MATLAB. String manipulation and matching
are important in structural pattern recognition.

In addition to the preceding material, the book contains three appendices.

Appendix A: Contains a summary of all IPT and new image-processing func-
tions developed in the book. Relevant MATLAB function also are included.
This is a useful reference that provides a global overview of all functions in the
toolbox and the book.

Appendix B: Contains a discussion on how to implement graphical user inter-
faces (GUIs) in MATLAB. GUISs are a useful complement to the material in
the book because they simplify and make more intuitive the control of inter-
active functions.

Appendix C: New function listings are included in the body of a chapter when
a new concept is explained. Otherwise the listing is included in Appendix C.
This is true also for listings of functions that are lengthy. Deferring the listing
of some functions to this appendix was done primarily to avoid breaking the
flow of explanations in text material.

: The Book Web Site

An important feature of this book is the support contained in the book Web
site. The site address is

www.prenhall.com/gonzalezwoodseddins
This site provides support to the book in the following areas:

* Downloadable M-files, including all M-files in the book
e Tutorials

1.7 & The MATLAB Working Environment

Projects

Teaching materials

Links to databases, including all images in the book
Book updates

Background publications

The site is integrated with the Web site of the Gonzalez-Woods book:
www.prenhall.com/gonzalezwoods

which offers additional support on instructional and research topics.

' Notation

Equations in the book are typeset using familiar italic and Greek symbols,
as in f(x,y) = Asin(ux + vy) and ¢(u, v) = tan '[I(u, v)/R(u, v)]. All
MATLAB function names and symbols are typeset in monospace font, as in
fft2(f), logical(A),and roipoly(f, ¢, r).

The first occurrence of a MATLAB or IPT function is highlighted by use of
the following icon on the page margin:

Similarly, the first occurrence of a new function developed in the book is high-
lighted by use of the following icon on the page margin:

function name
o

The symbol -—.mm=s is used as a visual cue to denote the end of a function
listing.

When referring to keyboard keys, we use bold letters, such as Return and
Tab. We also use bold letters when referring to items on a computer screen or
menu, such as File and Edit.

The MATLAB Working Environment

In this section we give a brief overview of some important operational aspects
of using MATLAB.

1.7.1 The MATLAB Desktop

The MATLAB desktop is the main MATLAB application window. As Fig. 1.1
shows, the desktop contains five subwindows: the Command Window, the
Workspace Browser, the Current Directory Window, the Command History
Window, and one or more Figure Windows, which are shown only when the
user displays a graphic.

7
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IGURE 1.1 The MATLARB desktop and its principal components.

The Command Window is where the user types MATLAB commands and
expressions at the prompt (>>) and where the outputs of those commands are
displayed. MATLAB defines the workspace as the set of variables that the
user creates in a work session. The Workspace Browser shows these variables
and some information about them. Double-clicking on a variable in the Work-
space Browser launches the Array Editor, which can be used to obtain infor-
mation and in some instances edit certain properties of the variable.

The Current Directory tab above the Workspace tab shows the contents of
the current directory, whose path is shown in the Current Directory Window.
For example, in the Windows operating system the path might be as follows:
C\MATLAB\Work, indicating that directory “Work” is a subdirectory of
the main directory “MATLAB,” which is installed in drive C. Clicking on the
arrow in the Current Directory Window shows a list of recently used paths.
Clicking on the button to the right of the window allows the user to change the
current directory.

1.7 @ The MATLAB Working Environment

MATLAB uses a search path to find M-files and other MATLAB-related
files, which are organized in directories in the computer file system. Any file
run in MATLAB must reside in the current directory or in a directory that
is on the search path. By default, the files supplied with MATLAB and
MathWorks toolboxes are included in the search path. The easiest way to
see which directories are on the search path, or to add or modify a search
path, is to select Set Path from the File menu on the desktop, and then use
the Set Path dialog box. It is good practice to add any commonly used di-
rectories to the search path to avoid repeatedly having the change the cur-
rent directory.

The Command History Window contains a record of the commands a user
has entered in the Command Window, including both current and previous
MATLAB sessions. Previously entered MATLAB commands can be selected
and re-executed from the Command History Window by right-clicking on a
command or sequence of commands. This action launches a menu from which
to select various options in addition to executing the commands. This is a use-
ful feature when experimenting with various commands in a work session.

1.7.2 Using the MATLAB Editor to Create M-Files

The MATLAB editor is both a text editor specialized for creating M-files and
a graphical MATLAB debugger. The editor can appear in a window by itself,
or it can be a subwindow in the desktop. M-files are denoted by the extension
.m, as in pixeldup.m. The MATLAB editor window has numerous pull-down
menus for tasks such as saving, viewing, and debugging files. Because it per-
forms some simple checks and also uses color to differentiate between various
elements of code, this text editor is recommended as the tool of choice for
writing and editing M-functions. To open the editor, type edit at the prompt in
the Command Window. Similarly, typing edit filename at the prompt opens
the M-file filename.m in an editor window, ready for editing. As noted earli-
er, the file must be in the current directory, or in a directory in the search path.

1.7.3 Getting Help

The principal way to get help online is to use the MATLAB Help Browser,
opened as a separate window either by clicking on the question mark symbol
(?) on the desktop toolbar, or by typing helpbrowser at the prompt in the
Command Window. The Help Browser is a Web browser integrated into the
MATLAB desktop that displays Hypertext Markup Language (HTML) docu-
ments. The Help Browser consists of two panes, the help navigator pane, used
to find information, and the display pane, used to view the information.
Self-explanatory tabs on the navigator pane are used to perform a search.
For example, help on a specific function is obtained by selecting the Search
tab, selecting Function Name as the Search Type, and then typing in the func-
tion name in the Search for field. It is good practice to open the Help Browser

*Use of the term online in this book refers to information, such as help files, available in a local computer
system, not on the Internet.

9
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at the beginning of a MATLAB session to have help readily available during
code development or other MATLAB task.

Another way to obtain help for a specific function is by typing doc followed
by the function name at the command prompt. For example, typing doc format
displays documentation for the function called format in the display pane of
the Help Browser. This command opens the browser if it is not already open.

M-functions have two types of information that can be displayed by the
user. The first is called the HI line, which contains the function name and a
one-line description. The second is a block of explanation called the Help text
block (these are discussed in detail in Section 2.10.1). Typing help at the
prompt followed by a function name displays both the H1 line and the Help
text for that function in the Command Window. Occasionally, this information
can be more up to date than the information in the Help browser because it is
extracted directly from the documentation of the M-function in question. Typ-
ing lookfor followed by a keyword displays all the H1 lines that contain that
keyword. This function is useful when looking for a particular topic without
knowing the names of applicable functions. For example, typing lookfor edge
at the prompt displays all the H1 lines containing that keyword. Because the
H1 line contains the function name, it then becomes possible to look at specif-
ic functions using the other help methods. Typing lookfor edge —all at the
prompt displays the H1 line of all functions that contain the word edge in ei-
ther the H1 line or the Help text block. Words that contain the characters edge
also are detected. For example, the H1 line of a function containing the word
polyedge in the H1 line or Help text would also be displayed.

It is common MATLAB terminology to use the term help page when refer-
ring to the information about an M-function displayed by any of the preceding
approaches, excluding lookfor. It is highly recommended that the reader be-
come familiar with all these methods for obtaining information because in the
following chapters we often give only representative syntax forms for MAT-
LAB and IPT functions. This is necessary either because of space limitations
or to avoid deviating from a particular discussion more than is absolutely nec-
essary. In these cases we simply introduce the syntax required to execute the
function in the form required at that point. By being comfortable with online
search methods, the reader can then explore a function of interest in more de-
tail with little effort.

Finally, the MathWorks’ Web site mentioned in Section 1.3 contains a large
database of help material, contributed functions, and other resources that
should be utilized when the online documentation contains insufficient infor-
mation about a desired topic.

.71 Saving and Retrieving a Work Session
There are several ways to save and load an entire work session (the contents
of the Workspace Browser) or selected workspace variables in MATLAB. The
simplest is as follows.

To save the entire workspace, simply right-click on any blank space in the
Workspace Browser window and select Save Workspace As from the menu

|

that appears. This opens a directory window that allows naming the file and se-
lecting any folder in the system in which to save it. Then simply click Save. To
save a selected variable from the Workspace, select the variable with a left
click and then right-click on the highlighted area. Then select Save Selection
As from the menu that appears. This again opens a window from which a fold-
er can be selected to save the variable. To select multiple variables, use shift-
click or control-click in the familiar manner, and then use the procedure just
described for a single variable. All files are saved in double-precision, binary
format with the extension .mat. These saved files commonly are referred to as
MAT-files. For example, a session named, say, mywork_2003_02_10, would ap-
pear as the MAT-file mywork_2003_02_10.mat when saved. Similarly, a saved
image called final_image (which is a single variable in the workspace) will
appear when saved as final_image.mat.

To load saved workspaces and/or variables, left-click on the folder icon on
the toolbar of the Workspace Browser window. This causes a window to open
from which a folder containing the MAT-files of interest can be selected.
Double-clicking on a selected MAT-file or selecting Open causes the contents
of the file to be restored in the Workspace Browser window.

It is possible to achieve the same results described in the preceding para-
graphs by typing save and load at the prompt, with the appropriate file names
and path information. This approach is not as convenient, but it is used when
formats other than those available in the menu method are required. As an
exercise, the reader is encouraged to use the Help Browser to learn more
about these two functions.

How References Are Organized in the Book

All references in the book are listed in the Bibliography by author and date, as
in Soille [2003]. Most of the background references for the theoretical content
of the book are from Gonzalez and Woods [2002]. In cases where this is not
true, the appropriate new references are identified at the point in the discus-
sion where they are needed. References that are applicable to all chapters,
such as MATLAB manuals and other general MATLAB references, are so
identified in the Bibliography.

Summary

'In addition to a brief introduction to notation and basic MATLAB tools, the material
in this chapter emphasizes the importance of a comprehensive prototyping environ-
ment in the solution of digital image processing problems. In the following chapter we
begin to lay the foundation needed to understand IPT functions and introduce a set of
.flmdamemal programming concepts that are used throughout the book. The material
In Chapters 3 through 12 spans a wide cross section of topics that are in the mainstream
fJf digital image processing applications. However, although the topics covered are var-
led, the discussion in those chapters follows the same basic theme of demonstrating
how combining MATLAB and IPT functions with new code can be used to solve a
broad spectrum of image-processing problems.

#@ Summary
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As mentioned in the previous chapter, the power that MATLAB brings to dig-
ital image processing is an extensive set of functions for processing multidi-
mensional arrays of which images (two-dimensional numerical arrays) are a
special case. The Image Processing Toolbox (IPT) is a collection of functions
that extend the capability of the MATLAB numeric computing environment.
These functions, and the expressiveness of the MATLAB language, make
many image-processing operations easy to write in a compact, clear manner,
thus providing an ideal software prototyping environment for the solution of
image processing problems. In this chapter we introduce the basics of MAT-
L AB notation, discuss a number of fundamental IPT properties and functions,
and introduce programming concepts that further enhance the power of IPT.
Thus, the material in this chapter is the foundation for most of the material in
the remainder of the book.

Digital Image Representation

An image may be defined as a two-dimensional function, f(x, y), where x and
y are spatial (plane) coordinates, and the amplitude of f at any pair of coordi-
nates (x, y) is called the intensity of the image at that point. The term gray level
is used often to refer to the intensity of monochrome images. Color images are
formed by a combination of individual 2-D) images. For example, in the RGB
color system, a color image consists of three (red, green, and blue) individual
component images. For this reason, many of the techniques developed for
monochrome images can be extended to color images by processing the three
component images individually. Color image processing is treated in detail in
Chapter 6,

2.1 @ Digital Image Representation 13

An image may be continuous with respect to the x- and y-coordinates, and
also in amplitude. Converting such an image to digital form requires that the
coordinates, as well as the amplitude, be digitized. Digitizing the coordinate
values is called sampling; digitizing the amplitude values is called quantization.
Thus, when x, y, and the amplitude values of f are all finite, discrete quantities,
we call the image a digital image.

2.1.1 Coordinate Conventions

The result of sampling and quantization is a matrix of real numbers. We use
two principal ways in this book to represent digital images. Assume that an
image f(x,y) is sampled so that the resulting image has M rows and N
columns. We say that the image is of size M X N. The values of the coordi-
nates (x, y) are discrete quantities. For notational clarity and convenience, we
use integer values for these discrete coordinates. In many image processing
books, the image origin is defined to be at (x, y) = (0, 0). The next coordinate
values along the first row of the image are (x, y) = (0, 1). It is important to
keep in mind that the notation (0, 1) is used to signify the second sample along
the first row. It does not mean that these are the actual values of physical co-
ordinates when the image was sampled. Figure 2.1(a) shows this coordinate
convention. Note that x ranges from0to M — 1, and y from O to N — 1, inin-
teger increments.

The coordinate convention used in the toolbox to denote arrays is different
from the preceding paragraph in two minor ways. First, instead of using (x, y),
the toolbox uses the notation (r, ¢) to indicate rows and columns. Note, how-
ever, that the order of coordinates is the same as the order discussed in the
previous paragraph, in the sense that the first element of a coordinate tuple,
(a, b), refers to a row and the second to a column. The other difference is that
the origin of the coordinate system is at (r, ¢) = (1, 1); thus, r ranges from 1 to
M, and ¢ from 1 to N, in integer increments. This coordinate convention is
shown in Fig, 2.1(b).

01 2 N-1 123 N
0 y 1 ¢
. . . . . . . 2 . . . . . . .
24 . o s e . 34 . . . . .
M- e e e s s e s P M . « . e . .
One pixel e One pixel -/

it
FIGURE 2.1
Coordinate
conventions used
(a) in many image
processing books,
and (b) in the
Image Processing
Toolbox.
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IPT documentation refers to the coordinates in Fig. 2.1(b) as pixel coordi-
nates. Less frequently, the toolbox also employs another coordinate conven-
tion called spatial coordinates, which uses x to refer to columns and y to refers
to rows. This is the opposite of our use of variables x and y. With very few ex-
ceptions, we do not use IPT’s spatial coordinate convention in this book, but
the reader will definitely encounter the terminology in IPT documentation.

2.1.2 Images as Matrices

The coordinate system in Fig. 2.1(a) and the preceding discussion lead to the
following representation for a digitized image function:

£(0,0) f(0,1) f(OON -1)
flxy) = f(15,0) f(ls,l) f(l,AE/ - 1)
FM-1,00 f(M-1,1) f(M =1,N - 1)

The right side of this equation is a digital image by definition. Each element of
this array is called an image element, picture element, pixel, or pel. The terms
image and pixel are used throughout the rest of our discussions to denote a
digital image and its elements.

A digital image can be represented naturally as a MATLAB matrix:

f(1,1) f(1,2) f(1,N)
fo(f21) f(2,2) - £(2,N)
f(M',1) f(M',Z) : f(M‘,N)

where f(1, 1) = f(0, 0) (note the use of a monospace font to denote MAT-
LAB quantities). Clearly the two representations are identical, except for the
shift in origin. The notation f (p, q) denotes the element located in row p and
column g. For example, f(6, 2) is the element in the sixth row and second col-
umn of the matrix f. Typically we use the letters M and N, respectively, to de-
note the number of rows and columns in a matrix. A 1 x N matrix is called a
row vector, whereas an M x 1 matrix is called a column vector. A 1 x 1 matrix is
a scalar.

Matrices in MATLAB are stored in variables with names such as A, a, RGB,
real_array, and so on. Variables must begin with a letter and contain only
letters, numerals, and underscores. As noted in the previous paragraph, all
MATLAB quantities in this book are written using monospace characters. We
use conventional Roman, italic notation, such as f(x, y), for mathematical
expressions.

Reading Images

Images are read into the MATLAB environment using function imread,
whose syntax is

imread(‘'filename')

2.2 ® Reading Images 15

r}ormat Recognized
Name Description Extensions
TIFF Tagged Image File Format Ltif, Ltiff
JPEG Joint Photographic Experts Group .ipg, . ipeg
GIF Graphics Interchange Format® .gif
BMP Windows Bitmap .bmp
PNG Portable Network Graphics .png
XWD X Window Dump . xwd

GIF is supported by imread, but not by imwrite.

Here, filename is a string containing the complete name of the image file (in-
cluding any applicable extension). For example, the command line

>> f = imread('chestxray.jpg');

reads the JPEG (Table 2.1) image chestxray into image array f. Note the use
of single quotes (') to delimit the string filename. The semicolon at the end
of a command line is used by MATLAB for suppressing output. If a semicolon
is not included, MATLAB displays the results of the operation(s) specified in
that line. The prompt symbol (>>) designates the beginning of a command line,
as it appears in the MATLAB Command Window (see Fig. 1.1).

When, as in the preceding command line, no path information is included in
filename, imread reads the file from the current directory (see Section 1,7.1)
and, if that fails, it tries to find the file in the MATLAB search path (see
Section 1.7.1). The simplest way to read an image from a specified directory is
to include a full or relative path to that directory in filename. For example,

>> f = imread('D:\myimages\chestxray.jpg’');
reads the image from a folder called myimages on the D: drive, whereas
>> f = imread('.\myimages\chestxray.jpg');

reads the image from the myimages subdirectory of the current working di-
fectory. The Current Directory Window on the MATLAB desktop toolbar
displays MATLAB’s current working directory and provides a simple, man-
ual way to change it. Table 2.1 lists some of the most popular image/graphics
formats supported by imread and imwrite (imwrite is discussed in
Section 2.4).

Function size gives the row and column dimensions of an image:
>> size(f)
ans =
1024 1024

TABLE 2.1

Some of the
image/graphics
formats supported
by imread and
imwrite, starting
with MATLAB 6.5.
Earlier versions
support a subset of
these formats. See
online help for a
complete list of
supported formats.

In Windows, directo-
ries also are called
folders.
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This function is particularly useful in programming when used in the following
form to determine automatically the size of an image:

>> [M, N] = size(f);

This syntax returns the number of rows (M) and columns (N) in the image.
The whos function displays additional information about an array. For in-
stance, the statement

>> whos f
gives
Name Size Bytes Class
f 1024x1024 1048576 uint8 array

Grand total is 1048576 elements using 1048576 bytes

The uint8 entry shown refers to one of several MATLAB data classes dis-
cussed in Section 2.5. A semicolon at the end of a whos line has no effect, so
normally one is not used.

Displaying Images

Images are displayed on the MATLAB desktop using function imshow, which
has the basic syntax:

imshow(f, G)

where f is an image array, and G is the number of intensity levels used to dis-
play it. If G is omitted, it defaults to 256 levels. Using the syntax

imshow(f, [low highl)

displays as black all values less than or equal to low, and as white all values
greater than or equal to high. The values in between are displayed as interme-
diate intensity values using the default number of levels. Finally, the syntax

imshow(f, [ ])

sets variable low to the minimum value of array f and high to its maximum
value. This form of imshow is useful for displaying images that have a low dy-
namic range or that have positive and negative values.

Function pixval is used frequently to display the intensity values of indi-
vidual pixels interactively. This function displays a cursor overlaid on an
image. As the cursor is moved over the image with the mouse, the coordi-
nates of the cursor position and the corresponding intensity values are

2.3 ® Displaying Images

shown on a display that appears below the figure window. When working
with color images, the coordinates as well as the red, green, and blue compo-
nents are displayed. If the left button on the mouse is clicked and then held
pressed, pixval displays the Euclidean distance between the initial and cur-
rent cursor locations.

The syntax form of interest here is

pixval

which shows the cursor on the last image displayed. Clicking the X button on
the cursor window turns it off.

8 (a) The following statements read from disk an image called rose_512.tif,
extract basic information about the image, and display it using imshow:

>> f = imread('rose_512.tif');

>> whos f
Name Size Bytes Class
f 512x512 262144 uint8 array

Grand total is 262144 elements using 262144 bytes
>> imshow(f)

A semicolon at the end of an imshow line has no effect, so normally one is
not used. Figure 2.2 shows what the output looks like on the screen. The figure
number appears on the top, left of the window. Note the various pull-down
menus and utility buttons. They are used for processes such as scaling, saving,
and exporting the contents of the display window. In particular, the Edit menu
has functions for editing and formatting results before they are printed or
saved to disk.

17

EXAMPLE 2.1:
Image reading
and displaying.

FIGURE 2.2
Screen capture
showing how an
image appears on
the MATLAB
desktop.
However, in most
of the examples
throughout this
book, only the
images
themselves are
shown. Note the
figure number on
the top, left part
of the window.
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If another image, g, is displayed using imshow, MATLAB replaces the
image in the screen with the new image. To keep the first image and output a
second image, we use function figure as follows:

>> figure, imshow(g)
Using the statement
>> imshow(f), figure, imshow(g)

displays both images. Note that more than one command can be written on a
line, as long as different commands are properly delimited by commas or semi-
colons. As mentioned earlier, a semicolon is used whenever it is desired to sup-
press screen outputs from a command line.

(b) Suppose that we have just read an image h and find that using imshow(h)
produces the image in Fig. 2.3(a). It is clear that this image has a low dynamic
range, which can be remedied for display purposes by using the statement

>> imshow(h, [ 1)

Figure 2.3(b) shows the result. The improvement is apparent. ]

Writing Images

Images are written to disk using function imwrite, which has the following
basic syntax:

imwrite(f, 'filename')

With this syntax, the string contained in filename must include a recognized
file format extension (see Table 2.1). Alternatively, the desired format can be
specified explicitly with a third input argument. For example, the following
command writes f to a TIFF file named patient10_runi:

>> imwrite(f, 'patient10_runi', 'tif')
or, alternatively,

>> imwrite(f, 'patient10_runi.tif')
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If filename contains no path information, then imwrite saves the file in the
current working directory.

The imwrite function can have other parameters, depending on the file for-
mat selected. Most of the work in the following chapters deals either with
JPEG or TIFF images, so we focus attention here on these two formats.

A more general imwrite syntax applicable only to JPEG images is

imwrite(f, 'filename.jpg', 'quality', q)

where g is an integer between 0 and 100 (the lower the number the higher the
degradation due to JPEG compression).

# Figure 2.4(a) shows an image, f, typical of sequences of images resulting
from a given chemical process. It is desired to transmit these images on a rou-
tine basis to a central site for visual and/or automated inspection. In order to
reduce storage and transmission time, it is important that the images be com-
pressed as much as possible while not degrading their visual appearance
beyond a reasonable level. In this case “reasonable” means no perceptible
false contouring, Figures 2.4(b) through (f) show the results obtained by writ-
ing image f to disk (in JPEG format), with g = 50, 25, 15, 5, and 0, respective-
ly. For example, for q = 25 the applicable syntax is

>> imwrite(f, 'bubbles25.jpg', 'quality', 25)

The image for q = 15 [Fig. 2.4(d)] has false contouring that is barely visible,
but this effect becomes quite pronounced for q = 5 and q = 0. Thus, an
acceptable solution with some margin for error is to compress the images with
q=25.In order to get an idea of the compression achieved and to obtain other
image file details, we can use function imfinfo, which has the syntax

imfinfo filename

where filename is the complete file name of the image stored in disk. For
example,

>> imfinfo bubbles25.jpg

outputs the following information (note that some fields contain no informa-
tion in this case):

Filename: ‘bubbles25.jpg"'
FileModDate: '04-Jan-2003 12:31:26°'
FileSize: 13849
Format: "jpg’
FormatVersion: t
Width: 714

Height: 682
BitDepth: 8
ColorType: 'grayscale’
FormatSignature: v
Comment: {}

EXAMPLE 2.2:
Writing an image
and using
function imfinfo.
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FIGURE 2.4

(a) Original image.
(b) through

(f) Results of using
jpg quality values
q=50,25 15,5,
and 0, respectively.
False contouring
begins to be barely
noticeable for

g =15 [image (d)]
but is quite visible
forg=5and

q=0.

See Example 2.11
for a function that
creates all the images
in Fig. 2.4 using a
simple for loop.

where FileSize is in bytes. The number of bytes in the original image is com-
puted simply by multiplying Width by Height by BitDepth and dividing the
result by 8. The result is 486948. Dividing this by FileSize gives the compres-
sion ratio: (486948/13849) = 35.16. This compression ratio was achieved
while maintaining image quality consistent with the requirements of the appli-
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cation. In addition to the obvious advantages in storage space, this reduction
allows the transmission of approximately 35 times the amount of uncom-
pressed data per unit time.

The information fields displayed by imfinfo can be captured into a so-
called structure variable that can be used for subsequent computations. Using
the preceding image as an example, and assigning the name K to the structure
variable, we use the syntax

>> K = imfinfo('bubbles25.jpg');

to store into variable K all the information generated by command imfinfo.
The information generated by imfinfo is appended to the structure variable

by means of fields, separated from K by a dot. For example, the image height -

and width are now stored in structure fields K.Height and K.width.
As an illustration, consider the following use of structure variable K to com-
pute the compression ratio for bubbles25. jpg:

>> K = imfinfo('bubbles25.jpg’);

>> image_bytes = K.Width*K.Height*K.BitDepth/8;

>> compressed_bytes = K.FileSize;

>> compression_ratio = image_bytes/compressed_bytes

compression_ratio =
35.1612

Note that imfinfo was used in two different ways. The first was to type
imfinfo bubbles25.jpg at the prompt, which resulted in the information
being displayed on the screen. The second was to type K = imfinfo('bub-
bles25.jpg'), which resulted in the information generated by imfinfo
being stored in K. These two different ways of calling imfinfo are an example
of command-function duality, an important concept that is explained in more
detail in the MATLAB online documentation. ]

A more general imwrite syntax applicable only to tif images has the form

imwrite(g, 'filename.tif', ‘compression', 'parameter’,
'resolution', [colres rowres])

where 'parameter' can have one of the following principal values: 'none’
indicates no compression; 'packbits' indicates packbits compression (the
default for nonbinary images); and 'ccitt' indicates ccitt compression (the
default for binary images). The 1 X 2 array [colres rowres] contains two in-
tegers that give the column resolution and row resolution in dots-per-unit (the
default values are [72 72]). For example, if the image dimensions are in inches,
colres is the number of dots (pixels) per inch (dpi) in the vertical direction,
and similarly for rowres in the horizontal direction. Specifying the resolution
by a single scalar, res, is equivalent to writing [res res].

Structures are dis-
cussed in Sections

2.106and 11.1.1.

To learn more about
command function
duality, consult the
help page on this
topic. See Section
1.7.3 regarding help

pages.

If a statement does
not fit on one line,
use an ellipsis (three
periods), followed by
Return or Enter, ro
indicate that the
statement continues
on the next line.
There are no spaces
berween the periods.
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# Figure 2.5(a) is an 8-bit X-ray image of a circuit board generated during
quality inspection. It is in jpg format, at 200 dpi. The image is of size
450 X 450 pixels, so its dimensions are 2.25 X 2.25 inches. We want to store
this image in tif format, with no compression, under the name sf. In addition,
we want to reduce the size of the image to 1.5 X 1.5 inches while keeping the
pixel count at 450 X 450. The following statement yields the desired resuit:

>> imwrite(f,'sf.tif', 'compression','none','resolution', ...
[300 300]

The values of the vector [colres rowres] were determined by multiplying
200 dpi by the ratio 2.25/1.5, which gives 300 dpi. Rather than do the compu-
tation manually, we could write

>> res = round{200*2.25/1.5);
>> imwrite(f, 'sf.tif', 'compression', 'none' ,'resolution', res)

where function round rounds its argument to the nearest integer. It is impor-
tant to note that the number of pixels was not changed by these commands.
Only the scale of the image changed. The original 450 X 450 image at 200 dpi
is of size 2.25 X 2.25 inches. The new 300-dpi image is identical, except that its
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450 x 450 pixels are distributed over a 1.5 X 1.5-inch area. Processes such as
this are useful for controlling the size of an image in a printed document with-
out sacrificing resolution. o

Often, it is necessary to export images to disk the way they appear on the
MATLAB desktop. This is especially true with plots, as shown in the next
chapter. The contents of a figure window can be exported to disk in two ways.
The first is to use the File pull-down menu in the figure window (see Fig. 2.2)
and then choose Export. With this option, the user can select a location, file
name, and format. More control over export parameters is obtained by using
the print command:

print —fno —dfileformat —rresno filename

where no refers to the figure number in the figure window of interest,
fileformat refers to one of the file formats in Table 2.1, resno is the resolu-
tion in dpi, and filename is the name we wish to assign the file. For example,
to export the contents of the figure window in Fig. 2.2 as a tif file at 300 dpi,
and under the name hi_res_rose, we would type

>> print —f1 —dtiff ~-r300 hi_res_rose
This command sends the file hi_res_rose. tif to the current directory.
If we simply type print at the prompt, MATLAB prints (to the default

printer) the contents of the last figure window displayed. It is possible also to
specify other options with print, such as a specific printing device.

Data Classes

Although we work with integer coordinates, the values of pixels themselves are
not restricted to be integers in MATLAB. Table 2.2 lists the various data classes’
supported by MATLAB and IPT for representing pixel values. The first eight
entries in the table are referred to as numeric data classes. The ninth entry is the
char class and, as shown, the last entry is referred to as the logical data class.

All numeric computations in MATLAB are done using double quantities,
so this is also a frequent data class encountered in image processing applica-
tions. Class uint8 also is encountered frequently, especially when reading
data from storage devices, as 8-bit images are the most common representa-
tions found in practice. These two data classes, class Logical, and, to a lesser
degree, class uint16, constitute the primary data classes on which we focus in
this book. Many [PT functions, however, support all the data classes listed in
Table 2.2. Data class double requires 8 bytes to represent a number, uint8
and int8 require 1 byte each, uint16 and int16 require 2 bytes, and uint3z2,

+ . . .
MATLAB documentation often uses the terms data class and data type interchangeably. In this book,
we reserve use of the term type for images. as discussed in Section 2.6.

23
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TABLE 2.2

Data classes. The
first eight entries
are referred to as
numeric classes;
the ninth entry is
the character
class, and the last
entry is of class
logical.

Name Description

double Double-precision, floating-point numbers in the approximate
range —10° to 10°% (8 bytes per element).

uint8 Unsigned 8-bit integers in the range [0, 255] (1 byte per element).

uint16 Unsigned 16-bit integers in the range [0, 65535] (2 bytes per
element).

uint32 Unsigned 32-bit integers in the range [0, 4294967295] (4 bytes
per element).

int8 Signed 8-bit integers in the range [—128, 127] (1 byte per element).

int16 Signed 16-bit integers in the range [—32768, 32767] (2 bytes per
element).

int32 Signed 32-bit integers in the range [—2147483648, 2147483647]
(4 bytes per element).

single Single-precision floating-point numbers with values in the

approximate range —10° to 10® (4 bytes per element).
char Characters (2 bytes per element).

logical Values are 0 or 1 (1 byte per element).

int32,and single, require 4 bytes each. The char data class holds characters
in Unicode representation. A character string is merely a 1 x n array of char-
acters. A logical array contains only the values 0 and 1, with each element
being stored in memory using one byte per element. Logical arrays are creat-
ed by using function logical (see Section 2.6.2) or by using relational opera-
tors (Section 2.10.2).

Image Types
The toolbox supports four types of images:

* Intensity images
* Binary images
* Indexed images
* RGB images

Most monochrome image processing operations are carried out using binary
or intensity images, so our initial focus is on these two image types. Indexed
and RGB color images are discussed in Chapter 6.

2.6.1 Intensity Images

An intensity image is a data matrix whose values have been scaled to represent
intensities. When the elements of an intensity image are of class uint8, or
class uint16, they have integer values in the range [0, 255] and [0, 65535}, re-
spectively. If the image is of class double, the values are floating-point num-
bers. Values of scaled, class double intensity images are in the range [0, 1] by
convention.
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2.6.2 Binary Images

Binary images have a very specific meaning in MATLAB. A binary image is
a logical array of Os and 1s. Thus, an array of Os and 1s whose values are of
data class, say, uint8, is not considered a binary image in MATLAB. A
numeric array is converted to binary using function logical. Thus,if Ais a
numeric array consisting of Os and 1s, we create a logical array B using the
statement

B = logical(A)

If A contains elements other than Os and 1s, use of the logical function con-
verts all nonzero quantities to logical 1s and all entries with value 0 to logical
0s. Using relational and logical operators (see Section 2.10.2) also creates logi-

cal arrays.
To test if an array is logical we use the islogical function:

islogical(C)

If C is a logical array, this function returns a 1. Otherwise it returns a 0. Logical
arrays can be converted to numeric arrays using the data class conversion
functions discussed in Section 2.7.1.

2.6.3 A Note on Terminology

Considerable care was taken in the previous two sections to clarify the use of
the terms data class and image type. In general, we refer to an image as being a
“data_class image_type image,” where data_class is one of the entries
from Table 2.2, and image_type is one of the image types defined at the begin-
ning of this section. Thus, an image is characterized by both a class and a type.
For instance, a statement discussing an “unit8 intensity image” is simply re-
ferring to an intensity image whose pixels are of data class unit8. Some func-
tions in the toolbox support all data classes, while others are very specific as to
what constitutes a valid class. For example, the pixels in a binary image can
only be of data class Logical, as mentioned earlier.

g84 Converting between Data Classes and Image Types

Converting between data classes and image types is a frequent operation in
IPT applications. When converting between data classes, it is important to
keep in mind the value ranges for each data class detailed in Table 2.2.

271.1 Converting between Data Classes

Converting between data classes is straightforward. The general syntax is
B = data_class_name(A)

where data_class_name is one of the names in the first column of Table 2.2.
For example, suppose that A is an array of class uint8. A double-precision

See Table 2.9 for a
list of other func-
tions based on the
1s* syntax.
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array, B, is generated by the command B = double (A). This conversion is used
routinely throughout the book because MATLAB expects operands in nu-
merical computations to be double-precision, floating-point numbers. If C is an
array of class double in which all values are in the range [0,255] (but possibly
containing fractional values), it can be converted to an uint8 array with the
command D =uint8(C).

If an array of class double has any values outside the range [0,255] and it is
converted to class uint8 in the manner just described, MATLAB converts to
0 all values that are less than 0, and converts to 255 all values that are greater
than 255. Numbers in between are converted to integers by discarding their
fractional parts. Thus, proper scaling of a double array so that its elements are
in the range [0,255] is necessary before converting it to uint8. As indicated in
Section 2.6.2, converting any of the numeric data classes to logical results in
an array with logical 1s in locations where the input array had nonzero values,
and logical Os in places where the input array contained 0s.

1.7.2 Converting between Image Classes and Types

The toolbox provides specific functions (Table 2.3) that perform the scaling
necessary to convert between image classes and types. Function im2uint8 de-
tects the data class of the input and performs all the necessary scaling for the
toolbox to recognize the data as valid image data. For example, consider the
following 2 X 2 image f of class double, which could be the result of an inter-
mediate computation:

-0.5 0.5
0.75 1.5
Performing the conversion
>> g = im2uint8(f)

yields the result

g =
0 128
191 255
Name Converts Input to: Valid Input Image Data Classes

im2uints uint8 logical,uint8,uint16,and double
im2uint16 uint16 logical,uint8,uint16, and double
mat2gray double (inrange [0,1])  double
im2double double logical,uint8,uint16,and double
im2bw logical uint8,uint16, and double J
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from which we see that function im2uint8 sets to 0 all values in the input that
are less than 0, sets to 255 all values in the input that are greater than 1, and
multiplies all other values by 255. Rounding the results of the multiplication to
the nearest integer completes the conversion. Note that the rounding behavior
of im2uint8 is different from the data-class conversion function uint8 dis-
cussed in the previous section, which simply discards fractional parts.

Converting an arbitrary array of class double to an array of class double
scaled to the range [0, 1} can be accomplished by using function mat2gray
whose basic syntax is

g = mat2gray(A, [Amin, Amax])

where image g has values in the range 0 (black) to 1 (white). The specified pa-
rameters Amin and Amax are such that values less than Amin in A become O in g,
and values greater than Amax in A correspond to 1 in g. Writing

>> g = mat2gray(A);

sets the values of Amin and Amax to the actual minimum and maximum values in
A.The input is assumed to be of class double. The output also is of class double.

Function im2double converts an input to class double. If the input is of
class uint8, uint16, or logical, function im2double converts it to class
double with values in the range [0, 1]. If the input is already of class double,
im2double returns an array that is equal to the input. For example, if an array
of class double results from computations that yield values outside the range
[0, 1], inputting this array into im2double will have no effect. As mentioned in
the preceding paragraph, a double array having arbitrary values can be con-
verted to a double array with values in the range [0, 1] by using function
mat2gray.

As an illustration, consider the class uint8 imageJr

>> h = uint8([25 50; 128 200]);
Performing the conversion
>> g = im2double(h);
yields the result
g =
0.0980 0.1961
0.4706 0.7843

from which we infer that the conversion when the input is of class uint8 is
done simply by dividing each value of the input array by 255. If the input is of
class uint16 the division is by 65535.

Section 2.8.2 explains the use of square brackets and semicolons to specify a matrix.
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EXAMPLE 2.4
Converting
between image
classes and types.

Finally, we consider conversion between binary and intensity image types.
Function im2bw, which has the syntax

g = im2bw(f, T)

produces a binary image, g, from an intensity image, f, by thresholding. The
output binary image g has values of 0 for all pixels in the input image with
intensity values less than threshold T, and 1 for all other pixels. The value
specified for T has to be in the range [0, 1], regardless of the class of the
mput. The output binary image 1s automatically declared as a logical array
by im2bw. If we write g = im2bw (), IPT uses a default value of 0.5 for T. If
the input is an uint8 image, im2bw divides all its pixels by 255 and then ap-
plies either the default or a specified threshold. If the input is of class
uint16, the division is by 65535. If the input is a double image, im2bw ap-
plies either the default or a specified threshold directly. If the input is a
logical array, the output is identical to the input. A logical (binary) array
can be converted to a numerical array by using any of the four functions in
the first column of Table 2.3.

8 (a) We wish to convert the following double image

>> f = [12; 3 4]
f =

1 2
3 4

to binary such that values 1 and 2 become 0 and the other two values become
1. First we convert it to the range [0, 1]:

>> g = mat2gray(f)
g =

0 0.3333
0.6667 1.0000

Then we convert it to binary using a threshold, say, of value 0.6:

>> gb = im2bw(g, 0.6)
gb =

0 0
1 1

2.7 ® Converting between Data Classes and Image Types

As mentioned in Section 2.5, we can generate a binary array directly using re-
lational operators (Section 2.10.2). Thus we get the same result by writing

> gh=°f>2
gb =

We could store in a variable (say, gbv) the fact that gb is a logical array by
using the islogical function, as follows:

>> gbv = islogical(gb)
gbv =
1

(b) Suppose now that we want to convert gb to a numerical array of Os and
1s of class double. This is done directly:

>> gbd = im2double(gb)
ghd =
0
1

If gb had been a numeric array of class uint8, applying im2double to it
would have resulted in an array with values

0 0
0.0039 0.0039

because im2double would have divided all the elements by 255. This did not
happen in the preceding conversion because im2double detected that the
input was a Llogical array, whose only possible values are 0 and 1. If the input
in fact had been an uint8 numeric array and we wanted to convert it to class
double while keeping the 0 and 1 values, we would have converted the array
by writing

>> gbd = double(gb)
gbd =

29
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Finally, we point out that MATLAB supports nested statements, so we could have
started with image f and arrived at the same result by using the one-line statement

>> gbd = im2double(im2bw{mat2gray(f), 0.6));

or by using partial groupings of these functions. Of course, the entire process
could have been done in this case with a simpler command:

>> ghbd = double(f > 2);

again demonstrating the compactness of the MATLAB language. B

Array Indexing

MATLAB supports a number of powerful indexing schemes that simplify
array manipulation and improve the efficiency of programs. In this section we
discuss and illustrate basic indexing in one and two dimensions (i.e., vectors
and matrices). More sophisticated techniques are introduced as needed in sub-
sequent discussions.

2.8.1 Vector Indexing

As discussed in Section 2.1.2, an array of dimension 1 X N is called a row vec-
tor. The elements of such a vector are accessed using one-dimensional index-
ing. Thus, v (1) is the first element of vector v, v(2) its second element, and so
forth. The elements of vectors in MATLAB are enclosed by square brackets
and are separated by spaces or by commas. For example,

>>v = {1357 9]

v =
1 3 5 7 9

>> v(2)

ans =

3
A row vector is converted to a column vector using the transpose operator (. ' ):

>> W = v, '
W:

© N O W =
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To access blocks of elements, we use MATLAB’s colon notation. For exam-
ple, to access the first three elements of v we write

>> v(1:3)

ans =
1 3 5

Similarly, we can access the second through the fourth elements

>> v(2:4)

ans =

or all the elements from, say, the third through the last element:

>> v(3:end)

ans =
5 7 9

where end signifies the last element in the vector. If v is a vector, writing
>> v(:)

produces a column vector, whereas writing

>> v(1:end)

produces a row vector.
Indexing is not restricted to contiguous elements. For example,

>> v(1:2:end)
ans =
1 5 9

The notation 1:2: end says to start at 1, count up by 2 and stop when the count
reaches the last element. The steps can be negative:

>> v(end:~2:1)
ans =
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Here, the index count started at the last element, decreased by 2, and stopped
when it reached the first element.
Function linspace, with syntax

x = linspace(a, b, n)

generates a row vector x of n elements linearly spaced between and including
a and b. We use this function in several places in later chapters.

A vector can even be used as an index into another vector. For example, we
can pick the first, fourth, and fifth elements of v using the command

>> v([1 4 5])
ans =
1 7 9

As shown in the following section, the ability to use a vector as an index into
another vector also plays a key role in matrix indexing.

2.8.7 Matrix Indexing

Matrices can be represented conveniently in MATLAB as a sequence of row
vectors enclosed by square brackets and separated by semicolons. For exam-

ple, typing
>>A=1[123; 456; 78 9]

displays the 3 X 3 matrix

A =
1 2 3
4 5 6
7 8 9

Note that the use of semicolons here is different from their use mentioned ear-
lier to suppress output or to write multiple commands in a single line.

We select elements in a matrix just as we did for vectors, but now we need
two indices: one to establish a row location and the other for the correspond-
ing column. For example, to extract the element in the second row, third col-
umn, we write

>> A(2, 3)
ans =
6
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The colon operator is used in matrix indexing to select a two-dimensional
block of elements out of a matrix. For example,

>> €3 = A(:, 3)
Cc3 =

3
6
9

Here, use of the colon by itself is analogous to writing A(1:3,3), which simply
picks the third column of the matrix. Similarly, we extract the second row as
follows:

>> R2 = A(2, !)
R2 =
4 5 6

The following statement extracts the top two rows:

>> T2 = A(1:2, 1:3)
T2 =

1 2 3
4 5 6

To create a matrix B equal to A but with its last column set to Os, we write

>>B=A;

>> B(:, 3) =0

B =
1 2 0
4 5 0
7 8 0

' Operations using end are carried out in a manner similar to the examples
given in the previous section for vector indexing. The following examples illus-
trate this.

>> A(end, end)
ans =

9
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>> A(end, end ~ 2) s> v = T2(:)
ans = v =
7 1
>> A(2:end, end:-2:1) g
ans = 5
6 4 3
9 7 6

Using vectors to index into a matrix provides a powerful approach for ele-
ment selection. For example,

>> E = A([1 3], [2 3])
£ =

2 3

8 9
The notation A([a b], [c d]) picks out the elements in A with coordinates
(row a, column c), (row a, column d), (row b, column c), and (row b, column
d). Thus, when we let E=A([1 3], [2 3]) we are selecting the following ele-
ments in A: the element in row 1 column 2, the element in row 1 column 3, the
element in row 3 column 2, and the element in row 3 column 3.

More complex schemes can be implemented using matrix addressing. A

particularly useful addressing approach using matrices for indexing is of the
form A(D), where D is a logical array. For example, if

>> D = logical([1 0 0; 0 0 1; 0 0 0])

This use of the colon is helpful when, for example, we want to find the sum of
all the elements of a matrix:

>> s = sum(A(:))

45

In general, sum(v) adds the values of all the elements of input vector v. If
amatrix is input into sum [as in sum(A)], the output is a row vector containing
the sums of each individual column of the input array (this behavior is typical
of many MATLAB functions encountered in later chapters). By using a sin-
gle colon in the manner just illustrated, we are in reality implementing the
command

>> sum(sum(A));
because use of a single colon converts the matrix into a vector.

Using the colon notation is actually a form of linear indexing into a matrix
or higher-dimensional array. In fact, MATLAB stores each array as a column

D = . . .
of values regardless of the actual dimensions. This column consists of the array
(1) g (1) columns, appended end to end. For example, matrix A is stored in MATLAB as
0 0 0 1
4
then 7
2
>> A(D) 5
8
ans = 3
1 6
6 9

Accessing A with a single subscript indexes directly into this column. For exam-
ple, 5(3) accesses the third value in the column, the number 7; A(8) accesses
the eighth value, 8, and so on. When we use the column notation, we are simply

Finally, we point out that use of a single colon as an index into a matrix se-
lects all the elements of the array (on a column-by-column basis) and arranges
them in the form of a column vector. For example, with reference to matrix 72,
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EXAMPLE 2.5:
Some simple
image operations
using array
indexing.

2 b

o

d el

FIGURE 2.6
Results obtained
using array
indexing.

(a) Original
image. (b) Image
flipped vertically.
(c) Cropped
image.

(d) Subsampled
image. (e) A
horizontal scan
line through the
middle of the

image in (a).

addressing all the elements, A (1:end). This type of indexing is a basic staple in
vectorizing loops for program optimization, as discussed in Section 2.10.4.

® The image in Fig. 2.6(a) is a 1024 X 1024 intensity image, f, of class uint8.
The image in Fig. 2.6(b) was flipped vertically using the statement

>> fp = f(end:=1:1, 1);

The image shown in Fig. 2.6(c) is a section out of image (a), obtained using
the command

>> fc = f(257:768, 257:768);

Similarly, Fig. 2.6(d) shows a subsampled image obtained using the
statement

>> fs = f(1:2:end, 1:2:end);
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2.9 ® Some Important Standard Arrays

Finally, Fig. 2.6(¢) shows a horizontal scan line through the middle of
Fig. 2.6(a), obtained using the command

>> plot(f(512, :))
The plot function is discussed in detail in Section 3.3.1. ]

2.8.3 Selecting Array Dimensions
Operations of the form

operation(A, dim)

where operation denotes an applicable MATLAB operation, A is an array,
and dimis a scalar, are used frequently in this book. For example, suppose that
Ais an array of size M X N.The command

>> k = size(A, 1);

gives the size of A along its first dimension, which is defined by MATLAB as
the vertical dimension. That is, this command gives the number of rows in A.
Similarly, the second dimension of an array is in the horizontal direction, so
the statement size(A,2) gives the number of columns in A. A singleton di-
mension is any dimension, dim, for which size (A, dim) = 1. Using these con-
cepts, we could have written the last command in Example 2.5 as

>> plot(f(size(f, 1)/2, :))

MATLAB does not restrict the number of dimensions of an array, so being
able to extract the components of an array in any dimension is an important
feature. For the most part, we deal with 2-D arrays, but there are several in-
stances (as when working with color or multispectral images) when it is neces-
sary to be able to “stack” images along a third or higher dimension. We deal
with this in Chapters 6, 11, and 12. Function ndims, with syntax

d = ndims(A)

gives the number of dimensions of array A. Function ndims never returns a
value less than 2 because even scalars are considered two dimensional, in the
sense that they are arrays of size 1 X 1.

¥%l Some Important Standard Arrays

Often, it is useful to be able to generate simple image arrays to try out ideas
and to test the syntax of functions during development. In this section we in-
troduce seven array-generating functions that are used in later chapters. If
only one argument is included in any of the following functions, the result is a
Square array.
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e zeros(M, N) generates an M x N matrix of Os of class double.

e ones(M, N) generates an Mx N matrix of 1s of class double.

» true(M, N) generates an Mx N logical matrix of 1s.

s false(M, N) generates an M x N logical matrix of Os.

e magic(M) generates an M x M “magic square.” This is a square array in
which the sum along any row, column, or main diagonal, is the same. Magic
squares are useful arrays for testing purposes because they are easy to
generate and their numbers are integers.

« rand(M, N) generates an M x N matrix whose entries are uniformly distrib-
uted random numbers in the interval [0, 1].

e randn(M, N) generates an M x N matrix whose numbers are normally dis-
tributed (i.e., Gaussian) random numbers with mean 0 and variance 1.

For example,

>> A = 5*ones(3, 3)

A=
5 5 5
5 5 5
5 5 5
>> magic(3)
ans =
8 1 6
3 5 7
4 9 2
>> B = rand(2, 4)
B =

0.2311 0.4860 0.7621 0.0185
0.6068 0.8913 0.4565 0.8214

i Introduction to M-Function Programming

One of the most powerful features of the Image Processing Toolbox is its
transparent access to the MATLAB programming environment. As will be-
come evident shortly, MATLAB function programming is flexible and partic-
ularly easy to learn.

2.10.1 M-Files

So-called M-files in MATLAB can be scripts that simply execute a series of
MATLARB statements, or they can be functions that can accept arguments and
can produce one or more outputs. The focus of this section in on M-file func-
tions. These functions extend the capabilities of both MATLAB and IPT to ad-
dress specific, user-defined applications.
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M-files are created using a text editor and are stored with a name of the
form filename.m, such as average.m and filter.m. The components of a
function M-file are

o The function definition line
¢ The H1 line

» Help text

e The function body

e Comments

The function definition line has the form
function [outputs] = name(inputs)

For example, a function to compute the sum and product (two different out-
puts) of two images would have the form

function [s, pl = sumprod(f, g)

where f, and g are the input images, s is the sum image, and p is the product
image. The name sumprod is arbitrarily defined, but the word function always
appears on the left, in the form shown. Note that the output arguments are en-
closed by square brackets and the inputs are enclosed by parentheses. If the
function has a single output argument, it is acceptable to list the argument with-
out brackets. If the function has no output, only the word function is used,
without brackets or equal sign. Function names must begin with a letter, and
the remaining characters can be any combination of letters, numbers, and un-
derscores. No spaces are allowed. MATLAB distinguishes function names up
to 63 characters long. Additional characters are ignored.
Functions can be called at the command prompt; for example,

>> [s, p] = sumprod(f, g);

or they can be used as elements of other functions, in which case they become
subfunctions. As noted in the previous paragraph, if the output has a single ar-
gument, it is acceptable to write it without the brackets, as in

>>y = sum(x);

The HI line is the first text line. It is a single comment line that follows the
function definition line. There can be no blank lines or leading spaces between
the H1 line and the function definition line. An example of an H1 line is

% SUMPROD Computes the sum and product of two images.

As indicated in Section 1.7.3, the H1 line is the first text that appears when a
user types

>> help function_name
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at the MATLAB prompt. Also, as mentioned in that section, typing lookfor
keyword displays all the H1 lines containing the string keyword. This line pro-
vides important summary information about the M-file, so it should be as de-
scriptive as possible.

Help text is a text block that follows the H1 line, without any blank lines in
between the two. Help text is used to provide comments and online help for
the function. When a user types help function_name at the prompt, MAT-
LAB displays all comment lines that appear between the function definition
line and the first noncomment (executable or blank) line. The help system ig-
nores any comment lines that appear after the Help text block.

The function body contains all the MATLAB code that performs computa-
tions and assigns values to output arguments. Several examples of MATLAB
code are given later in this chapter.

All lines preceded by the symbol “%” that are not the H1 line or Help text are
considered function comment lines and are not considered part of the Help text
block. It is permissible to append comments to the end of a line of code.

M-files can be created and edited using any text editor and saved with the
extension .m in a specified directory, typically in the MATLAB search path.
Another way to create or edit an M-file is to use the edit function at the
prompt. For example,

>> edit sumprod

opens for editing the file sumprod.m if the file exists in a directory thatis in the
MATLAB path or in the current directory. If the file cannot be found, MAT-
LAB gives the user the option to create it. As noted in Section 1.7.2, the
MATLAB editor window has numerous pull-down menus for tasks such as
saving, viewing, and debugging files. Because it performs some simple checks
and uses color to differentiate between various elements of code, this text edi-
tor is recommended as the tool of choice for writing and editing M-functions.

2.10.2 Operators
MATLAB operators are grouped into three main categories:

» Arithmetic operators that perform numeric computations
» Relational operators that compare operands quantitatively
¢ Logical operators that perform the functions AND, OR, and NOT

These are discussed in the remainder of this section.

Arithmetic Operators

MATLAB has two different types of arithmetic operations. Matrix arithmetic
operations are defined by the rules of linear algebra. Array arithmetic opera-
tions are carried out element by element and can be used with multidimen-
sional arrays. The period (dot) character (.) distinguishes array operations
from matrix operations. For example, A*B indicates matrix multiplication in the
traditional sense, whereas A. *B indicates array multiplication, in the sense that
the result is an array, the same size as A and B, in which each element is the
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product of corresponding elements of A and B. In other words, if C = A.*B,
then C(I,J) =A(I, J)*B(I, J).Because matrix and array operations are the
same for addition and subtraction, the character pairs .+ and .- are not used.

When writing an expression such as B = A, MATLAB makes a “note” that B
is equal to A, but does not actually copy the data into B unless the contents of
A change later in the program. This is an important point because using dif-
ferent variables to “store” the same information sometimes can enhance code
clarity and readability. Thus, the fact that MATLAB does not duplicate infor-
mation unless it is absolutely necessary is worth remembering when writing
MATLAB code. Table 2.4 lists the MATLAB arithmetic operators, where A

- MATLAB Comments
' Operator Name Function and Examples
+ Array and matrix plus(A, B) a+b,A+B,ora+A.
addition
- Array and matrix minus(A, B) a—-b,A-B,A-a,
subtraction ora—A.
* Array multiplication  times(A, B) C=A.*B,C(I, J)
=A(I,J)*B(I, J).
* Matrix multiplication mtimes (A, B) A*B, standard matrix

multiplication, or a*A,
multiplication of a scalar
times all elements of A.
C=A./B, C(I,J)
=A(I, J)/B(I, J).
C=A.\B, G(I,J)
=B(I, J)/A(I, J).

i Aurray right division rdivide (A, B)

A Array left division ldivide(A, B)

/ Matrix right division  mrdivide(A, B) A/B is roughly the same as
A*inv(B), depending
on computational accuracy.
{ Matrix left division mldivide (A, B) A\B is roughly the same as

inv(A)*B, depending

on computational accuracy.
IfC=A."B,then

C(I,d)=
A(I,J)"B(I,J).

See online help for a
discussion of this operator.

Array power power (A, B)

Matrix power mpower (A, B)

! Vector and matrix transpose(A) A.'.Standard vector and
transpose matrix transpose.

' Vector and matrix ctranspose(A) A'.Standard vector and
complex conjugate matrix conjugate transpose.
transpose When AisrealA.' = A",

+ Unary plus uplus (A) +Ais the same as 0 + A.

- Unary minus uminus (A) —A is the same as 0 — A

or —1*A.
Colon Discussed in Section 2.8.

TABLE 2.4

Array and matrix
arithmetic
operators.
Computations
involving these
operators can be
implemented using
the operators
themselves, as in
A+ B, or using the
MATLAB
functions shown, as
in plus (A, B).The
examples shown
for arrays use
matrices to
simplify the
notation, but they
are easily
extendable to
higher dimensions.
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[ABLE 2.5
The image
writhmetic
‘unctions

supported by IPT.

Function Description

imadd Adds two images; or adds a constant to an image.

imsubtract Subtracts two images; or subtracts a constant from an image.

immultiply Multiplies two images, where the multiplication is
carried out between pairs of corresponding image elements;
or multiplies a constant times an image.

imdivide Divides two images, where the division is carried out
between pairs of corresponding image elements; or divides
an image by a constant.

imabsdiff Computes the absolute difference between two images.

imcomplement  Complements an image. See Section 3.2.1.

imlincomb Computes a linear combination of two or more images. See
Section 5.3.1 for an example.

and B are matrices or arrays and a and b are scalars. All operands can be real
or complex. The dot shown in the array operators is not necessary if the
operands are scalars. Keep in mind that images are 2-D arrays, which are
equivalent to matrices, so all the operators in the table are applicable to
images.

The toolbox supports the image arithmetic functions listed in Table 2.5. Al-
though these functions could be implemented using MATLAB arithmetic op-
erators directly, the advantage of using the IPT functions is that they support
the integer data classes whereas the equivalent MATLAB math operators re-
quire inputs of class double.

Example 2.6, to follow, uses functions max and min. The former function has
the syntax forms

C = max(A)

C = max(A, B)

C = max(A, [ ], dim)
{C, I] = max(...)

In the first form, if A is a vector, max (A) returns its largest element; if A is a ma-
trix, then max (A) treats the columns of A as vectors and returns a row vector
containing the maximum element from each column. In the second form,
max (A, B) returns an array the same size as A and B with the largest elements
taken from A or B. In the third form, max (A, [ ], dim) returns the largest ele-
ments along the dimension of A specified by scalar dim. For example, max (A,
[ 1, 1) produces the maximum values along the first dimension (the rows) of
A.Finally, [C, I] = max(...) also finds the indices of the maximum values of
A, and returns them in output vector I.If there are several identical maximum
values, the index of the first one found is returned. The dots indicate the syntax
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used on the right of any of the previous three forms. Function min has the
same syntax forms just described.

g Suppose that we want to write an M-function, call it fgprod, that multiplies EXAMPLE 2.6:

two input images and outputs the product of the images, the maximum and min-  Ilustration of

imum values of the product, and a normalized product image whose values are z“;}r‘:z;‘:an p

in the range [0, 1]. Using the text editor we write the desired function as follows: ffnctions nax and
min.

function (p, pmax, pmin, pnl = improd(f, g)

%IMPROD Computes the product of two images.

[P, PMAX, PMIN, PN] = IMPROD(F, G)' outputs the element-by-

element product of two input images, F and G, the product

maximum and minimum values, and a normalized product array with

values in the range [0, 1]. The input images must be of the same

size. They can be of class uint8, unit16, or double. The outputs

are of class double.

fd = double(f);
gd = double(g);

p = fd.*gd;

pmax = max(p(:));
pmin = min{p(:));
pn = mat2gray(p);

of of of &P J° of

Note that the input images were converted to double using the function
double instead of im2double because, if the inputs were of type uints,
im2double would convert them to the range [0, 1]. Presumably, we want p to
contain the product of the original values. To obtain a normalized array, pn, in
the range [0, 1] we used function mat2gray. Note also the use of single-colon
indexing, as discussed in Section 2.8.

Suppose that f = {1 2; 3 4] and g=[1 2; 2 1].Typing the preceding
function at the prompt results in the following output:

>> [p, pmax, pmin, pn] = improd(f, g)

'In MATLAB documentation, it is customary to use uppercase characters in the H1 line and in Help text
when referring to function names and arguments. This is done to avoid confusion between program
names/variables and normal explanatory text.
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EXAMPLE 2.8:
Logical operators.

EXAMPLE 2.9:
Logical functions.

TABLE 2.8
Logical functions.

¥ Consider the AND operation on the following numeric arrays:

> A =1[120; 04 5];
> B =[1-23; 011];
>> A & B
ans =

1 1 0

1 1

We see that the AND operator produces a logical array that is of the same size
as the input arrays and has a 1 at locations where both operands are nonzero
and Os elsewhere. Note that all operations are done on pairs of corresponding
elements of the arrays, as before.

The OR operator works in a similar manner. An OR expression is true if ei-
ther operand is a logical 1 or nonzero numerical quantity, or if they both are
logical 1s or nonzero numbers; otherwise it is false. The NOT operator works
with a single input. Logically, if the operand is true, the NOT operator converts
it to false. When using NOT with numeric data, any nonzero operand becomes
0, and any zero operand becomes 1. |

MATLAB also supports the logical functions summarized in Table 2.8. The
all and any functions are particularly useful in programming.

Consider the simple arraysA = [1 2 3;4 5 6] andB = [0 -1 1; 0 0 2].
Substituting these arrays into the functions in Table 2.8 yield the following results:

>> xor(A, B)

ans

Function Comments

The xor function returns a 1 only if both operands are

logically different; otherwise xor returns a 0.

all The all function returns a 1 if all the elementsin a
vector are nonzero; otherwise all returns a 0. This
function operates columnwise on matrices.

any The any function returns a 1 if any of the elements in a

vector is nonzero; otherwise any returns a 0. This

xor (exclusive OR)

function operates columnwise on matrices.

2.10 # Introduction to M-Function Programming 47

>> all(B)
ans =

0o 0 1
>> any(B)

ans =

Note how functions all and any operate on columns of A and B. For instance,
the first two elements of the vector produced by all(B) are 0 because each
of the first two columns of B contains at least one 0; the last element is 1 be-
cause all elements in the last column of B are nonzero. B

In addition to the functions listed in Table 2.8, MATLAB provides a
number of other functions that test for the existence of specific conditions
or values and return logical results. Some of these functions are listed in
Table 2.9. A few of them deal with terms and concepts discussed earlier in
this chapter (for example, see function islogical in Section 2.6.2); others
are used in subsequent discussions. Keep in mind that the functions listed in
Table 2.9 return a logical 1 when the condition being tested is true; other-
wise they return a logical 0. When the argument is an array, some of the
functions in Table 2.9 yield an array the same size as the argument contain-
ing logical 1s in the locations that satisfy the test performed by the function,
and logical Os elsewhere. For example, if A= {1 2; 3 1/0], the function
isfinite(A) returns the matrix [1 1; 1 0], where the 0 (false) entry indi-
cates that the last element of A is not finite.

Some Important Variables and Constants

The entries in Table 2.10 are used extensively in MATLAB programming. For
example, eps typically is added to denominators in expressions to prevent
overflow in the event that a denominator becomes zero.
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Function Description
iscell(C) True if C is a cell array.
iscellstr(s) True if s is a cell array of strings.
ischar(s) True if s is a character string.
isempty (A) True if Ais the empty array, [ ].

isequal(A, B)

isfield(S, 'name’)

isfinite(A)
isinf(A)
isletter(A)
islogical(A)
ismember (A, B)
isnan(A)

isnumeric(A)
isprime(A)

True if A and B have identical elements and dimensions.
True if 'name’ is a field of structure S.

True in the locations of array A that are finite.

True in the locations of array A that are infinite.

True in the locations of A that are letters of the alphabet.
True if Ais a logical array.

True in locations where elements of A are also in B.

True in the locations of A that are NaNs (see Table 2.10 for
a definition of NaN).

True if A is a numeric array.
True in locations of A that are prime numbers.
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Number Representation

MATLAB uses conventional decimal notation, with an optional decimal point
and leading plus or minus sign, for numbers. Scientific notation uses the letter
e to specify a power-of-ten scale factor. Imaginary numbers use either i or j as
a suffix. Some examples of valid number representations are

3 -99 0.0001
9.6397238 1.60210e-20 6.02252e23
11 -3.14159j 3e51

All numbers are stored internally using the long format specified by the Insti-
tute of Electrical and Electronics Engineers (IEEE) floating-point standard.
Floating-point numbers have a finite precision of roughly 16 significant deci-
mal digits and a finite range of approximately 1073% to 10+3%,

2.10.3 Flow Control

The ability to control the flow of operations based on a set of predefined con-
ditions is at the heart of all programming languages. In fact, conditional
branching was one of two key developments that led to the formulation of
general-purpose computers in the 1940s (the other development was the use
of memory to hold stored programs and data). MATLAB provides the eight
flow control statements summarized in Table 2.11. Keep in mind the observa-
tion made in the previous section that MATLAB treats a logical 1 or nonzero
number as true, and a logical or numeric 0 as false.

isreal(A) True if the elements of A have no imaginary parts.
isspace(A) True at locations where the elements of A are whitespace
characters.

issparse(A) True if A is a sparse matrix.

isstruct(S) True if S is a structure.

Function Value Returned

ans Most recent answer (variable). If no output variable is assigned to
an expression, MATLAB automatically stores the result in ans.

eps Floating-point relative accuracy. This is the distance between 1.0 and
the next largest number representable using double-precision
floating point.

i(orj) Imaginary unit,asin 1 + 2.

NaNor nan  Stands for Not-a-Number (e.g., 0/0).

pi 3.14159265358979

realmax The largest floating-point number that your computer can represent.

realmin The smallest floating-point number that your computer can
represent.

computer  Your computer type.

version MATLAB version string.

‘Statement Description

if if, together with else and elseif, executes a group of
statements based on a specified logical condition.

for Executes a group of statements a fixed (specified) number of
times.

while Executes a group of statements an indefinite number of times,
based on a specified logical condition.

break Terminates execution of a for or while loop.

continue Passes control to the next iteration of a for or while loop,
skipping any remaining statements in the body of the loop.

switch switch, together with case and otherwise, executes different
groups of statements, depending on a specified value or
string.

return Causes execution to return to the invoking function.

try...catch Changes flow control if an error is detected during execution.

TABLE 2.11
Flow control
statements.

49
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EXAMPLE 2.10:

Conditional
branching and
introduction of
functions error,
length,and
numel.

if, else, and elseif
Conditional statement if has the syntax

if expression
statements
end

The expression is evaluated and, if the evaluation yields true, MATLAB ex-
ecutes one or more commands, denoted here as statements, between the if
and end lines. If expression is false, MATLAB skips all the statements be-
tween the if and end lines and resumes execution at the line following the end
line. When nesting ifs, each if must be paired with a matching end.

The else and elseif statements further conditionalize the if statement.
The general syntax is

if expressiont
statements1?
elseif expression2
statements2
else
statements3
end :

If expressiont is true, statements1 are executed and control is transferred
to the end statement. If expression? evaluates to false, then expression2
is evaluated. If this expression evaluates to true, then statements2 are exe-
cuted and control is transferred to the end statement. Otherwise (else)
statements3 are executed. Note that the else statement has no condition.
The else and elseif statements can appear by themselves after an if state-
ment; they do not need to appear in pairs, as shown in the preceding general
syntax. It is acceptable to have multiple elseif statements.

#® Suppose that we want to write a function that computes the average inten-
sity of an image. As discussed earlier, a two-dimensional array f can be con-
verted to a column vector, v, by letting v = f(:), Therefore, we want our
function to be able to work with both vector and image inputs. The program
should produce an error if the input is not a one- or two-dimensional array.

function av = average(A)

%AVERAGE Computes the average value of an array.

% AV = AVERAGE(A) computes the average value of input
% array, A, which must be a 1-D or 2-D array.

% Check the validity of the input. (Keep in mind that
% a 1-D array is a special case of a 2-D array.)
if ndims(A) > 2
error('The dimensions of the input cannot exceed 2.')
end

9
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s Compute the average
av = sum(A(:))/length(A(:));

Note that the input is converted to a 1-D array by using A(:). In general,
length(A) returns the size of the longest dimension of an array, A. In this ex-
ample, because A( 1) is a vector, length (A) gives the number of elements of A.
This eliminates the need to test whether the input is a vector or a 2-D array.
Another way to obtain the number of elements in an array directly is to use
function numel, whose syntax is

n = numel(A)

Thus, if A is an image, numel (A) gives its number of pixels. Using this function,
the last executable line of the previous program becomes

av = sum(A(:))/numel(A);
Finally, note that the error function terminates execution of the program and

outputs the message contained within the parentheses (the quotes shown are
required). ]

for

As indicated in Table 2.11, a for loop executes a group of statements a speci-
fied number of times. The syntax is

for index = start:increment:@end
statements
end

It is possible to nest two or more for loops, as follows:

for indext = starti:incrementi:end

Statements?

for index2 = start2:increment2:end
Statementsz2

end

additional loopl1 statements
end

For example, the following loop executes 11 times:

count = g;
for k = 0:0.1:1

count = count + 1;
end
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EXAMPLE 2.11:
Using a for loop
to write multiple
images to file.

See the help page for
sprintf for other

syntax forms applic-
able to this function.

If the loop increment is omitted, it is taken to be 1. Loop increments also can
be negative, as in k = 0:~1:-10. Note that no semicolon is necessary at the end
of a for line. MATLAB automatically suppresses printing the values of a loop
index. As discussed in detail in Section 2.10.4, considerable gains in program
execution speed can be achieved by replacing for loops with so-called
vectorized code whenever possible.

# Example 2.2 compared several images using different JPEG quality val-
ues. Here, we show how to write those files to disk using a for loop. Suppose
that we have an image, ¥, and we want to write it to a series of JPEG files with
quality factors ranging from 0 to 100 in increments of 5. Further, suppose that
we want to write the JPEG files with filenames of the form series_xxx.jpg,

where xxx is the quality factor. We can accomplish this using the following

for loop:

for q = 0:5:100
filename = sprintf('series_%3d.jpg', 4);
imwrite(f, filename, 'quality', q);

end

Function sprintf, whose syntax in this case is
s = sprintf('charactersi%ndcharacters2', q)
writes formatted data as a string, s. In this syntax form, characterst and

characters2 are character strings, and %nd denotes a decimal number (speci-
fied by q) with n digits. In this example, characters? is series_, the value of

nis 3, characters2is . jpg, and q has the values specified in the loop. | g

while

A while loop executes a group of statements for as long as the expression
controlling the loop is true. The syntax is

while expression
statements
end

As in the case of for,while loops can be nested:

while expressiont
statementsi
while expression2
statements2
end
additional loop?1 statements
end
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For example, the following nested while loops terminate when both a and
p have been reduced to 0:

Note that to control the loops we used MATLAB’s convention of treating a
numerical value in a logical context as true when it is nonzero and as false
when it is 0. In other words,while a and while b evaluate to true aslongas a
and b are nonzero.

As in the case of for loops, considerable gains in program execution speed
can be achieved by replacing while loops with vectorized code (Section
2.10.4) whenever possible.

hreak

As its name implies, break terminates the execution of a for or while loop.
When a break statement is encountered, execution continues with the next

- statement outside the loop. In nested loops, break exits only from the inner-

most loop that contains it.

continue

The continue statement passes control to the next iteration of the for or
while loop in which it appears, skipping any remaining statements in the body
of the loop. In nested loops, continue passes control to the next iteration of
the loop enclosing it.

switch

This is the statement of choice for controlling the flow of an M-function based
on different types of inputs. The syntax is

switch switch_expression
case case_expression
statement(s)
case {case_expressionl, case_expression2,...}
statement(s)
otherwise

Statement(s)
end
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EXAMPLE 2.12:
Extracting a
subimage from a
given image.

The switch construct executes groups of statements based on the value of a
variable or expression. The keywords case and otherwise delineate the
groups. Only the first matching case is executed.” There must always be an
end to match the switch statement. The curly braces are used when multiple
expressions are included in the same case statement. As a simple example,
suppose that we have an M-function that accepts an image f and converts it to
a specified class, call it newclass. Only three image classes are acceptable for
the conversion: uint8, uint16, and double. The following code fragment per-
forms the desired conversion and outputs an error if the class of the input
image is not one of the acceptable classes:

switch newclass
case 'uint8'
g = im2uint8(f);
case 'uinti16’
g = im2uinti16(f);
case 'double'
g = im2double(f);
otherwise
error('Unknown or improper image class.')
end

The switch construct is used extensively throughout the book.

#® In this example we write an M-function (based on for loops) to extract a
rectangular subimage from an image. Although, as shown in the next section,
we could do the extraction using a single MATLAB statement, we use the pre-
sent example later to compare the speed between loops and vectorized code.
The inputs to the function are an image, the size (number of rows and
columns) of the subimage we want to extract, and the coordinates of the top,
left corner of the subimage. Keep in mind that the image origin in MATLAB
1s at (1, 1), as discussed in Section 2.1.1.

function s = subim(f, m, n, rx, cy)

%SUBIM Extracts a subimage, s, from a given image, f.
% The subimage is of size m-by-n, and the coordinates
% of its top, left corner are (rx, cy).

s = zeros(m, n);

rowhigh = rx + m — 1;

colhigh = ¢y + n - 1;

xcount = 0

for r = rx:rowhigh
xcount = xcount + 1;
ycount = O;

*Unlike the C language switch construct, MATLAB’s switch does not “fall through.” That is, switch
executes only the first matching case; subsequent matching cases do not execute. Therefore, break state-
ments are not used.
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for ¢ = cy:colhigh
ycount = ycount + 1;
s(xcount, ycount) = f(r, c);
end
end

In the following section we give a significantly more efficient implementation
of this code. As an exercise, the reader should implement the preceding pro-
gram using while instead of for loops. 2

2.10.4 Code Optimization

As discussed in some detail in Section 1.3, MATLAB is a programming lan-
guage specifically designed for array operations. Taking advantage of this fact
whenever possible can result in significant increases in computational speed.
In this section we discuss two important approaches for MATLAB code opti-
mization: vectorizing loops and preallocating arrays.

Vectorizing Loops

Vectorizing simply means converting for and while loops to equivalent vec-
tor or matrix operations. As will become evident shortly, vectorization can re-
sult not only in significant gains in computational speed, but it also helps
improve code readability. Although multidimensional vectorization can be dif-
ficult to formulate at times, the forms of vectorization used in image process-
ing generally are straightforward.

We begin with a simple example. Suppose that we want to generate a 1-D
function of the form

f(x) = Asin(x/27)

forx =0,1,2,...,M — 1. A for loop to implement this computation is
for x = 1:M % Array indices in MATLAB cannot be 0.

f{x) = A*sin({x — 1)/(2*pi));
end

However, this code can be made considerably more efficient by vectorizing it;
that is, by taking advantage of MATLAB indexing, as follows:

X=0:M - 1;
f = A*sin(x/(2*pi));

As this simple example illustrates, 1-D indexing generally is a simple
process. When the functions to be evaluated have two variables, optimized
indexing is slightly more subtle. MATLAB provides a direct way to implement
2-D function evaluations via function meshgrid, which has the syntax

[C, R] = meshgrid(c, r)
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This function transforms the domain specified by row vectors ¢ and r into ar-
rays C and R that can be used for the evaluation of functions of two variables
and 3-D surface plots (note that columns are listed first in both the input and
output of meshgrid).

The rows of output array C are copies of the vector ¢, and the columns of
the output array R are copies of the vector r. For example, suppose that we
want to form a 2-D function whose elements are the sum of the squares of the

values of coordinate variables x and y for x=0, 1, 2andy=0, 1.The vec-

tor r is formed from the row components of the coordinates: r= [0 1 2].Sim-
ilarly, ¢ is formed from the column component of the coordinates: ¢ = [0 1]
(keep in mind that both r and c are row vectors here). Substituting these two
vectors into meshgrid results in the following arrays:

>> [C, R]= meshgrid(c, r)

C =
0 1
0 1
0 1

R =
0 0
1 1
2

The function in which we are interested is implemented as
>> h = R."2 + C."2

which gives the following result:

h =
0 1
1 2
4 5

Note that the dimensions of h are Length(r) x length(c). Also note, for ex-
ample, that h(1,1) =R(1,1)"2 + C(1,1)~2. Thus, MATLAB automatically
took care of indexing h. This is a potential source for confusion when 0Os are in-
volved in the coordinates because of the repeated warnings in this book and in
manuals that MATLAB arrays cannot have 0 indices. As this simple illustra-
tion shows, when forming h, MATLAB used the contents of R and C for com-
putations. The indices of h, R, and C, started at 1. The power of this indexing
scheme is demonstrated in the following example.
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@ In this example we write an M-function to compare the implementation of
the following two-dimensional image function using for loops and vectorization:

flx, y) = Asin(ugx + vyy)

forx=01,2,...,M —-1land y =0,1,2,..., N — 1. We also introduce the
timing functions tic and toc.

The function inputs are A, 1y, vy, M and N. The desired outputs are the im-
ages generated by both methods (they should be identical), and the ratio of
the time it takes to implement the function with for loops to the time it takes
to implement it using vectorization. The solution is as follows:

function [rt, f, g] = twodsin(A, ud, vO, M, N)

%TWODSIN Compares for loops vs. vectorization.

% The comparison is based on implementing the function

% f(x, y) = Asin(uOx + vOy) for x = 0, 1, 2,..., M — 1 and
% y=0,1, 2,..., N - 1. The inputs to the function are

% M and N and the constants in the function.

% First implement using for loops.

tic % Start timing.

for r = 1:M
uox = uo*(r — 1);
for ¢ = 1:N

vOy = vO0*(c — 1);
f(r, ¢) = A*sin(u0x + v0y);
end
end

t1 = toc; % End timing.
% Now implement using vectorization. Call the image g.

tic % Start timing.

€ =0:N-1;
[C, R] = meshgrid(c, r);
g = A*sin(uO*R + v0*C);

12 = toe; % End timing.
% Compute the ratio of the two times.
rt = t1/(t2 + eps); % Use eps in case t2 is close to O.

Running this function at the MATLAB prompt,

> [rt, f, g] = twodsin(1, 1/(4*pi), 1/(4*pi), 512, 512);

EXAMPLE 2.13:
An illustration of
the computational
advantages of
vectorization, and
intruduction of
the timing
functions tic and

toc.
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FIGURE 2.7
Sinusoidal image
generated in
Example 2.13.

yielded the following value of rt:

>> rt
rt =
34.2520

We convert the image generated (f and g are identical) to viewable form using
function mat2gray:

>> g = mat2gray(g);

and display it using imshow,

>> imshow(g)

Figure 2.7 shows the result. 5

The vectorized code in Example 2.13 runs on the order of 30 times faster
than the implementation based on for loops. This is a significant computation-
al advantage that becomes increasingly meaningful as relative execution times
become longer. For example, if M and N are large and the vectorized program
takes 2 minutes to run, it would take over 1 hour to accomplish the same task
using for loops. Numbers like these make it worthwhile to vectorize as much of
a program as possible, especially if routine use of the program in envisioned.

The preceding discussion on vectorization is focused on computations in-
volving the coordinates of an image. Often, we are interested in extracting and
processing regions of an image. Vectorization of programs for extracting such
regions is particularly simple if the region to be extracted is rectangular and
encompasses all pixels within the rectangle, which generally is the case in this
type of operation. The basic vectorized code to extract a region, s, of size mx n
and with its top left corner at coordinates (rx, cy) is as follows:

rowhigh rx +m — 1;
colhigh = cy + n - 1;
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s = f(rx:rowhigh, cy:colhigh);

where T is the image from which the region is to be extracted. The for loops to
accomplish the same thing were already worked out in Example 2.12. Imple-
menting both methods and timing them as in Example 2.13 would show that
the vectorized code runs on the order of 1000 times faster in this case than the
code based on for loops.

Preallocating Arrays

Another simple way to improve code execution time is to preallocate the size
of the arrays used in a program. When working with numeric or logical arrays,
preallocation simply consists of creating arrays of Os with the proper dimen-
sion. For example, if we are working with two images, f and g, of size
1024 X 1024 pixels, preallocation consists of the statements

>> f = zeros(1024); g = zeros(1024);

Preallocation also helps reduce memory fragmentation when working with
large arrays. Memory can become fragmented due to dynamic memory alloca-
tion and deallocation. The net result is that there may be sufficient physical mem-
ory available during computation, but not enough contiguous memory to hold a
large variable. Preallocation helps prevent this by allowing MATLAB to reserve
sufficient memory for large data constructs at the beginning of a computation.

2.10.5 Interactive I/O

Often, it is desired to write interactive M-functions that display information
and instructions to users and accept inputs from the keyboard. In this section
we establish a foundation for writing such functions.

Function disp is used to display information on the screen. Its syntax is

disp(argument)

If argument is an array, disp displays its contents. If argument is a text string,
then disp displays the characters in the string. For example,

> A = [12; 3 4];

>> disp(A)
1 2
3 4
>> 8¢ = 'Digital Image Processing.';

>> disp(sc)

Digital Image Processing.

>> disp('This is another way to display text.')
This is another way to display text.

See Appendix B for
details on construct-
ing graphical user
interfaces (GUIs).
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See Section 12.4 for
a detailed discussion
of string operations.

Note that only the contents of argument are displayed, without words like
ans =, which we are accustomed to seeing on the screen when the value of a
variable is displayed by omitting a semicolon at the end of a command line.

. Function input is used for inputting data into an M-function. The basic

syntax is
t = input('message')

This function outputs the words contained in message and waits for an input 3§
from the user, followed by a return, and stores the input in t. The input can be
a single number, a character string (enclosed by single quotes), a vector (en-
closed by square brackets and elements separated by spaces or commas), a
matrix (enclosed by square brackets and rows separated by semicolons), or
any other valid MATLAB data structure. The syntax

t = input('message’', 's')

outputs the contents of message and accepts a character string whose ele-
ments can be separated by commas or spaces. This syntax is flexible because it
allows multiple individual inputs. If the entries are intended to be numbers, the
elements of the string (which are treated as characters) can be converted to
numbers of class double by using the function str2num, which has the syntax

n = str2num(t)
For example,

>> t = input('Enter your data: ', 's')
Enter your data: 1, 2, 4
t =
124
>> class(t)
ans =
char
>> size(t)

ans =
1 5

>> n = str2num(t)

n=
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>> size(n)
ans =
1 3
>> class(n)
ans =
double

Thus, we see that tis a 1 X 5 character array (the three numbers and the two
spaces) and nis a 1 X 3 vector of numbers of class double.

If the entries are a mixture of characters and numbers, then we use one of
MATLAB’s string processing functions. Of particular interest in the present
discussion is function strread, which has the syntax

[a, b, c, .] = strread(cstr, 'format', 'param', ‘value')
This function reads data from the character string cstr, using a specified
format and param/value combinations. In this chapter the formats of interest
are %t and %q, to denote floating-point numbers and character strings, respec-
tively. For param we use delimiter to denote that the entities identified in

format will be delimited by a character specified in value (typically a comma

- or space). For example, suppose that we have the string

>t = '12.6, X2y, z';

To read the elements of this input into three variables a, b, and ¢, we write

>> [a, b, c] = strread(t, '%f%g%q’', 'delimiter', ',"')
4=
12.6000
b =
lX2y|
c =
IZI

Output a is of class double; the quotes around outputs x2y and z indicate that
b and ¢ are cell arrays, which are discussed in the next section. We convert
them to character arrays simply by letting

>> d = char(b)

X2y

See the help page for
strread for a list of
the numerous syntax
forms applicable to
this function.
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Function strcmp
(st, s2) compares
two strings, s1 and
s2, and returns a
logical true (1) if
the strings are equal;
otherwise it returns a
logical false (0).

Cell arrays and
structures are dis-
cussed in detail in
Section 11.1.1.

and similarly for ¢. The number (and order) of elements in the format string
must match the number and type of expected output variables on the left. In
this case we expect three inputs: one floating-point number followed by two
character strings.

Function strecmp is used to compare strings. For example, suppose that we
have an M-function g = imnorm(f, param) that accepts an image, f, and a pa-
rameter param than can have one of two forms: ‘normi’, and 'norm255'.In
the first instance, T is to be scaled to the range [0, 1]; in the second, it is to be
scaled to the range [0, 255]. The output should be of class double in both cases.
The following code fragment accomplishes the required normalization:

f = double(f);
f=f -~min(f(:));
f = f./max(f(:));

if strcmp(param, 'normt')
g=f;

elseif strcmp(param, 'norm255')
g = 255*f;

else

error('Unknown value of param.')
end

An error would occur if the value specified in param is not '‘normi' or
'norm255'. Also, an error would be issued if other than all lowercase charac-
ters are used for either normalization factor. We can modify the function to ac-
cept either lower or uppercase characters by converting any input to
lowercase using function lower, as follows:

param = lower(param)

Similarly, if the code uses uppercase letters, we can convert any input character
string to uppercase using function upper:

param = upper(param)

2.10.6 A Brief Introduction to Cell Arrays and Structures

When dealing with mixed variables (e.g., characters and numbers), we can
make use of cell arrays. A cell array in MATLAB is a multidimensional array
whose elements are copies of other arrays. For example, the cell array

¢ = {'gauss', [1 0; O 1], 3}

8 o el Bt n
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contains three elements: a character string, a 2 X 2 matrix, and a scalar (note
the use of curly braces to enclose the arrays). To select the contents of a cell
array we enclose an integer address in curly braces. In this case, we obtain the
following results:

>> c{1}
ans =

gauss
>> c{2}
ans =

1 0

0 1
>> ¢{3}
ans =

3

An important property of cell arrays is that they contain copies of the argu-
ments, not pointers to the arguments. For example, if we were working with
cell array

¢ = {A, B}

in which A and B are matrices, and these matrices changed sometime later in a
program, the contents of ¢ would not change.

Structures are similar to cell arrays, in the sense that they allow grouping of a
collection of dissimilar data into a single variable. However, unlike cell arrays
where cells are addressed by numbers, the elements of structures are addressed
by names called fields. Depending on the application, using fields adds clarity and
readability to an M-function. For instance, letting S denote the structure variable
and using the (arbitrary) field names char_string, matrix, and scalar, the
data in the preceding example could be organized as a structure by letting

8.char_string = 'gauss’;
S.matrix = [1 0; 0 1];
S.scalar = 3;

Note the use of a dot to append the various fields to the structure variable.
Then, for example, typing S.matrix at the prompt, would produce

>> S.matrix
ans =

-
(=]
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which agrees with the corresponding output for cell arrays. The clarity of using
S.matrix as opposed to ¢{2} is evident in this case. This type of readability
can be important if a function has numerous outputs that must be interpreted

by a user.

Summary

The material in this chapter is the foundation for the discussions that follow. At this
point, the reader should be able to retrieve an image from disk, process it via simple
manipulations, display the result, and save it to disk. It is important to note that the key
lesson from this chapter is how to combine MATLAB and IPT functions with pro-
gramming constructs to generate solutions that expand the capabilities of those func-
tions. In fact, this is the model of how material is presented in the following chapters. By
combining standard functions with new code, we show prototypic solutions to a broad
spectrum of problems of interest in digital image processing,

Preview

The term spatial domain refers to the image plane itself, and methods in this cat-
egory are based on direct manipulation of pixels in an image. In this chapter we
focus attention on two important categories of spatial domain processing:
intensity (or gray-level) transformations and spatial filtering. The latter approach
sometimes is referred to as neighborhood processing, or spatial convolution. In
the following sections we develop and illustrate MATLAB formulations repre-
sentative of processing techniques in these two categories. In order to carry a
consistent theme, most of the examples in this chapter are related to image en-
hancement. This is a good way to introduce spatial processing because enhance-
ment is highly intuitive and appealing, especially to beginners in the field. As will
be seen throughout the book, however, these techniques are general in scope and
have uses in numerous other branches of digital image processing.

Background

As noted in the preceding paragraph, spatial domain techniques operate di-
rectly on the pixels of an image. The spatial domain processes discussed in this
chapter are denoted by the expression

g(x. y) = T[f(x )]

where f(x, y) is the input image, g(x, y) is the output (processed) image, and
T is an operator on f, defined over a specified neighborhood about point
(x, ¥). In addition, T can operate on a set of images, such as performing the ad-
dition of K images for noise reduction.

The principal approach for defining spatial neighborhoods about a point
(x, y}is to use a square or rectangular region centered at (x, y), as Fig. 3.1 shows.
The center of the region is moved from pixel to pixel starting, say, at the top, left
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FIGURE 3.1 A
neighborhood of
size 3 X 3 about a
point (x, y) in an
image.

. iv,timadj ust

Origin N

@‘ (x.)

Image f(x, y)

X

_~rner, and, as it moves, it encompasses different neighborhoods. Operator T is
applica .7 ach location (x, y) to yield the output, g, at that location. Only the
pixels in the neiz.:orhood are used in computing the value of g at (x, y).

The remainder of this chipfer deals with various implementations of the
preceding equation. Although this ¢«;iinfion is simple conceptually, its compu-
tational implementation in MATLAB requires that careful attention be paid
to data classes and value ranges.

Intensity Transformation Functions

The simplest form of the transformation 7 is when the neighborhood in
Fig. 3.1 is of size 1 X 1 (a single pixel). In this case, the value of g at (x, y) de-
pends only on the intensity of f at that point, and T becomes an intensity or
gray-level transformation function. These two terms are used interchangeably,
when dealing with monochrome (i.e., gray-scale) images. When dealing with
color images, the term intensity is used to denote a color image component in
certain color spaces, as described in Chapter 6.

Because they depend only on intensity values, and not explicitly on (x, y),
intensity transformation functions frequently are written in simplified form as

s=T(r)
where r denotes the intensity of f and s the intensity of g, both at any corre-
sponding point (x, y) in the images.
1.2} Function imadjust

Function imadjust is the basic IPT tool for intensity transformations of gray-
scale images. It has the syntax

g = imadjust(f, [low_in high_in], [low_out high_out], gamma)

As illustrated in Fig. 3.2, this function maps the intensity values in image f
to new values in g, such that values between low_in and high_in map to

: high_out --gamma <1 gamma > 1

low_out 1

~+

low_in

low_in high_in low_in high_in high_in

values between low_out and high_out. Values below low_in and above
high_in are clipped; that is, values below low_in map to low_out, and those

above high_in map to high_out. The input image can be of class uints,

uint16, or double, and the output image has the same class as the input. All
inputs to function imadjust, other than f, are specified as values between 0
and 1, regardless of the class of f. If f is of class uint8, imadjust multiplies
the values supplied by 255 to determine the actual values to use;if f is of class
uint16, the values are multiplied by 65535. Using the empty matrix ([ 1) for
[low_in high_in] or for [low_out high_out] results in the default values
[0 1).If high_out is less than low_out, the output intensity is reversed.

Parameter gamma specifies the shape of the curve that maps the intensity
values in f to create g. If gamma is less than 1, the mapping is weighted toward
higher (brighter) output values, as Fig. 3.2(a) shows. If gamma is greater than 1,
the mapping is weighted toward lower (darker) output values. If it is omitted
from the function argument, gamma defaults to 1 (linear mapping).

¥ Figure 3.3(a) is a digital mammogram image, f, showing a small lesion, and

Fig. 3.3(b) is the negative image, obtained using the command
>> g1 = imadjust(f, [0 1], [1 0O]);

This process, which is the digital equivalent of obtaining a photographic nega-
tive, is particularly useful for enhancing white or gray detail embedded in a
large, predominantly dark region. Note, for example, how much easier it is to
analyze the breast tissue in Fig. 3.3(b). The negative of an image can be ob-
tained also with IPT function imcomplement:

g = imcomplement(f)
Figure 3.3(c) is the result of using the command
>> g2 = imadjust(f, [0.5 0.75], [0 1]);

which expands the gray scale region between 0.5 and 0.75 to the full {0, 1]
range. This type of processing is useful for highlighting an intensity band of
interest. Finally, using the command

>> g3 = imadjust(f, [ 1, [ ], 2);
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a-b ¢

FIGURE 3.2 The
various mappings
available in
function
imadjust.

EXAMPLE 3.1:
Using function
imadjust.
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ab
c.d

FIGURE 3.3 (a)
Original digital
mammogram.
(b) Negative
image. (¢) Result
of expanding the
intensity range
[0.5,0.75].

(d) Result of
enhancing the
image with
gamma = 2.
(Original image
courtesy of G. E.
Medical Systems.)

iog
~Log2
logi0

04 is the natural
.ogarithm. 1092 and
10910 are the base 2
and base 10 loga-

ithms, respectively.

produces a result similar to (but with more gray tones than) Fig. 3.3(c) by compress-
ing the low end and expanding the high end of the gray scale [see Fig.3.3(d)]. =

4.2.1 Logarithmic and Contrast-Stretching Transformations

Logarithmic and contrast-stretching transformations are basic tools for dy-
namic range manipulation. Logarithm transformations are implemented using
the expression

g = c*log(1 + double(f))

where c is a constant. The shape of this transformation is similar to the gamma
curve shown in Fig. 3.2(a) with the low values set at 0 and the high values set to
1 on both scales. Note, however, that the shape of the gamma curve is variable,
whereas the shape of the log function is fixed.

- One of the principal uses of the log transformation is to compress dynamic
range. For example, it is not unusual to have a Fourier spectrum (Chapter 4)
with values in the range [0, 10%] or higher. When displayed on a monitor that is
scaled linearly to 8 bits, the high values dominate the display, resulting in lost

“yisual detail for the lower intensity values in the spectrum. By computing the

10g, a dynamic range on the order of, for example, 105, is reduced to approxi-

| _mately 14, which is much more manageable.

When performing a logarithmic transformation, it is often desirable to
bring the resulting compressed values back to the full range of the display. For
8 bits, the easiest way to do this in MATLAB is with the statement

>> gs = im2uint8(mat2gray(g));

| Use of mat2gray brings the values to the range [0, 1] and im2uint8 brings

them to the range [0, 255]. Later, in Section 3.2.3, we discuss a scaling function
that automatically detects the class of the input and applies the appropriate

conversion.
The function shown in Fig. 3.4(a) is called a contrast-stretching transforma-

" tion function because it compresses the input levels lower than m into a nar-

row range of dark levels in the output image; similarly, it compresses the
values above m into a narrow band of light levels in the output. The result is an
image of h