Chapter 1

Introduction

1.1 Machine Vision

The goal of a machine vision system is to create a model af the real world
from images. A machine vision system recovers useful information about a
scene from its fwo-dimensional projections. Since images are two-dimensional
prajections of the three-dimensional world, the information is nol directly
available and must be recovered. This recovery requires the inversion of
a many-to-one mapping. To recover the information, koowledge about the
objects in the scene and projection geometry is requircd.

To consider applications of & machine vision system and type of process-
ing required, let us consider the three imapes shown in Figures 1.1 Lo 1.3,
These Hgures show three different applications of a maching vision system,
The information recovered by a vision system in the three cases is different.
In the first figure, we are interested in diagnosis of a disease vsing computed
tomography images. Machine vision systems help a physician to recover in-
[ormalion by enhancing the images. Quantitative measurements on regions
of interest can also be made easily available, Such systems are being devel-
oped fvr all imagitg modes useful in dilferent aspects of health care, Similar
applications are being developed for inspection of industrial, agriculiural, and
other products. Machine vision systems have been used for quality control
of products ranging from pizza to turbine blades, from submicron siructures
on walers to auto-body panels, and [rom apples to oranges,

Figure 1.2 shows Lwo pairs of images acquired by a mobile robot, Tach
pair represents a slereo pair at a particular time instant. These images are
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Figure 1.1:  Medical images may be processed by a computer vision system
to assist in diagnosis. This image is a contrast-cnhanced CT (transverse X-
ray computed tomography) image of a human liver displayed at the soft Ltissue
window settings. (Courfesy of Praf. Charles B. Meyer and Dr. Peyton Bland,
Department of Radiology, University of Michigan, Adnn Arbor.)

used to vecover three-dimensional structure of the environment by the robot
for antonomonsly navigating in its environment, The information obtained
from sterea and motion is combined to get a robust map of the environment
at a resolution that is sufficient for the task. Such technigues are nseful in
autonomaous navigation of automobiles, abeplanes, tanks, and robots. We
will see that there are many different methods o recover depth to points in
images. Usually the results of several of these must be combined to recover
reliable depth values.

Figure 1.3 shows an image of an arctic region laken from a satellite. Dif-
ferent regions in this image correspond to ice floes of different age. Such
images are routinely taken by satellites. These images are extremely impor-
tant In weather forecasting, global change analysis, agriculture and forestry,
and other applications. Machine vision systems are playing an increasingly
hmportant role in analysis and information management of the excesdingly
lurge volume of data collected by satcllites.
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Figure 1.2: Two pairs of stereo images acquired by a mobile robot. These will
be used in recovering the layout of the environment by the robot, (fmages
provided by Robert Bolles af SRI)

Figure 1.3: An image of the arctic region. This image should be analyzed to
find fhe age and size of ice flocs and other objects. {Aretic image provided
by Jueson Daida af the [niversity of Michigan.)
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1.2 Relationships to Other Fields

Many fields are related to machine vision. As we will see, techniques devel-
oped from many areas are used for recovering information from images. In
this section, we briefly deseribe some very closely related fields. No effort is
made to relate machine vision (also called computer vision) to other fields
exhaustively.

Image processing is a well-developed field. Image processing techniques
usually transform images into other images; the tasgk of information recovery
iz left to a hnman nser. This field includes tapics such as image enhancement,
image compression, and correcting blurred or ont-of-focus images. On the
other hand, machine vision algorithms take images as inputs hut produce
other types of outpuls, such as representations for the object contours in
an image. Thus, emphasis in machine vision is on recovering information
automatically, with minimal interaction with a human. Tmage processing
algorithms are useful in early stages of a wachine vision system. They are
ususlly used Lo enhance particular information and suppress noise.

Computer graphics generates images from geomelric primitives such as
lines, circles, and free-form surlaces, Computer graphics techniques play
a significant role in visualization and wvirtnal reality. MMachine vision is the
inverse problem: estimating the geometric primitives and other features from
the image. Thus, computer graphics is the synthesis of images, and machine
visiom is the analysis of images. In the early days of these two fields, there
was not much relationship hetween them, but in the last few years these two
ficlds have been growing closer. Machine vision is using curve and surface
representations and several other technignes from computer graplics, and
computer graphics is using many techniques from machine vision to enter
maodels into the computer for creating realistic images. Visualization and
virtnal reality are bringing these two fields closer.

Patfern recognition classifies numerical and symbolic data. Many sla-
tistical and syntactical techniques have been developed for elassification of
patterns. Techniques from pattern recognition play an important role in ma-
chine vision for recognizing ohjects. In fact, many industrial applications rely
heavily on pattern recognition. Object recognition in machine vision usually
requires many other fechnigues. We will discuss some aspects of statistical
pattorn recognition bricfly in the discussion of object recognition.

on

1.3, ROLE OF KNOWLEDGE

Artificial intelligence is concerned with designing systems that are in-
telligent. and with studying computational aspects of intellizence, Artificial
intelligence is used to analvze scenes by computing a symbolic representa-
tion of the scene contentz after the images have been processed to obtain
features. Artificial intelligence may be viewsd as having three stages: per-
ception, cognition, and action. Perception translales signals from the world
into symhaols, cognition manipulates symbols, and action translates symbols
into signalzs thal effect changes in the world. Many techniques from artificial
intelligence play important roles in all aspects of computer vision. In fact,
computer vision is often considersd a subfield of artificial intelligence.

Desipn and analysis of newral networks has become a very active field in
the last decade [147, 148]. Neural networks are heing inereasingly applied to
solve some machine vision problems. Since this field is in its infancy, there
are no established techniques for machine vision yet. We will not discuss any
neural network-based techniques in this book.

Fsychaphysics, along with cognitive science, has studied human vision
for a long time. Many techniques in machine vision are related Lo whal
is known about human vision. Many researchers in compuler vision are
maore interested in preparing computational models of human vision than in
designing machine vision systems. Many of the techniques discuased in 1his
book have a strong similarity to those in psychophysics. Our emphasis in
this book will be on designing machine vision systems: we will not make any
effort to relate the techniques discussed here to those in paychophysics.

Machine vision produces measurements or abstractions from geometrical
properties. [6 may be useful to remember the equation

WVision = Geometry + Measurement + [nterpretation. (1.1}

As you will see in this book, machine vision comprizses techniques for esti-
mating features in images, relaling leature messurements to the geometry of
objects in space, and inlerpreting this geometric information.

1.3 Role of Knowledge

Drecision making always requires knowledge of the application or goal. As
we will see, at every stage in machine vision decisions mnst be made by the
system. Emphasis in machine vision svatems iz mn masieisie- -
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operation at each stage, and these systemns should use knowledge to accom-
plish this. The knowledge used by the system includes models of [eabures,
image formation, models of objects, and relationships among objects, With-
out explicit use of knowledge, machine vision systems can bo designed to
work only in a very construined eovironment for very limited applications,
To provide more flexibility and robustness, knowledge is represented explic-
ithy and used by the system. Our goal in this book is to point out the types
of knowledge used by inachine vision systems at dilferent stages in order to
make the reader aware of the issues that should be considered to make the
system more adaptive and robust, We will see that knowledge is used by
designers of syslems in many implicic as well as explicit forms. The efficacy
and efficiency of u system 18 usually governed by the quality of the knowledge
used by the system. Difficull problems are often solvable only by identifying
the proper source of knowledge and appropriate mechanisms Lo use it in the

system.

1.4 Image Geometry
There are two parts Lo the image formation process:

1. The geametry of image formation, which determines where in the image
plane the projection of a point in the scene will be located,

2. The physies of light, which determines the brightness of a point in the
image plane ag a function of scene llumination and surlace properties,

This section introduces the lest of these two parts, the peowelry of Image
formation, Although an understanding of the physics of light iy nob necessary
for understanding the lundumentals of most vision algorithums, such knowl-
edge is often useful in building vision systems. For this reason, optics will
be covered briefly in Chapter 8, and the physics of image formation, called
radiometry, will be discussed in Chapier 9.

The basic model for the projection of points in the scene onto the im-
age plane is diagrammed in Figure 1.4, In this model, the imaging system's
center of projection colucides with the origin of the three-dimensional eoor-
dinate system. The coordinate system for points in the scene is the throe-
dimensional space spanned by the unit vectors x, v, and 2 that form the axes
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Figure 1.4: The point on the image plane thal corresponds to a particular
point in the secene is found by following the line thal passes through the scene
point and the center of projection.

of the coordinate syslem. A point in the scene has coordinades (x, y, 2}, The
@ coordinate I8 the horigontal position of the poinl in spoce as seen lvom the
camern, the ¥ coordinate is the vertical position of the point in apnee as seen
from the enmera, and the z coordinate is the distance from the eamera to
the point in space along u line parallel to the 2 axis. The line of sight of a
point in the scene is Lhe line that passes through Lhe point of interest and
the center of projection. The line drawn in Figure 1.4 is a line of sight.

The imnage plane is parallel to the x and y axes of the coordinate system at
u distunce £ from the center of projection, as shown in Figure L4, Note that
the dmage plane in an actual camera is at a distance of £ beldud the center
of projection (ns shown in Figure 1.4} and the projected imoage is inverted,
[t is customnry to avoid this inversion by assuming that the image plane is
in front of the center of projection as shown in Figure 1.5, The image plane
is spanned by the vectors X' and ¥ 1o form a two-dimensional coordinate
system for specifying the position of points in the image plane. The position
of a point in the image plane is specified by the two coordinates ' and y'.
The point (0,0) in the image plane is the origin of the image plane. The
position in the image plane of a point in the scene 8 found by intersecting
the line of sight with the image plane according to the projection scheme as
deseribed in the following sections.
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Figure 1.5: An illustration showing the line of sight that is used to caloulate
the projected point (', i) from the object point (z., z).

1.4.1 Perspective Projection

The position (', ') in the image plane of a point at position {2, p,2) in the
scene is found by computing the conrdinates (2, ¢} of the intersection ol Lhe
line of sight pussing through the scene point (z,y,z) with the image plane
as shown in Figure 1.5,

The distance of the point (z,y, z) from the = axis is r = VI + %, and
the distance of the projected point (2, y") from the origin of the image plane
is + = VT2 + y2, The 2 axis, the line of sight to point (r, y,z), snd the
line segment of length r from point (z,, z) to the z axis (perpendicular 1o
the z axis) form o triangle, The % axis, the line of sight to point (2", %) In
the image plane, and the line segment of length r* from point {(z", /) 1o the
z axis (perpendicular Lo the 2 axis) form another triangle. The lwo Lrinngles
are similar, so the ratios of the corresponding sides of the trinogles must be
the same:

f r

E"=;. {I.'E}

The triangle formed from the x and y coordinates and the perpendicular
distance r and the triangle formed from the image plane coordinates 2, v
and the perpendicular distance ¢ are also similar triangles:
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Combining Equations 1.2 and 1.3 yields the equations for perspective pro-

Jeetion;
:T‘i

r
andi i (1.4)
v z

The position of & point (z,y, z) in the image plane is given by the equations
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1.4.2 Coordinate Systems

In this presentation, we have assumed that the center of projection coincides
with the origin of the thres-dimensional space and that the camera axes are
aligned with the coordinate system used to specify the locntion of a point in.
the seeme. In pgeneral, the camera is displaced and rotated with respect to
the three-dimensional coordinate system used for specifying Lhe coordinates
of points in the scene. The coordinates (Ta, a; 2a) in the absolule coordinate
system must be transformed into the coordinates (., e, 2.) of the point in the
camera eoordinale system before projecting the points onto the image plane,
The general cose is presented in Chapter 12. on ealibration, which covers
the mathematics of transforming coordinates between coordinate systemns.
Absolute coordinates are also called world coordinates,

Individual objects may have their own coordinate syatem, called model
coordinates, The scene consists of object models thal have been placed
(rotated and translated) into the scene, yvielding object coordinates ln the
enordinate system of the scene (absolute coordinates). The scene coordinates
in the absolute coordinate system are transformed Lo camern coordinates
before projection onto the image plane.

Throughout the book, subscripts are used to denole the coordinate sys-
tem, and primes are used to denote the image plane coordinates of a point
after projection onto the image plane. Subseripts are omitted when the eo-
ordinate system i8 clear, and the primes are omitted when it is clear thal
coordinates are in the image plane. These conventions allow us to b precise
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ahout the coordinate system when necessary and to distinguish between a
point in camera coordinates and its projection onto the image plane, but they
allow the notation to Le simplified to the common usage for poinl coordinates
in analytic geomelry when we are presenting the cquations for curves and
surfaces.

1n keeping with the convention, we will omil primes from image plane
conrdinates for the rest of this chapler and for Chaplers 2 through 6, which
cover machine vision algorithms that are restricted to the image plane.

1.5 Sampling and Quantization

A continnous function cannot be represented exactly in a digital computer.
The interfnce between the optical system that projects a scene onto the image
plane and the computer must sample the image at a finite number of points
and represent each sample within the finite word size of the computer. This
is sampling and quantization. Fach image sample is called a pixel.

We will initially assume that images are sampled on a regular grid of
siquares so that the horizontal and vertical distances between pixels are the
same thronghout the image. We will generalize this assumption in Chapler
12, Each pixel is represenied in the computer as a small integer. Frequently,
the pixel is represented as an unsigned 8-bit inleger in the range |0, 2355,
with 0 corresponding o black, 2535 corresponding to white, and shades of
gray distributed over the middle values.

Many cameras acquire an analog image, which is then sampled and quan-
tized to convert it 1o a digital image. The sampling rate determines how many
pixels the digital image will have (the image resolution), and quantization
determines how many intensity levels will be used to represent the intensity
value at each sample point. As shown in Figures 1.6 and 1.7, an image looks
very different at different sampling rates and quantization levels. In most
machine vision applications, the sampling and quantizing rates are predeler-
mined due to the limited choice of available cameras and image acqguisition
hardware; but in many applications it may be important to know the ef
fects of sampling and quantizing. The image processing book [121] discusses
the factors that should be considered in selecting approprinte sampling and
quantization tates to retain the important information in images.
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Fig.".m L& An image shown at many different spatial resolutions. Tep lefé:
Ohriginal image sampled at 256 = 256 and 128 gray levels. Top right: 64 = 6.
Bottom lefi: 32 x 32. Bottom right: 16 x 16,

Figure 1.7 An image shown at many different gray level resolutions. Top
left; III:IH.L,H sampled at 32 gray levels. Top right: 16 gray levels, Borium lefi:
8 gray levels. Boftom right: 4 oray levels,
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1.6 Image Definitions

1 is important to understand the relationship hetween the geomelry of image
formation, described in previous sections, and the representation {or images
in the computer. There must be a bridge from the mathematical notation
nsed to develop machine vision alporithins Lo the algorithmic notation used
in Programs.

A pixel iz a sample of the image intensity quantized to an infeger value.
An image is a two-dimensional array of pixels. The row and column indices
[4, ] of a pixel are integer values that specify the row and column in the array
of pixel values. Pixel [0, 0] is located at the top left corner of the image. The
index £ points down, and § points to the right. This index notation corre-
sponds closely to the array syntax used in computer programs. The positions
of points in the image plane have = and y coordinates. The y coordinate cor-
responds to the vertical direction, and the # coordinate corresponds to Lhe
horizontal direction. The y axis points up, and the z axis points to the right.
Mote that the directions corresponding to the two indices ¢ and § in the pixel
index [, j] are the reverse of the directions corresponding to the respective
coordinates in the position [z, ¥).

The = and y coordinates are real numbers, stored as Hoating-point num-
bers in the computer. lmage plane coordinates (x, y) can be computed from
pixel coordinates [i, ] of an m - n pixel array using the formulas

m—1 ;
1.7
: (L7)

_(i_”;), (1.8)

r = j—

¥

which assume that the orvigin of the image plane coordinate system corre-
sponds to the center of the image array.

In an imaging system, cach pixel ocoupies some finite aren on the Image
plane. Machine vision algorithms that depend on the exact shape of the pixel
footprint will not be covered in this book, g0 we may assume for concreteness
that the pixels partition the image plane into equal-sized squares. Positions
in the image plane can be represented to fractions of a pixel. The coordinates
(33, vy ) of the pixel with indices [, 7] are the loeation of the center of the pixel
in the coordinale syslemn of the image plane. Since we are concerned only
with the location of the center of the pixel in Lhe image plane {the location
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al whicl the image sample was taken), the pixel may be Further abstracted
lo a point in the image plane. The array of pixels in the computer program
corresponds to the grid of image plane locations at which the samples were
obtained, as illustrated in Figure 1.8,

In diagramming images, we may show the image as a square tessellation of
a rectangular region, with each square shaded to indicate the image intensity
of that pixel, This is purely a technique for visualization and does not imply
that the shape of the pixel matters to the algorithm being discussed. For the
purposes of nearly all of the algorithms discussed in this hook, the image can
hie modeled as a square grid of samples of the image intensity, represented
in the computer as an array of pixel values, The camera and dipitizing
electronics are designed to ensure thal this assumption is satisfied. Some
variations, such as different spacing between the rows and columns in the
grid, distortions due to lens imperfections, and errors in the construction
of the camera, can be removed through calibration without changing the
algorithms that process the image (see Section 12.9).

To summarize, a pixel is both a pray value, which-is a quantized sanple
of the continuons image intensily, and an image location, specilied as the
row and column indices in the iinage array. The image array is oblained by
sampling the image intensity at points on a rectangular grid. Points in the
image plane, specified with coordinates = and y, may lie between the prid
locations at which pixels were smnpled.

1.7 Levels of Computation

An image usually containg several objects, A vision application usually in-
volves computing certain properties of an object, not the image as a whale.
To compute propertics of an oliject, individual ohjects must first be identi-
fied as separate ohjects; then object properties can be computed by applying
calculations to fhe separate objecls,

Drefinitions and algovithms for connectivity and segmentation that will
allow different objects to be represented as distinct subimages will be pre-
sented in Chapters 2 and 3. For now, consider computer vision algorithms
from the viewpoint of locality of computation. Consider each algorithm in
terms of its input-oulput characteristics, Here our aim is to characlerize op-
erations so thai we-can discuss the nature of Input and cutpul and how best
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Figure 1.8: Relationship between image plane coordinates and image array
indices. Note that the location of the origin of the z—y plane is arbitrary
with respect to the image array.

to implement these operations. Note that the inpul to a compaler vision
system is an image, and the output, unlike that of image processing sys-
tems, is some symbolic quantity denoting identity or location of an object,
for instance. The amount of data processed by a vision system is very large,
and that makes the computational requireinents of o computer vision system
very demanding. The last fow years have witnessed many special architee-
tures designed for computer vision. Since we want to discuss characteristics
of aperalions to predict their computational requircments, we classify the
levels of operations and study their general characteristics,

1.7.1 Point Level

Some operations produce an output based on only a point in an image.
Thresholding is an example, A thresholding algorithm produces output val-
ues that depend only on the input value, for a preset. threshald. Thus,

fg[]l,j] = Dplcﬁnl‘.{f:l[fsj]}r {-IEJ}

where f4 and fr are the input and output images, respeckively. This opoera-
Lion can be efficiently implemented using a lookup table [gee Figure 1.9),

L7 LEVELS OF COMPUTATION 15
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Figure 1.9: Top: Point operations are applied to individual image pixels and
produce an output image as the result. Botfom left: Original lmage. Bottom
right: Thresholded immage where pixels [rom the original image with a pray
level value greater than 128 are set to white, while the remaining pixels are
sel Lo black. :

1.7.2 Local Level

A local operation produces an output image in which the intensity at a point
depends on the neighborhood of the corresponding point, in the inpul image.
Thus,

:{B[?Il = Djuuitl{fﬂ[im.i;l']: !‘Il'sjl] = P"r[tr_?]} UJO}
An example of such an operation is shown in Figure 1.10. Smoothing and
edge detection are local operations.  Since Llese aperations require values
from & neighborhood in the input image, array processors or Single Instrue-
tion, Multiple Data (SIMD) machines may be suitable for implementing these
operations. In peneral, these operations can be easily implemented on par-
allel machines and can often he performed in real time,
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Figure 1.10: Top: Local operations are applicd to pixel neighborhoods and
produce an output inage as the result, Bottom left: Original image, Dottom
right: Smoothed image where each pixel value is the average gray value
calenlated from its § x 5 loeal neighborhood in the onginal image

1.7.3 Global Level

The cutput of certain aperators depends on the whole picture. Sucli operns
tions are called globnl operations:

P_f.’,:|_.|.;d§f£i.j”- (L1t)

This operation is shown in Figure 1.11

The oulput of these operators may be an image or it may be symbolic
output. A histogram of intensity values and the Fourier transform are glohal
cperations, Global operations are responsible for the slowness of vision sys
tems. We will sea that most operations at higher levels are globul in nature
and pose the biggest challenge to designers of algorithms and architoctures,
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Figure 1.11: An example of a global operation: an image (left) and its his-
togram (right). A histogram is a plot of the number of pixels at each gray
value contained in the image.

1.7.4  Object Level

Most applications of compuler vision require properties to be computed a
the object level. Size, average intensity, shape, and other charncteristics of
un object must be computed flor the system to recognize it. Many other char-
acteristics of an object must be determined for defect detection. Operators
restricted to those pixels belonging to an object are oceasionally applied to
determine these properties. This leads to very dillicult questions: What is
an object? How do we lnd ohjects?

We will see Lhal an object is defined in a particular context, In (act,
many operations in machine vision are performed to lind where o particular
object is located in an image. Objecis in images pose a catch-22 situation.
We must use gll points that belong to an object to compute some of ils
characteristics, but we must use those characteristics to identify those points.
We will see thiat significant efforts are spent to solve the figure-ground problem
(sepuration of foreground pixels from background pixels) to gronp points into
olijects,

At this polnt, we should just remember that to understand the contents
of an image, o mochine vision system must perform severnl operations at the

object level
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1.8 IRoad Map

This book provides a practical introduciion Lo machine vision. The chapters
are presenled in a sequence that builds the application of machine vision
from the simple binary world to the spatiotemporal world that we want our
systems Lo understand, Roughly, the first half of the book works primarily in
two dimensions, and the second half expands the coverage 1o 3-D, Clapler
2, on binary images, introdnees basic terms and concepts used in machine vi-
sion. The techniques discussed here are used in all aspects of a vision system.
We introduce the morphological approach here as well. Chapter 3 presents
techniques to find regions in images. This chapter also covers techniques to
represent regions. All vision systems have fo use regions for their tasks, and
hence the techniques covered in this chapfer are essential in implementing
systems. Chapter 4, on fillering, introduces techniques to enhance images
and discusses fundamental aspects of filtering technigues. Edge detection
techniques are very important and are an essenlial step in many machine vi-
sion systems. Chapler 5, on edge detection, introduces several edge datection
techniques to show how such a simple operation involves complex processes.
The next chapler presents techniques to represent contours. Edges are lo-
cal; to use them one must group them into meaningful objects and represent
them. Texture also plays an important role in many machine vision tasks
such as surface inspeclion, scene classification, surface orientation, and shape
determination. These topics are discussed in Chapter 7. The essentials of
geometrical optics and radiometry are covered in Chapler 8 and 9 respec-
tively, Color is an essential component of images in many applications and
is discussed i Chapter 10,

Chapter 11 presents techniques to recover depth information from images
using passive and active methods. The techniques discussed here take us
to the three-dimensional from fwo-dimensional images, In the next chapter,
we present techniques for camera calibration. To recover three-dimensional
information from images, il is essential that we know the location and ori-
entalion of the camera and ils parameters. Various techniques for camera
calibration are discussed in this chapter. Representation and characteris-
tics of curves and surfaces in space are discussed in Chapter 13, Techniques
for interpolation and approximation are discussed in this chapter. Chap-
ler 14 discusses dynamic vision. Techniques to detect changes in images,
segment. images based on motion characteristics, and irack ohjects are pre-
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sented. Strocture from molion is briefly introduced here. Object recognition
is one of the most common tasks that o vision system performs, We present
fundamental aspects of object recognition in Chapter 15,

Most of the material included here can be covered in o semester. In a
quarter course, some chapters may have o be omitted, In fact, the book
may form a very good two-nuarter sequence with inclusion of some advaneed
material. The sequence of chapters in a particular course depends on the ap-
plication emphasis of the course. The first six chapters and Chapter 15, on
object recognition, cover basic lechniques, and we believe that they should
be covered independent of the emphasis. In courses emphasizing image ap-
plications, Chaplers 10 and 7 must also be coversd. Courses emphasizing
robotics and other three-dimensional information should cover depth, Chap-
ler 11, and camera calibration, Chapter 12, People orienled teward mobile
robolics and video will find Chapter 14 essential. These interested in visu-
alization, reverse engineering, and inspection will benefit from the material
covered in Chapter 13, on curves and surfaces,

Our recommendation is to use the firsl six chapters in the sequence in
which they are presented and then select later chapters based on vour in-
lerest and emphasis. The chapiers on camera calibration and curves and
surfaces are more mathematical in nature, due Lo the nature of the problems
addressed, than other chapters.

We consider the exercises a very important part of the course. We have
presented conceptual problems, regular probilems to Lest the understanding of
techniques presented here, and programming exercises. We recommend that
this course be made a laboratory-oriented course. Students should imple-
ment and experiment with many of the techniques Lhal are presented here.
Projects to implement simple vision systems are very important to a real
understanding of machine vision technigues.

Further Reading

Machine vision is still & very aclive research area. Several conference pro-
ceedings {Conf. on Computer Vision and Pattern Becognition, Int. Conf.
on Computer Vision, fni. Conf. on Paftern Hecognition, Tni. Conf on
Robatics and Awtomation, Int. Conf. on Document Analysis and Recogni-
tion, Waorkshop on Computer Vision, and numerous conferences of SPIE)
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describe the state of the art in this area. Several archival journals cover
this research area (JEEE Trans. Pattern A nalysis and Machine Intelligence:
Computer Vision, Graphics, end Image Processing; IEEE Trans. Image Pro-
cessing; [EEE Trans, Systems, Man, and Cybernetics; Machine Vision and
Applications; Int. J. Computer Vision; J. Opl. Soc. Am. A; Image and
Visten Computing, and Patiern Recognition) and are very good sources for
studying the state of the art, Many special issues of journals, proceedings
of conferences and workshops on special topics, and research books are also
published every year, and these are usually good sources of information on
particular aspects of machine vision. A list of such sources is provided in
(140, pp. T02-706). The volumes [140, 139] provide a collection of Lhe hest
papers from the last decade,

Several introductory books have been written on this topic. Rosenfeld and
Kak [206], Gonzalez and Woods [90], Prait [196], Ballard and Brown [19],
Horn [108], Jain [121], Levine [155], Wechsler [248], Nalwa [177], Haralick and
Shapiro [103], and Schalkoff [211] are some of the books that have been used
in introductory courses and by people interested in sell-learning. The topics
covered in this chapter are discussed in many books. Aspects of digitization
are usually covered at length in books on image processing [121]. There
are several excellent books on image processing [121, 195, 9] and eomputer
graphics [81, 204] that provide information useful in machine vision. Readers
interested in knowing more about pattern recognition should refer 1o {70].
There are also many good books on artificial intelligence [201, 251).

Readers interested in reading about human vision may find thal some
books in the above list provide information on this topic also. A few partic-
ularly good sources for human vision from a computational perspeciive are
Marr [163], Mayhew and Frishy [166], Rock [203], and Gilson (36, 87]. Many
books cover special application areas. A list of such books is provided in
[140, 139]. Readers interested in computational vision with strong cmphasis
on human vision should see (155, 163],

Exercises
1.1 We interpret a variety of images effortlessly. In each of these cases,

many types of knowledge are used. Consider the following applica-
tioms and try to list all possible sources of knowledge that yon nse in
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1.2

1.3

1.4

interpretation of these images,

Reading English text

;e

Image of an indoor scense

. lmape of a road scene

oL o=

. Image of an airporl

Remotely sensed image of an area

m

f. Microscopic image of an organism
g. X-ray image
h. Other

List the levels of computations on images. Give two examples of each
level of computation.

Determination of the distance to different objects in a scene is an impor-
tant operation in machine vision. Many techniques will be discussed in
this book. Here let us consider the simple projection model, In stereo
vision, two cameras are used to delermine the distance to a point us-
ing triangulation. Assume Lhat you have two cameras and they are
placed such that their oplical axes are parallel to each other. There is
4 prominent point P in the image such that its projections in two im-
ages are Py and P, respectively. Assuming that you koow the location
of the cameras and that the poinl appears in hoth images, how can
you determing the distance to this point using perspective projoctions?
Dierive the relationship yon can use to defermine the distance. 17 you
have freedom to select the location of the cameras, will vou place them
close to each other or far from each other? Justify your answor.

For a given picture, assume that you sample it using severn) sampling
rates to Tepresent it as an N = N array of pixels. At ecach pixel, you
use the same number of bits to represent intensity valies. Preparo
a table showing the memory requirements for the image at different
resolutions. Start at 16 = 16 and go to 4096 x 4096. Plot the memory
requircments against N,
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1.5

1.6

1.7
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In the above exercise, now assume that pixels con be represented using
different numbers of bits. One may use only 1 bit Lo represent a binary
image and 24 bits Lo represent a color image, Though in most applica-
tions, single-channel intensity values are represeoted using only 8 bits,
one may use 16 or more bits. Plot memory requirements for different
numbers of bits; nsswme a fixed areay gize of 512 x 512 pixels.

Scan o picture walng o tabletop scanner, You can seleet different sam-
pling rates, exprossed usually as dols per ineh (dpi), and different in-
tensity or color levels. Scan the image at many different resolutions
and intensity ranges. See the memory requirements. Considering the
memory requirements, at what resolution and number of inlensity level
will you save the image?

MNow toke at lenst two other images, Theso images should contain
different amounts of detail. Repeat the above experiment, Would you
store all these images using the same parameters or would you use
different parameters? Why?

A surveillence cumera is embedded in one of the walls of & room as
shown in Figure 1,12, The optical axis of the camera is perpendicular
to the wall, and the lens conter is in the plane of the wall, The focal
length of the lens is 0.05 melers. The x-2 plane of the camern is parallel
to the x-y plane of the world coordinate system. The image plane is
behind the wall. Find the image plane coordinates of (a) the room
corner A, and (b) the head of a person 2 meters tall standing at a
distanee of 3 m x 2 m from the corner as shown in Figure 1,12

Computer Projects

1.1

Tmaging geometry:

a. Consider a camoers with the origin of its image plane located al
{0, 4, #a) with relerence to the world coordinates as shown in
Figure 113, The camern axis passes through a point (e, ve, )
in world coordinates. Assume thab the x' axis of the camera co-
ordinate system is paralle] to the x-y plane. The lens center is
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Fignre 1.12: Diagram of surveillence camera and room setup lor Exercise 1.7,

located al adistanes of f from the origin of the lmage coordinates
along the 2" direction,
A polyhedral object with vertices Py, P, ... is located in the world

coordinate systom at (xy, ¥y, 71}, (T2, V2. 22), . . ., respectively, The
number of edges in the object is N. Assume that the pairs of
verbices which are connected are known,

. Write a program which will generate the image formed on the

image planc. Assume thal the object is a “stick figure” (i.e., you
need not be concerned about hidden line removal). The image
plane is limited in extent to +1 and —1 along both the = and y
directions. Rescale this image to a 256 x 260 image

It sununary, vour program shonld do the following:

o Ask for data [ile nane,

o Read (xo, yo, 20), (xc, ¥e, 2c), and f.

o Rtead the mumber of edges and vertices in the object.

o Read the coordinates of each vertex.

s Read the lat of vertices which are connected to cach other,
For example, consider a unit cube with one of its corners localed

al the origin and three of its edges along the positive x, ¥, 2
directions. Let the camera be located at (10, 10, 10) and pointing
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In the above exercise, now assume that pixels can be represented using
different numbers of bits. One may use only 1 bit to represent a binary
image and 24 bits Lo represent a color image. Though in most applica-
tions, single-channel intensity values are represented using only 8 hits,
one may use 16 or more bits, Plot memory requirements for dilferent
numbers of bils; assume a fxed array size of 512 % 512 pixels,

Sean a picture using o tabletop scanner, You can select different sam-
pling rates, expressed usually as dots per inch (dpi), and different in-
tensily or color levels, Scan the image at many dilferent resolutions
and intensity ranges. See the memory requirements. Considering the
memory requirements, al what resolution and number of intensity level
will you save the image!

Now take at least two other images. These images should contain
different amounts of detail. Repeat the above experiment. Would you
store all these images using the same parameters or would you use
different parameters? Why?

A surveillence camern is embedded in one of the walls of a room as
shown in Figure 1,12, The optical axis of the camera is perpendicular
to the wall, and the lens center is in the plane of Lhe wall. The focal
lengih of the lens is 0,05 meters. The x—2 plane of the camern is parallel
to the x-y plane of the world coordinate system. The image plane is
behind the wall. Find the image plane coordinates of (a) the room
corner A, and (b) the head of & person 2 meters tall stunding at o
distance of 3 m * 2 m from the corner as shown in Figure 1,12,

mputer Projects
Imaging geometry:

a. Consider a camera with the origin of its image plane located at
(xq, v, za) with reference Lo the world coordinates ns shown in
Figure 1.13. The camera axis passcs through a point (xq, Yo, )
in world coordinates, Assume that the x' axis of the eamera co-
ordinate system is parallel to the x—y plane. The lens center ia
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Figure 1,12 Diagram of surveillonee camera and room setup for Fxeveise 1.7,

C.

. A polyhedral object with vertices Py, Ba, ...

located at a distance of f from the origin of the image coordinates
along the 2’ direction,

is Jocated in the world
coordinate system al (@, w1, 21), (22,92, 22), ..., respectively, The
number of edges in the object is M. Assuine that the pairs of
vertices which are connected are known.

Write a program which will generate the image formed on the
image plane. Assume that the object is a “stick figure” (i.c., you
need not be concerned about hidden line removal), The image
plane is limited in extent to 41 and —1 along both the @ and y
directions. Rescale this image to a 256 x 256 image,

. In summary, your program should do the following:

= Ask for data file name.

e Read (zq, 40, 20), (*¢,¥e, 2c), and f.

o Bead the number of edges and vertices in the object,

o Read the coordinates of each vertex.

s Read the list of vertices which are connected Lo each other,
For example, consider a unit cube with one of ils corners located

al the origin and (hree of its edges along the positive x, ¥y, 2
directions. Let the camern be located at (10, 10, 10) and pointing
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re 1.13: The camera coordinate system for Computer Project 1.1.

towards (0,0,0). Let the camera’s f be 3. The corresponding data

file will be as follows:

(%o 20, 20), (Tc. e, 20), and [
Numher of edges and vertices:
Coordinates of each vertex:

Connected verlices:

—
b
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Chapter 2

Binary Image Processing

An image contains a continuum of intensity values before it is quantized
lo oblain a digital image. The information in an image is in these gray
values. To interpret an image, the variations in the intensity values must
be analveed. The most commonly used number of gquantization levels for
representing image intensities is 256 different gray levels. It is nol uneommon,
however, to see digital images quantized o 32, 64, 128, or 512 intensity levels
for certain applications, and even up to 4096 (12 bits) are used in medicine,
Clearly, more intensity levels allow betier representation of the scene at the
cost of more storage.

In the early days of machine vision, the memory and computing power
available was very limited and expensive. These limitations encouraged de-
signers of vision applications to focus their cllorts on binary vision systems.
A hinary image contains only two gray levels. The difference this makes in
the representation of a scene is shown in Figure 2.1.

In addition, designers noted that people have no difficulty in understand-
ing line drawings, silhouettes, and other images formed using only two gray
levels. Encouraged by this human capability, they used binary images in
many applications.

Even though computers have become much more powerful, binary vision
systems are still useful. First of all, the algorithms lor computing properties
of binary images are well understood. Theyv also tend to be less expensive
and faster than vision systems thal operale on gray level or color images.
This is due to the significantly smaller memory and processing requirermnents
af binary vision. The memory requirements of a pray level system working
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