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ABSTRACT

The aim of digital photogrammetry is the automated extraction
and classification of the three dimensional information of a
scene from a number of images. Existing photogrammetric systems
are semi-automatic requiring manual editing and control, and have
very limited domains of application so that image understanding
capabilities are left to the user. Among the most important steps
in a fully integrated system are the extraction of features
suitable for matching, the establishment of the correspondence
between matching points and object classification. The following
study attempts to explore the applicability of pattern
recognition concepts in conjunction with existing area-based
methods, feature-based techniques and other approaches used in
computer vision in order to incfease the level of automation and

as a general alternative and addition to existing methods.

As an illustration of the pattern recognition approach |,
examples of industrial applications are given. The underlying
method is then extended to the identification of objects in
aerial images of urban scenes and to the location of targets in
close-range photogrammetric applications. Various moment-based
techniques are considered as pattern classifiers including
geometric invariant moments, Legendre moments, Zernike moments
and pseudo-Zernike moments. Two-dimensional Fourier transforms
are also considered as pattern classifiers. The suitability of
these techniques is assessed. These are then applied as object
locators and as feature extractors or interest operators.
Additionally the use of fractal dimension to segment natural
scenes for regional classification in order to limit the search

space for particular objects is considered.
The pattern recognition techniques require considerable

preprocessing of images. The various image processing techniques

required are explained where needed.

Extracted feature points are matched using relaxation based
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techniques in conjunction with area-based methods to ‘obtain
subpixel accuracy. A subpixel pattern recégnition based method
is also proposed and an investigation into improved area-based
subpixel matching methods 1is undertaken. An algorithm for
determining relative orientation parameters incorporating the
epipolar line constraint is investigated and compared with a

standard relative orientation algorithm.

In conclusion a basic system that can be automated based on
some novel techniques in conjunction with existing methods is
described and implemented in a mapping application. This system
could be largely automated with suitably powerful computers.
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1. INTRODUCTION AND SYNOPSIS OF THE INVESTIGATIONS
1.1 INTRODUCTION

Advances in digital imaging technology have recently enabled
the development of semi-automatic photogrammetric systems. Gruen,
1994, gives an overview of the current state of the art. One
desirable consequence of these developments is a completely
"intelligent measurement robot" that upon some input instruction
can derive measurements and interpret objects from two or more

digital images.

Most semi-automatic photogrammetric systems are dedicated to
specific applications such as the quality control of machined
parts. Image understanding is the general term used for the
activity that tries to relate classified objects to each othef{f
in a scene based on a priori kndwledge of the context in which
the image was acquired. Knowing where an image was acquired in
itself provides a considerable amount of information about the
iikely interrelationships of the objects appearing in the scene.

An important component of any automated image understanding
system is the classification of objects in the scene. This thesis
investigates the use of statistical pattern recognition in
conjunction with several other techniques for feature extraction
and object‘classification. In addition image matching algorithms
are investigated for establishing accurate correspondence between
the extracted features. The various advantages and disadvantages
of these methods are assessed. As an illustration of a system
that may be automated, the digital elevation model of a
preselected building in “a stereopair of aerial images is

determined.

A fully automated system for image analysis would consist of
a number of the possible methods of  feature extraction,
classification and matching used cooperatively or selectively
according to the domain of application. In addition to fulfil the
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interpretive tasks of image understanding a knowledge database
needs to be integrated into the system. Ultimately the system
would act as an expert system which could be interrogated to

obtain any desired information from presented images.
1.2 OUTLINE OF THESIS

In order to gain some perspective into the investigations
undertaken the contents of the following chapters are briefly

described.

Chapter 2 looks at the inherent problems encountered when
attempting to analyse images. These problems being primarily due
to the physics of the imaging environment and the nature of the
imaging process. A theoretical discussion of the problem of
extracting meaningful information from images is attempted to
emphasize the limitations that exist. The problem of extracting
three dimensional information from images and the necessary
constraints that need to exist to make this possible are

addressed.

Image matching is essential for obtaining three dimensional
surface reconstructions. The various approaches to image matching
are reviewed and the novel element of using statistical pattern

recognition approaches in photogrammetry is introduced.

Chapter 3 has the overall goal of showing how a simple image
understanding system can operate. Two pattern recognition quality
control applications are described. The first application shows
how a priori knowledge can be combined with extracted image
primitives to obtain syntactic classifiers which are then
interpreted or decoded according to a priori defined
relationships. The actual problem investigated is the location
and decoding of barcodes on boxes from images. A similar approach
may be adopted to extract a relational ‘descriptor of a building
from an aerial image in terms of edge lengths and their mutual
angles and to identify the particular building according to a



knowledge base of descriptors.

The second example is of model-based image classification. The
problem is to 1locate and identify 1labels on cylinders. A
knowledge base of label descriptors is built up and used to
identify extracted descriptors in images. The statistical pattern
recognition approach is adopted. This example illustrates in
principle how descriptors can be extracted from a knowledge base
and used for locating specific objects in a scene. A full three
dimensional representation of an object, such as a building, may
exist in a knowledge base. A descriptor can be extracted from a
computer generated two dimensional view of the object and used
for subsequent location and identification in a general image.

The specific applications that are described were solved using
a newly developed combination of existing techniques and a priori

information.

Having shown a simple application of an image understanding
system Chapter 4 considers using pattern vector descriptors as
suitable features for the identification of specific objects or
regions in a scene. This approach will enhance the ability of a
general image understanding system to identify objects in 'noisy’
images. In addition as part of a photogrammetric system extracted
pattern vectors can be used in feature-based matching. The usual
approach to feature-based matching concentrates on geometrical
features consisting of points, lines, regions or relational
descriptors consisting of a combination of these. By broadening
the definition of feature one can integrate the relationships
between the geometrical components of an object and represent
these by components in a pattern vector. This latter approach
appears to have been neglected in photogrammetric literature.

A novel adaptation of a pattern vector based object
identification system is used to illustrate the approach in
developing interest operators and as an object locator. The

components of the pattern vectors are based on moments derived
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from the image of an object in a scene and its edges. Geometric
moment invariants are considered as suitable vector components.
Other moment invariants are newly considered as descriptors and
their suitability determined. Among the moments considered are
Legendre moments, Zernike moments and Pseudo-Zernike moments
which are orthogonal moments. Rotational and Complex moments are
also investigated. The latter moments and geometric moments are

not orthogonal.

A novel application of pattern vectors as interest operators
is described. The method is illustrated by locating corners in
images. Due to the sensitivity of this method to image noise an
alternative new interest operator was developed based on the .
angles between neighbouring edgels or edge pixels. Extracting
reliable interest points from images 1is essential to the
automation of a surface reconstruction system. A relative
orientation between two or more images can be established
automatically once these interest points are matched. Surface

reconstruction is then possible.

The above method of reconstructing surfaces does not result
in any explicit identification of the objects in a scene.
Integrating a knowledge base of classified pattern vectors or
deriving pattern vectors from a object knowledge base or an image
enables the pattern vector approach in conjunction with a priori

constraints to identify objects in 'a scene.

Descriptors that can be derived from the spatial frequency
information in an image are considered. A new two dimensional
Fourier descriptor is described and its merits considered. As a
further application of two-dimensional Fourier transforms fractal
dimension segmentation of an image is investigated. This is
particularly useful in an automated system for the identification
of wurban, forested and ground regions necessary in digital
terrain model generation.

Having investigated how pattern vectors can be used to locate

identifiable objects in images and relate these to existing
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ocbjects in a knowledge base, accurate image point matching is
required to measure or reconstruct the objects in a scene.
Chapter 5 discusses accurate point matching techniques. Two

approaches can be adopted: -

1. For a given point in one image an approximate match is
obtained in another image and a subpixel matching algorithm

applied to obtain accurate correspondence.

2. Points can be extracted from images to subpixel accuracy and
an algorithm applied to establish correspondence between these

extracted points.

Approach 1 1is commonly aaopted in most applications.
Iteratively reweighted 1least squares(IRLS) matching is the
generally accepted method for obtaining subpixel refinement. A
novel application of a least absolute deviation(LAD) algorithm
in image matching is investigated and compared with other related

methods.

A novel nearest neighbour steepest descent search algorithm
is proposéd for using pattern vectors in obtaining matching to
subpixel accuracy. Various versions of this method are compared
with the IRLS and LAD methods. |

Resulting from the pattern vector approach a new distance
transform 1is derived. Applications of this transform are

investigated.

Approach 2 mentioned above is also investigated by the
development of a novel application of a connected components
method to obtain subpixel locations of circular targets in
images. A novel application of dynamic programming is then used
to establish correspondence between the extracted points.
Applications of this approach are discussed.

Chapter 6 considers continuous relaxation matching of points
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extracted using an interest operator. Methods for obtaining the
relative orientation between two images from the matched points
is described. A novel method is suggested of integrating the
epipolar line constraint in the relative orientation algorithm
in an attempt to ensure compatibility between the matching and
relative orientation. The conventional technique 1s described for
obtaining the three dimensional reconstruction from the matched
points once the relative orientation is known. In principle the
contents of this chapter could be combined in a general automatic
system for generation of digital elevation models of aerial
images and close range images. No interpretive ability is
included in the system in this form. Integrating a knowledge base
and pattern recognition techniques can lead to object mensuration

and identification.

Chapter 7 describes the application of the methods in chapter
6 combined with the localization of a specific building in an
aerial scene using the pattern vector approach. Once a digital
elevation model of the region including the building is obtained,
analysis of the three dimensional surface can determine the
position of the building and a resulting digital terrain model
obtained by removing the building from the scene. A strategy used
to achieve this goal can be largely automated. The method entails
a large amount of numeric processing requiring computational
power in the region of several megaflops ( million floating point
operations per second). The relaxation matching algorithm is also
suitable for parallel processing as is the pattern vector search
technique. Array processor boards can greatly enhance the
efficiency of these methods.

Chapter 8 outlines the main conclusions and results that have
emerged from this investigation and makes recommendations as to

possible areas of future research and development.

Appendices are attached that contain some of the core and
generally useful subroutines used in the various computational

investigations described.



Throughout this thesis the notation invoked in figures
consisting of diagrams is specific to the context in which the

diagrams are explained.
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2. DIGITAL IMAGE MATCHING

2.1. INTRODUCTION

Matching corresponding points in a set of images of the same
scene or object is central to obtaining a three dimensional
reconstruction of the scene or object. Analytical photogrammetry
requires a human operator to perform the matching on photographs.
Available video and computer technology has made it possible to
perform the matching on digitized images, currently in semi-
automatic systems. In order to gain a perspective of the
importance of digital image matching to modern developments in
research and industry, a brief review of areas requiring matching

follows.

Currently substantial research is being undertaken in the field
of artificial intelligence with the objective of using computers
to do interpretive tasks normally requiring a human operator. A
wide variety of activities are being investigated, and with the
integration of video technology and computer technology through
real-time digitizing devices such as CCD(Charge Coupled Device)

cameras, machine vision has become a realisable goal.

Most of the tasks that use machine vision are problem
specific and only work in controlled environments or on problems
with a priori constraints examples of which can be found in
[Gustafson, 1988][El-Hakim, 1986] [van der Vlugt and Rither,
1992] [Gruen and Baltsavias, 1985] [Streilen, 1992] [Loser and
Luhmann, 1992] [Pattern Analysis and Machine Intelligence (PAMI)
Vol. 10, No.1l, January 1988]. Automatic object reconstruction
from images is one of the main areas of research in computer
vision with current application in areas such as robotics,
topographic map generation from aerial or satellite images,
quality control of machined parts, medical diagnosis using
Nuclear Magnetic Resonance (NMR) images. In order to obtain the
three dimensional structure of an object with acceptable
precision two or more images of an object are required. The

images must be taken from different positions. There are methods
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of obtaining the three dimensional shape of an object from a
single image such as shape-from-shading [Horn, 1975][Hbrn and
Brooks, 1986] [Szeliski, 1991], but these require some a priori
information and are generally not sufficiently robust or
accurate. Model based techniques can also be used on single
images [Gottschalk and Mudge, 1988] [Wolfe, Weber-Sklair, Mathis
and Magee, 1988] [ Pattern Analysis and Machine Intelligence
(PAMI) Vol. 14, No.2, February 1992].These require well defined
representations of the objects usually in terms of local features
, at various possible viewing angies, to be maintained on a
database. Single image techniques can be used to identify three

dimensional objects in scenes.

Digital photogrammetry provides techniques for accurately
measuring the dimensions of three dimensional objects or scenes
from multiple images. Gruen, 1994 , gives a review of current
developments in digital photogrammetry. Fundamental to these
methods is obtaining precise correspondence of matching points
between images. A process usually referred to as registering the

images.
2.2 PHOTOGRAMMETRY AND IMAGE MATCHING

The underlying concept applied in photogrammetry, which could
be defined as the subject area concerned with measuring objects
or scenes using photographs or images, is the same as that used
to measure the distance of nearby stars in astronomy, viz.
parallax. Figure 2.2.1 shows how the apparent position of a
nearby star will shift relative to the distant stars when viewed
from opposite points on the Earth's orbit. This shift is known
as parallax. As the distance to the Sun is known, measuring the
angular shift © enables one to determine the approximate distance
to the nearby star as b/® ( © is in radians and very small
usually seconds of the arc). In order to determine the parallax
two different views of the star is required. To estimate the
distance to the star the relative positions of the viewpoints has
to be known. Analogously two images of the same relatively near,
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extended object or scene taken from two different known positions
will enable the distance to various points on the object to be
determined. Consequently the three dimensional structure of the
visible parts of a scene or object can be calculated. The main
difference between the two scenarios 1is that in the case of
astronomy there is less of a problem locating the same star,
which is close to being an ideal point, in each image. In the
terrestrial case identifying the same object point in each image
ig difficult and is the subject of image matching. In images of
extended objects regions or lines can also be used in matching

to infer the location of points.

. L4 P . .

Distant stars
% Nearby star

5 Earth in Winter

Earth in Summer < b Sun.

Figure 2.2.1 Parallax in astronomy. p=parallax , b=baseline.

2.3, STEREOPSIS AND MATCHING

In computer vision, the ability to determine depth of a point
from two perspective image projections of the scene containing
the object is known as stereopsis [Haralick and Shapiro, 1993].
As with the astronomical analogy the disparity or parallax
between corresponding points in each image enables the depth of

the scene to be inferred from the three-dimensional geometrical
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relationships between the cameras and the objects. Figure 2.3.1
shows the simplified relationship between two one dimensional
images and an object point in two dimensions ehabling stereopsis.
Object point P is captured on the images at poﬁnts P' and P". The
centres of projection are at O' and O" a distance b apart in the
x direction of a .cartesian coordinate system XYZ. The focal
length of the camera is f. The parallax or disparity between the
two image points is represented by ‘d. ( Image positives are

assumed in the diagram.)

Figure 2.3.1 Obtaining stereopsis in two dimensions.

From the similar triangles APP'P" and AO"P"N

a_ b-d
r Z-r
(2.3.1)
=Z:b_r-
d

Equation (2.3.1) shows how the depth coordinate z can be
estimated from the disparity in two dimensions. The collinearity
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equation given by equation (2.4.1) Dbelow expresses the
geometrical relationship between the object and image in three
dimensions, from which an expression relating disparity to the
three dimensional object coordinates can be derived. These
equations imply that if all the disparities of points between two
images are available then, with the a priori knowledge of the
camera positions and focal 1length, the three dimensional
structure of the objects in the images can be reconstructed.

This ideal is unattainable in practice as:

1. Only a relatively sparsely distributed number of points in the
image are accurately recognizable and locatable.

2. Not all the points appear in both images.

3. Accurately determining the disparities requires matching the
recognizable points to a high degree of accuracy which is not a
completely solved problem

4. Errors introduced by the imaging systems in the form of noise
and geometrical distortions 1limit the maximum attainable

accuracy.

5. Interpolation of the structure or disparities between the
matched points is an ill-posed inverse problem with no unique

solution.

Although these seemingly insurmountable problems do exist in
general, by significantly constraining the object reconstruction
problem using a priori knowledge many very useful areas of

application exist as mentioned in section 2.1 above.
2.4. IMAGE FORMATION
As indicated in section 2.3 the problem of digital image

matching is further complicated by the physical process involved

in image formation. The information or raw data in an image can
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be regarded as a two dimensional grey-scale distribution
function. The positions of the pixels and their intensity values

are the data that have to be interpreted.

Figure 2.4.1. Geometry of image formation of point A.

Figure 2.4.1. illustrates the geometrical relationship between
object and image space that exists during the imaging process of
a pinhole camera. This model is adequate for most applications
where the lens diameter is considerably less than the distance
to the nearest object point. In very close range applications the
paraxial optical assumption or first-order optics will break down
[Hecht and Zajac, 1974]. Higher order geometrical aberrations
will then need to be considered in the imaging process. Models
allowing for these aberrations have been devised for close-range
applications [Brown, 1971 and 1976] [Beyer, 1992(a)].

The collinearity constraint equation expressing the relationship
between image and object space is given by
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) (2.4.1)

where

Uu=»(u, v, w) are the coordinates of the image point in the

image space defined by the U, V, W axes.
£E=(up,vb,f) are coordinates of the projection centre of the

camera on the image.

= ( X, Y, 2, are the coordinates of the object in the object

ux

space coordinate system X, Y, Z.

X, = (X, ¥, 2,) are the coordinates of the projection centre of

the camera in object space.

R is the rotation matrix with elements that are determined by the

rotation angles  , ¢ , x - The elements are given in chapter

The collinearity equation gives the coordinates of the image in
the ideal situation of a pinhole camera. With real image
acquisition systems geometrical distortions are introduced due
to the optical system, scale differences in the x and vy
directions, the nature of the sensor and the digitization
process. These distortions are modelled by adjustments to the
image coordinates. Basic models integrate the effects of these
distortions into radial symmetric lens distortion parameters. and
decentering parameters. More complex models have been developed
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and are fully described'in Brown, 1971 and 1976, Beyer, 1992 (a)
and 1992 (b).

Although the geometric position of a point in an image is well
described by the above, the intensity value at that point is more
difficult to model. This is mainly due to factors that are
functions of the environment and virtually uncontrollable
excepting in a laboratory setting where some control can be

attained.

The intensity distribution function of an image is due to the
radiant energy captured by a 1lens and focused onto a
photochemical or photoelectric sensor. The radiant energy has a
spectral distribution which is affected by the initial source of
light; the light scattering characteristics of the object; the
absorption and transmission characteristics of the medium
between the light source and object and between the object'and
lens; the aberrations and transmission properties of the lens
system. The image is further modified by the spectral
characteristics of the sensors and the electronic characteristics
of the digitizing process. The discretization of the image via
a scanner or CCD device leads to further information loss due to
the integration of the intensity distribution over the area of

a pixel unit.

The electronic and spectral characteristics of the image
acquisition system can be determined empirically [Beyer,
1992 (b)]. Modelling the radiant energy that actually reaches the
lens is more difficult and requires a priori assumptions about
the nature of the object surface. The reflecting properties of
the objects in a scene will determine the radiant energy emitted
in the direction of the camera. These properties have been
modelled by means of a reflectance function. An explanation of
the three most accepted models viz. the Lambertian model; the'
Torrance-Sparrow mddel and the Beckman-Spizzichino model is given
in Nayar S.K., Ikeuchi K, Kanade T, 1991.
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As a consequence of the above it can be deduced that image
formation is an extremely complex process. An image can be
regarded as a sensorially filtered representation of reflected
light of a scene obtained from a specific viewpoint. In the image
formation process an enormous amount of information about the
scene is lost due to the filtering and noise characteristics of
sensors and most significantly due to the projection of a three
dimensional space onto two dimensions at a reduced size. When
viewing the image human intelligence can regenerate much of the
lost information and can recognize and interpret objects and
their relationships. This is primarily as a result of learned
experience. The exact mechanism by which the human mind can
perform these tasks effortlessly is the subject of on going
research. The methods used in digital pattern recognition and
image matching are aimed at emulating this ability of the human
intelligence and therefore falls within the ambit of artificial

intelligence.
2.5. GENERAL OBJECT RECONSTRUCTION PROBLEM

The final objective of digital photogrammetry is the complete
three dimensional description of the objects surface in a scene.
Some of the problems encountered in reaching this goal have been
mentioned above. In order to gain some insight into the problem
an abstract formulation of the process is considered following

the approach of Zheng, 1993.

Let X be the set of object model parameters and let Y be the
set of observed image parameters. The imaging process can be
regarded as a mapping function £ : X -> Y . The forward problem
is the prediction of the Y parameters from the X parameters under
a mapping f. The inverse problem is the recovering of the
parameters in X from the observed parametefs Y. The inverse
problem is the problem that needs to be solved in object
reconstruction from images and its solvability is dependent on

the nature of f.
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(a)f is called surjective if for every Y there exists at least
one X. This implies that there are one or more X that can result
in Y when the mapping f is applied, and ensures the existence of
at least one element X = £ '(Y), where f' is the inverse mapping

function.

(b)f is injective if for every Y the inverse mapping f£'(Y) is
empty or a singleton. This implies a one-to-one mapping of X onto
Y, but does not ensure the existence of an X for every Y. If the

inverse image exists it is unique.

(c)f is bijective if it is both surjective and injective. This

implies that the inverse mapping X = f£'(Y) exists and is unique.

If © is true then a unique solution is determinable. If (b) is
true the system is overdetermined. An example of this situation
would be when a parametric model of f is applied to X to give an
image Y which is close to but not equal to the actual observed
image Y. If (a) is true the system is underdetermined as there
are possibly more than one X that can give rise to a particular
image Y. An example would be images of reduced scale special
effects models used in cinematography to recreate images of real

full scale objects.

Generally only a subset of the parameters X are desired viz.
object coordinates. The other parameters are largely
indeterminate such as luminance, reflectance , atmospheric
conditions affecting the 1light transmission medium, and the
factors outlined in 2.4 that contribute to image formation. In
general therefore there are many possible combinations of the
parameters in X that could give an observed image Y. The general
inverse problem of object reconstruction is governed by a
surjective mapping, and is consequently an ill-posed inverse
problem. Ill-posed in the sense that it is an underdetermined

problem.

By constraining the imaging environment many of the
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indeterminate parameters in X can be held constant and the
problem can be converted into an injective problem which is well-
posed. An example 1is the application of the geometrical
constraints of the imaging environment e;g. the collinearity
condition and the coplanarity of the image plane to images of the
same scene separated in time and distance by a small interval,
enabling the recovery of some of the three dimensional
information of a scene. Consequently existing digital
photogrammetric systems are applied in special applications with
constrained environments. The environments of close-range
photogrammetric systems are more easily constrained by specially
designed backgrounds, lighting , pattern projections and object

targeting.

Assuming that the imaging environment is suitably constrained
the main steps in object reconstruction that were proposed by
Marr and Poggio, 1979, based on their computational model of

human stereo vision are shown in figure 2.5.1. [Grimson, 1981]

DISPARITY ARRAYS

CONVOL MATCH
SCENE RETINA IMAGE DESCRIPTIONS

Figure 2.5.1. Steps towards object reconstruction based on the
computational model of human stereo vision proposed by Marr
and Poggio.
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The scene viewed is projected onto the retinas of both eyes. The

retina in conjunction with the brain effectively convolves the

image into =zero-crossing image descriptions of the scene at

various resolution channels, two of which are represented in the

diagram. The theory contends that most of the information of a

scene is gained from the points with sharp gradients. Marr and

Poggio, 1979, postulated the Laplacian of the Gaussian gradient

operator to simulate the process of visual convolution of the

human brain given by

2 _ 2
VZG(r’e) — (r 20 )e-rZ/ZOZ,
04

where

(2.5.1)

G(r,8) is the rotationally symmetric Gaussian function with r the

radial coordinate and © the angular coordinate.

o is the parameter determining the width of the Gaussian function

and acts as a resolution filter. The larger o the lower the

resolution of the resultant convolved image.

The convolved images are termed the
primal sketches of the scene.
Correspondence between matching points
is then established by the brain. The
exact basis of this is unknown.
'Disparity arrays or maps are produced to
form a raw 2.5-D sketch of the scene.
Some interpolation technique is then
employed by the human intelligence to
produce a complete 2.5—D sketch of the
scene. The terminology 2.5-D is used
because an accurate full 3-D
reconstruction of the scene  is
impossible even for the human mind as

there is inevitably loss of information

IMAGE ACQUISITION

IMAGE PREPROCESSING

MATCHING

QENERATE DEM

Figure 2.5.2. Basic
modules required for
computational object
reconstruction.
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in the visual process.

A generalization of this model to any visual system results in
analogous processes for object reconstruction as shown in figure
2.5.2. Acquisition of a stereo pair of images is assumed.

The digital image is acquired directly using CCD (Charge-Coupled
Device) cameras and digital frame grabbers or indirectly by
digital scanning of conventional photographs.

Next the images are processed and matching primitives are
extracted from the image. The methods used here are system

dependent. ' /

In the following step the matching primitives are matched using

correspondence or matching algorithms.

After matching the three dimensional coordinates of the matched
points are determined with a priori knowledge of the position and
orientation of the cameras. A complete DEM (Digital Elevation
Model) can then be determined by suitable interpolation between
the calculated coordinates of the matched points. The
interpolation problem is ill-posed as there are many possible
surfaces that can pass through a finite number of points in three
dimensions. The surface interpolation problem is discussed in

detail by Grimson, 1982 and Terzopoulos, 1988.
2.6. MATCHING

As indicated by the above discussion the accurate matching of
corresponding points is an essential requirement for object
reconstruction. Various different approaches are used for

matching. The method chosen is problem-specific.

Digital image matching can be divided into two major

operations.

1. Extraction of matching primitives in each image.
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2. Establishing correspondence of the matéhing primitives between

each image.

The two stages are interdependent with specific matching
algorithms being more suitable for particular matching
primitives. In practical syStems different matching techniques
can be used cooperatively to form an overall matching strategy.

In its most general form matching has to establish a one-to-one
mapping from an item in one list with an item in another list.
Each list consists of matching primitives associated with a

particular point location in an image.

The most primitive matching algorithm would be to exhaustively
inspect every possible configuration of the items in both lists.
If there are N primitives in each list then there are N! possible
configurations. Figure 2.6.1 shows the possible matched
configurations for N=3. The best match is then chosen based on
some decision function. The decision function will depend on the
matching primitives but generally needs to assess the similarity

between matching primitives
and the consistency of the ¢
matched configuration. ._f’ 3><i
Similarity is taken  into ¢

account giving more weight to
matching primitives that are :><:

N K]

very similar than to those o—e

that are not. Consistency is

accounted for by considering a pjgure 2.6.1. Possible matching

relationship between a configurations between two 1lists
with 3 elements each.

neighbourhood of the points ,

associated with the matching primitives, such as the variance of
the matched point disparities of these points. The smaller this
variance the more weight can be attached to the configuration.
The details of the weighting and measures used in the decision

function will be problem specific.
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The primitive matching algorithm described is generally
impractical as the number of possible matching configurations
becomes exponentially large as N increases. For N=100 the number
of possible matched configurations is of the order of 10'°.

More formally matching can be regarded as a consistent-
labelling problem ( CLP ) [Haralick and Kartus, 1978, Haralick
and Shapiro,1979 and 1980]. A consistent-labelling problem is

defined as

cLp= (U, L, T, R) (2.6.1)
where
U={uu ,u, ,u; ... uy } a set of M units.
L =4{1, ,1, ,1; ... 1y} a set of M possible labels.

U can be regarded as the set of matching primitives from one

image and L those from another image.

T is a unit constraint relation such that if an N-tuple { u;, u,
uy } belongs to T, then the units;u,,u, ... u mutually
constrain one another. An example would be the set of points

belonging to an extracted edge in an image.

R 1s the unit-label constraint relation and has elements equal
to the allowable labelings of ordered size-N subsets of U. For

example if the ordered size-N subset { (u;,1l.) , (uz,1;), ... (uy, 1y
} belongs to R then the units u;, w,...uy can be assigned the
corresponding labels 1,, 1, ...l . An example would be the

relationship between two matching edges, where u; would come from

one edge and 1; from the corresponding edge.

In terms of this definition matching can be defined as a CLP
where the set of all consistent labelings f: U -> L satisfying
the constraints specified by T and R has to be found.
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Haralick and Shapiro, 1979 and 1980, have investigated'various

tree search techniques of solving this abstract formulation of

the matching problem.

Constraints

1 AB
AC

@ g " B,C

Figure 2.6.2. Tree search for labelling of 3 units subject to
the given constraints. *

Figure 2.6.2 shows a simple tree search where U={1 ,2 ,3} ,
L={A ,B ,C} and T and R are the constraints listed. Two possible
matches are found { 1A, 2C, 3B} and { 1B, 2A, 3C}. The
-constraints have limited the 3’ possible branches to 7. This
illustrates the importance of constraints in making matching
problems tractable. In digital image matching applications the
use of geometric constraints, in addition to similarity and
consistency constraints, is made to obtain solutions relatively

rapidly.

Having established the general nature of the image matching
problem a few of the more commonly used methods are briefly
described. There are no definite boundaries when classifying
matching algorithms as théy are 1interrelated and used
cooperatively in most practical digital matching applications.
Table 2.6.1 lists the methods that are discussed. Epipolar
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matching is included although this is really a matching stratégy
that can be used in conjunction with any of the matching
techniques listed. There are a number of review articles which
cover most of the commonly used matching techniques, some of
which are Dhond and Aggarwal, 1989 , Lemmens, 1988, Pilgrim,
1992, and a review of their implementation in practical systems

is given in Gruen, 1994.

MATCHING ALGORITHM MATCHING PRIMITIVES

Correlation Regions of pixel intensity.
Numerical regional features.

Relaxation Extracted point features or
descriptors.

Heirarchical or Pixel intensity or extracted

Multiresolution features.

Relational ‘ Extracted feature
descriptors.

Dynamic Programing Extracted point features or
descriptors.

Model Based Extracted features from

generated viewclasses.
Integrated Matching Regions of pixel intensity.

Epipolar Matching All types.
( A matching strategy )

Table 2.6.1. List of some commonly used matching algorithms.

A. CORRELATION MATCHING ( AREA-BASED MATCHING )

The matching primitive is the grey-scale intensity values of
an image window. For any particular window in the left image, of

a stereopair, the right image is searched using a equally sized
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window ,and the similarity between the windows is measured using
either a cross-correlation function or an intensity difference
function. A window is accepted as a matching window when either
the correlation function is greater than a predetermined
threshold value or the distance function is less than a similarly
determined threshold value. Geometric and consistency constraints
are applied to disambiguate multiple matching points. [Helava,
1978]

Once a matching window is found a parametric affine mapping
is assumed between the windows. Using the method of least-squares
or any estimator technique a subpixel match can be obtained.while
solving for the affine parameters. [FOrstner, 1982] [Ackermann,

1984] [Gruen, 1985]
B. RELAXATION MATCHING

Relaxation matching is an extension of the tree-searching
algorithms mentioned above. No parametric mapping function is
assumed. Matching primitives are extracted from images using
interest operators , edge detectors or feature extractors. The
matching primitives may be points [Férstner and Gilch,
1987] [Barnard and Thompson, 1980] or more complex symbolic
structures [ Faugeras and Price, 1981] [Bhanu and Faugeras, 1984].

Discrete relaxation is an extension of the forward checking
tree search algorithm. The algorithm checks for the compatibility
of future label assignments ,according to the constraints of the
problem and the instantiated matches. The process is iterative
because for every newly instantiated match future possible
matches have to be re-evaluated and discarded if incompatible.
The process terminates when there are no further changes to the
established matches. A clear illustration of the process is given
by Waltz, 1975, when applied to labelling of lines connecting
vertices on polyhedral objects. A similar application is given
by Rosenfeld, Hummel and Zucker, 1976. Medioni and Nevatia, 1984,
apply the method to matching constructed graph descriptors in
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aerial images.

Continuous relaxation or stochastic labelling assigns initial
probabilities to possible label assignments based on some measure
of similarity. These probabilities are iteratively updated by a
local compatibility checking procedure . A label assignment is
accepted as a match when the probability exceeds a threshold
value. [Barnard and Thompson, 1980] [Bhanu and Faugeras, 1984].

Relaxation matching is very flexible in that a variety of
similarity measures and consistency constraints can Dbe
incorporated into the problem without significantly changing the

general structure of the algorithm.

C.HIERARCHICAL MATCHING

Matching can be guided by applying a matching algorithm on low
resolution versions of the stereopair images. The results of this
matching are then used to locate approximate initial matching
points in the next higher resolution images and the matching
algorithm is again applied. This process continues through to the
maximum resolution images [Ackermann, 1984]. Baltsavias, 1991,

gives a detailed review of this method.

The multiresolution images are generated differently according
to the matching primitives used. For features such as edges
different resolution edges can be obtained applying the Laplacian
of Gaussian edge detector and altering the value of ¢ in equation
(2.5.1) . For grey-scale correlation techniques coarser resolution
images are created by averaging pixel values over the integrated
neighbourhood. Wavelet decomposition can also be used to generate
multiresolution images. [Zhou and Dorrer, 1994][Mallat,‘l989]

D. RELATIONAL MATCHING

The matching primitives wused are usually structural
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descriptors of features such as edges and their neighbourhood
relationships. The matching primitives can be represented in a
graph-based terminology[ Haralick and Shapiro, 1993] [Hellwich and
Faig, 1994] and the matching is performed using a tree search
technique subject to predefined constraints, measures of

similarity and measures of consistency.

Relational matching is strongly dependent on the extraction
of nearly noise free features and is difficult to implement on
real images without additional constraints or a priori

heuristics.
E. DYNAMIC PROGRAMMING MATCHING

The matching primitives used are usually edges[ Benard, 1984]
[ Ohta and Kanade, 1985]. The images are photogrammetrically
normalized (which is explained below ) to reduce the image search
space to one dimension. For each edgel in the left image the
corresponding line in the right image is scanned for possible
matching edges subject to' disparity constraints. A cost 1is
evaluated for each possible match based on some similarity and
consistency criterion. A tree-like graph 1is generated with
branches linking possible matching pairs. The path linking the
branches with total minimum cost gives the optimal match.

Dynamic programming is flexible with regard to the definition
of the cost function and the method can be advantageously

employed in relational matching.
F. MODEL-BASED MATCHING

Locating an object in ar image @hich is represented by a full
digital three dimensional model description is primarily used in
pattern recognition applications. Two dimensional viewclasses of
the model can be generated and a matching algorithm used to find
the matching structures in the imagé. Relational tree search
algorithms are often used [Haralick and Shapiro, 1993]. One could
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extend this method to the localization of matching objects in a

stereopair.

The computational demands of this method have led researchers
to recast the algorithm as a neural network for parallel

computation [ Nasrabadi, Li and Choo, 1990].

An alternative object matching algorithm based on a concept
similar to the Hough transform is affine-invariant matching or
geometric hashing/[ Lamdan, Schwartz and Wolfson, 1988], but this
method 1is extremely sensitive to 1image noise. [Grimson and
Huttenlocher, 1990] A similar method based on clustering in a
parametrized image mapping parameter space was applied to
stereopair satellite images. [Stockman, Kopstein and Benett, 1982]

An industrial application of the model based viewclass approach

to pattern recognition is described in chapter 3.
G. INTEGRATED MATCHING

A method which uses least squares estimation in object space
to integrate image matching and object surface reconstruction has
been under investigation by a number of researchers . [Ebner and
Heipke, 1988] [Helava, 1988] [Wrobel, 1987] The object surface is
divided into a grid composed of facets called groundels. A
reflectance model and the collinearity equations are used to
model groundel intensities from the pixel data in the images. A
least squares estimator is then used to solve for the unknowns

in the model.

This method requires a large amount of computationvand is
usually applied in an hierarchical scheme. Considerable
improvement in the modelling developed to date is required to
allow for the large radiometric and geometric variations in real

images.
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H. COMBINED METHODS

Correlation matching and integrated matching can be regarded
as area-based matching techniques as they are based on the
regional pixel intensity wvalues. Excepting for hierarchical
matching the rest of the methods depend on the extraction of
features by the use of edge-detectors, interest operators and
other image processing techniques. Hierarchicalrmatching is a
matching strategy that can be used with both area-based and
feature-based methods. In most digital matching applications
different combinations of the above methods are used

cooperatively.

In most systems feature-based methods are usually used to
obtain the initial matching points and a least-squares area-based
technique is used to refine the match to subpixel accuracy.
Geometrical constraints are used to limit the search space. Gruen
, 1994, lists many applications wused . for close-range
photogrammetry. Li and Schenk, 1990, describe a system for aerial
image matching.‘Greenfeld, 1991, proposes an automatic system
using the different matching techniques where appropriate. Van
der Vlugt and Riither, 1994, describe a close range application

using combined methods.
I. EPIPOLAR LINE MATCHING

Figure 2.6.3 shows the geometry of a stereopair ofvimages I
and I". The perspective centres of the cameras are located at O'
and O''. H' and H" are the principal points in the images and act
as the origins of the respective image coordinate systems (u',v3)
and (u",v"). The object point P projects onto the images I' and
I" at P' and P" respectively. The points F' and F" are the points
where the baseline b intersects the image planes I' and I"

respectively , and are known as the epipoles. The triangles
APO'O", AP'O'F' and AP"O"F" 1lie in the same plane. The
intersection of this plane on the images I', I" define the

epipolar lines in the images. This implies that for a point P!
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Figure 2.6.3. Epipolar geometry of a stereopair of images I'
and I".

Figure 2.6.4. Normalized stereopair from figure 2.6.3.
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in the left image the corresponding point P" must lie somewhere
along the epipolar line P"F" in image I". In order to determine

the epipolar lines in image I" corresponding to those in I' the

relative orientation between the two cameras needs to be known.

The relative orientation is defined by choosing the perspective
centre O' of the left camera as the origin. The coordinates of
the perspective centre O" of the right camera is then (BX,BY,BZ).
The orientation of O"H" with respect to O'H' is given by angles
(w,9,k). By fixing one of these six parameters arbitrarily ,the
other five parameters values defining the relative orientation
of the right image with respect to the left image can be
determined. As shown in chapter 6 these.values can be determined
from matched points in the image by using the coplanarity
condition. The equations for calculating the epipolar lines from
the relative orientation parameters are given in chapter 6 and

can be found in Wong and Ho, 1986.

If the images can be transformed into planes that are parallel
to the baseline b , the epipoles will be at infinity and the
epipolar lines will be parallel to b. By transforming the images
into the same plane parallel to b the corresponding epipolar
lines will be horizontal. Once this transformation is complete
the search space for corresponding points will be one-dimensional
as the points will lie on the same horizontal line at the same
distance from the perspective centre 1in each image. The
transformation is know as normalizing the images. The normalized
images are represented as N' and N" in figure 2.6.4.

Schenk, 1990, derives formulae required to obtain the

normalized images and are shown below.

¢’ arctan2?
BX

/ = arctan— BY (2.6.2)
(BXZ + By2)l/2

A
i

R = RK/R¢/
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where
cos¢' O sing'! ‘ cosk' -sink' O
RO'= 0 1 -0 Rk' = sink' cosk!'! 0
-sin¢g' 0 coso! 0 0 1
R, = RRT (2.6.3)
where

Ry 1s the required transformation.

R’ is the transpose of the rotation matrix of the exterior
orientation. The elements of the rotation matrix are shown in

chapter 6.

The transformation R; is applied to both images to give the

normalized images.

£ is the principal distance assumed for the normalized image

and can be taken as equal to the camera principal distance.

The transformation therefore entails transforming the images
into a vertical aerial position by applying their respective
exterior orientation rotation matrices R' and then transforming

into the normalized position using Ry.

If only the relative orientation parameters are available then
the right image can be rotated into a position parallel to the
left image before the normalization transformation is applied to

both images.

Once the image orientations are known then most image matching
strategies should incorporate the epipolar line constraint to
dramatically limit the search space. The epipolar lines can be

determined generally without normalizing the images and the
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matching algorithm need only search along this calculated line.
Alternatively to accelerate the matching procedure the images can
be normalized as described above allowing the matching algorithm
to search only along the epipolar lines. The resampling required
to generate the normalized images can be time consuming, but once
these images are available the matching procedure is conéiderably
faster. Naturally the speed is dependent on the matching
algorithm chosen and the specific application.

2.7 PATTERN RECOGNITION BASED STEREO MATCHING

In many pattern recognition applications a pattern is described
in terms of a feature vector with numerical component values. In
computer vision this method is usually referred to as statistical
pattern recognition. Statistical pattern recognition does not
appear'to be used much in photogrammetric applications, although
it seems to be potentially useful, especially for the location
of objects in scenes. As mentioned before the primary goal of
this thesis is to show how the pattern recognition approach can

be used in photogrammetry.

Most of the novel approaches in image matching concentrate on
relational object descriptors with emphasis on the geometrical
relationships. There is considerable justification for this
because geometrical primitives such as points ,lines ,corners and
polygons are essential for accurate point matching. The major
stumbling block that these systems face when dealing with real
images is the quantization of the image into discrete pixels and
the quantization of the radiant information into a limited number
of grey-scale units. In addition considerable noise is introduced
into the image by environmental and digitization factors.
Extracting reliable geometric primitives from an image under
these conditions poses difficult problems. Many feature
extraction techniques have been developed to overcome these
problems and many successful applications have been developed.

As an alternative approach and because of the inherently
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‘stochastic nature of the digital image acquisition process,
statistical pattern recognition can be applied. In its simplest
form an image region is selected in the left image of a
stereopair surrounding the object of interest. A training
algorithm which extracts a feature vector description of the
region is then applied. Once the feature vector is obtained the
right image is searched with a similar regional window and
feature vectors are extracted sequentially. A nearest neighbour
rule is used to locate similar objects. Application of this rule
may be subject to a threshold value so that all regions that are
closer than the threshold to the model vector are accepted as
possible matches. Other constraints such as acceptable disparity
ranges can be used to disambiguate matches. The closest of the
remaining matches is then chosen as the correct location. If the
relative orientation of the image is known then the epipolar line
constraint can be used to limit the search to the epipolar line.
Details of this method are given in chapter 4.

In model based photogrammetric systems a viewing aspect of the
three-dimensional object can be generated and a feature vector
determined from this view. This vector with a suitably determined
threshold and possible a priori constraints, can then be used to
search both the left and right images to locate the desired
object. A model based pattern recognition application is
described in chapter 3.

By using statistical pattern recognition in conjunction with
relaxation techniques and area-based matching a 3-D
reconstruction of an object can be generated as will be described
in chapter 7. Although the reconstruction is termed 2.5-D as
described above, 3-D will be used from now for convenience and

because it has a clearer intuitive meaning.
2.8 CONCLUSION

Digital image matching was analyzed in general to gain some

insight into the nature of the problem. Various digital image
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matching techniques were briefly reviewed in order to demonstrate
the scope of the techniques available. The applicability of
statistical pattern recognition in digital photogrammetry was
discussed and as will be shown can be used advantageously in

photogrammetric applications.
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3. PATTERN RECOGNITION

As an introduction to using pattern recognition principles
in photogrammetry two industrial applications of pattern
recognition were investigated. The essential basis of pattern
recognition systems is outlined and illustrated with quality

control applications.
3.1. PATTERN RECOGNITION PRINCIPLES
Digital pattern recognition is essentially a data-processing

problem which can be divided into three basic phases[ Sing-Tze

Bow, 1984] as shown in figure 3.1.1.

Phase | Phase |/ Phase Il

Data Data Decision

m = L= e
Acquisition | x(r) Preprocessing X, Classification
Physical | Class
Variables

Figure 3.1.l1. Main phases in a general pattern recognition
problem.

The data in digital pattern recognition are digitized analogue
signals. Examples of this are the light intensity variations on
the image plane of a camera in image acquisition systems. The
digitization of the physical variables by means of sensors in the

environment forms the initial phase of data acquisition. The
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output of this phase is the digital representation of the signals
acquired by the sensors, x(r). In most modern close-range
photogrammetric applications CCD (charge-coupled device) cameras
are used as the sensors. Aerial photogrammetry uses high quality
anaiogue photographic equipment to capture images. These
photographs are usually digitized using flat-bed scanners.

The methods used to process the digital data are primarily
application dependent. Features are extracted from the digital
data in phase II. Various digital image-processing techniques are
employed in this phase ,and the output is a vector or descriptor

consisting of a number of features.

Phase III performs the function of classifying the extracted
feature vectors or descriptors according to decision rules. Most
pattern recognition applications - use trainable pattern
classifiers [Tou and Gonzalez, 1981].In these cases model class
vectors are predetermined by a training algorithm, also known as
a teach-in procedure. Decision rules are then formulated using
these model vectors. There are many possible decision functions
some of which are explained in Tou and Gonzalez, 1981. Non-
trainable classification rules can also be generated using

various clustering algorithms.

The specific methods selected in all the phases mentioned above
are a .function of the application. Phases I and II can be
regarded as a filtering and transformation procedure, where only
a narrow band of information is extracted from the environment,
and transformed into data elements that can be interpreted by

classification rules.

There are two main interrelated . approaches to pattern
recognition problems, the decision theoretic approach and the
syntactic approach. Both require the phases outlined above but
the details of implementation are different. The decision
theoretic approach relies on the essentially statistical nature
of image data. The digital data is transformed into feature
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véctors with N stochastic numerical components. These are
processed according to decision functions in an N-dimensional
vector space. The syntactic approach relies on extracted
structural primitives from the image data to form an alphabet.
These are combined to form sentences or strings to describe
objects. A combination of sentences or strings forms a language
which is governed by rules known as a grammar. '"Parsing' is the
term used to denote the procedure that establishes whether a
sentence belongs to a particular language. The statistical nature
of image data can be incorporated with stochastic grammars. More
detail on the syntactic approach can be found in Tou and
Gonzalez, 1981.

The above two approaches to pattern recognition provide a neat
formalism to the subject. In most practical applications the
formalism is adapted to the heuristics of the problem and aspects
of both formalisms may be combined. In the applications to be

discussed aspects of both formalisms are used.
3.2. BINARY IMAGE PATTERN RECOGNITION

In order to illustrate the utility of digital pattern
recognition in locating and interpreting patterns in a scene, two
quality control applications in industry are described. Both
methods can be regarded as applications of model-based object
recognition. The object to be found is known beforehand with a

predefined or predetermined description.

The first application entails the localization and decoding of
barcodes on packaging boxes. The barcode is predefined and the
environmental constraints reduce the problem to identification
on a two-dimensional surface as would occur in optical character
recognition. A similar approach could be adopted to locate a
predefined structure consisting of high contrast substructures
in an aerial image.

The second application involves the identification of labels

on a cylindrical surface. Predetermined descriptors are derived
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(b) The average wide bar is about 2.5 times the width of a

narrow bar.

The width of a bar in a binarized line is determined by counting
the number of adjacent pixels with the same value. The average
bar width over the whole line is then determined. Using the a
priori information above expressions for the average values of
the narrow and wide bar widths and their variances are determined

as follows: -

. bapo

nop =
8

Wb - 25eb (3.2.1.3)
G .2.1.
10c

ol — ab

nb 31

where

4u 1s the average bar width over the line.

the average narrow bar width.

{10

wh 1s the average wide bar width.

Zabi _
O, = - - ab

is the variance of the average bar width with

n bars.

O, is the variance of the narrow bar width.
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As shown in table 3.2.1.2 one barcode has a very low RELIABILITY
value. In this particular case the global contrast over a line
is good but the local contrast between narrow bars is poor. The
pixel intensity profile along one of these lines is shown in
figure 3.2.1.4 below. The narrow bar peaks are considerably lower
than the wide bar peaks, resulting in the difficulty of obtaining
a reliable threshold value. In the case of the other codes the
bar peak heights are similar. On careful investigation of the
printing ink used for the barcodes in the bad case, it was found
that the background colour was showing through the foreground
colour. This was not apparent in the case of the other barcodes.
Using better printing ink would circumvent this problem.

BARCODE COLOUR CTF IRELIABILITY

FG BG O -
16001237063333 |grey white 40.6 67.7
16001237072335 |blue brown 98.8 98.6
16001237012324 |green brown 49.8 2.5
16001237006323 |[Dark brown 58.6 74.1
brown

Table 3.2.1.2. Barcode reading results. Terms are defined
in the text.

The above technique of
decoding barcodes can be used
in a general sense to identify
patterned boxes. By converting
Figure 3.2.1.4. Pixel intensity a pattern on a box into a
profile of line along barcode. binary image unique

descriptors can be derived and
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A one dimensional signature pattern is derived from the two
dimensional label as shown in figure 3.2.2.3. A simplified edge
detector is used to determine the gradients that depict the label
and a threshold is used to eliminate all noisy edgels ( edge
pixels). The threshold is determined by analysing the histogram
of the edgel distribution. The edge detector 1is based on
calculating the gradient as the difference in the grey-scale
values between a particular pixel and its North, South, East and
West neighbours, and taking the maximum difference as the
gradient. The edge image thus obtained is converted into a binary
image with minimal noise by thresholding as shown in figures
3.2.2.3 and 3.2.2.4. This binary image is converted into a one
dimensional signature which is a function of the number of ON
pixels across the label against the length of the label as shown
in figure 3.2.2.3. This can be regarded as a one dimensional
projection of the two dimensional label and its use in pattern
recognition is mainly motivated by its ease of computation making
real-time applications possible. Some applications of the
signature projection technique are described by Sanz and
Dinstein, 1987, Pavlidis, 768, Rosenfeld, 1974.

Figure 3. .2.4 shows the
rest " s of an identification
run where the first two labels
are correctly identified. The
horizontal bar at the left
hand bottom corner of the
figure indicates the result of
the identification run. The

two dark grey squares on the

Figure 3.2.2.4. The image of the
left of the bar show that the cigarettes after processing and
identification. As indicated by
the shaded blocks the first two
left were correctly labels are correctly identified.

two cigarettes shown on the

identified. The two white
squares on the right of the
bar show that the two cigarettes shown on the right were not
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B (3.2.2.2)

where

D is the mean number of on pixels in each subregion.

st is the starting point of the subregion.
end is the endpoint of the subregion.

p: is the number of on pixels at i.

5. The variance in the mean number of pixels over the same m

subregions given by

2 g 1 — (3.2.2.3)

where

o’ is the variance.

6. The centre of mass in each of the m subregions given by
end
Z 1ip;
_  1=st
COM = ——— (3.2.2.4)
£ p,
i=st
where
COM is the centre of mass.
m 8 seemed to give good results at the resolution adopted v ':h

the length of the signature L in the range [100,150] pixels.
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Once an image of the flattened label is available, the label
can be placed on a cylinder to simulate the differently exposed
views of the label. VIEW places the label on a cylinder of any
pixel dian :er smaller than the pixel diameter of the original
cigarette from which the label was extracted. A smaller pixel
diameter is used as a label cannot be recreated at a higher
resolution than that at which it was acquired. In addition the
actual cigarette identification is performed at a lower
resolution so that as many cigarettes as possible from the top
layer of the packing box can be checked. The minimum pixel
diameter is limited by the loss of meaningful detail making
identification impossible. Edge detection and thresholding is
carried out so that a suitable threshold value 1is determined

interactively.

In order to place the label on a cylinder a pre-selected
diameter is required and set at the pixel diameter observed in
the images acquired when the final system is in operation. The
pixel height of the label is scaled down to maintain the aspect
ratio of the label. A two dimensional angular dependent image
function is generated from 0 to 359 degrees and from 0 to the
height of the flat 1label. Effectively the resolution of the
flattened out label shown in figure 3.2.2.10 is reduced to the
scale determined by the selected pixel diameter mentioned above.

All pixels that fall within a unit degree and unit height are
averaged and that value is used to determine the intensity in the
image function. The average intensity at the border of the
flattened label image are used for all non-label pixel values.
The resultant image function is shown in figure 3.2.2.10.

The two dimensional image function can then be used to generate
a label on a cylinder starting at any particular angle. The pixel
values are determined by calculating the angular interval between
each pixel and averaging all contributing pixels. An example of
a label placed on a cylinder at a different angle is shown in
figure 3.2.2.11.
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determined is required by the program.

Using the parameters entered from INITIALIZE , GENERATE
calculates all the required prototype descriptors and their

variances.

TYPEINFO requires the user to update the on-line database of
label types.

Once the t ach-in phase has been completed the system can be
used to check the labels of cigarettes in the system depicted in
Figure 3.2.2.2. A typical individual run gives results as shown
in figure 3.2.2.4, where two out of three labels were correctly
identified. Errors of omission , where non-identification occurs
when it should not are quite common. Errors of commission where

misidentification takes place are minimal.

The system is very sensitive to lighting conditions. A powerful
halogen lamp was used to illuminate the cigarette boxes. The
environment needs to be optimized to improve the overall
performance of the identification phase. An experiment in a sub-
optimal environment gave 60% of possible labels as correctly

identified.
3.3. APPLICATION TO DIGITAL PHOTOGRAMMETRY

The above cigarette label identification and barcode reader
applications are simplified forms of pattern matching from
different view classes and are model-based matching techniques.
The concept of view classes was introduced by Koenderink and Van
Doorn, 1979, in which a three dimensional object is represented
by an aspect graph consisting of classes of two-dimensional
views. Only a restricted number of simple polyhedra have been
represented in this form. [Plantinga and Dyer, 1986] [Gigus and
Malik, 1988] [Gigus, Canny and Seidel, 1988] Ikeuchi, 1987 and
Ikeuchi and Hong, 1989 have attempted to use view classes in

matching to establish correspondence in a stereopair of images.
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N, (m,Z) 1is the probability density of the feature
—=

vector v, in a normally distributed population with

mean vector m, and covariance I.

m, is the mean feature vector.

s 1s the covariance matrix.

|z| 1s the dete: inant of the covariance matrix.

d(v.) is a distance metric defined as follows

v
—R

)2_

d{v, (XE_EQ)TZ—l(EQ_Eb) usually referred to as the

Mahalanobis distance.

-1 is the inverse of the covariance matrix.

T represents transposition.
n is the number of features in each vector or the

dimension of the feature gpace.

The probability that v, belongs to the class associated with

vector m, is given by

) = 2[N(m,z)dx (4.3.2)

A suitable selection of features and a suitably representatit
sample of the feature space need to be extracted from the image
data. Suitable in this context is dependent on the nature of the

pattern and the problem to be solved and is heuristically
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as components of a feature vector the statistical pattern

recognition approach outlined above can be applied.

Figure 4.4.1 shows the main steps required in the application
of the method.

1. FEATURE SELECTION. FEATURE
The components of a pattern

SELECTION
vector are chosen.
2. SAMPLE FEATURE VECTOR
GENERATION.

SAMPLE
A sample of feature vectors FEATURE VECTOR
are generated from the image GENERATION
data containing the object )
pattern that is to be l
identified. The sample is then
used to determir the mean ,

Iwall IERN
pattern vector and the
covariance matrix. IDENTIFICATION
3. PATTERN IDENTIFICATION Figure 4.4.1. Main steps in a

The pattern vector determir 1 statistical pattern recognition.

in 2 is then used to identify
similar patterns in images taken from a similar perspective.

The above method can be applied generally to identify object
patterns in images. As an illustration the design of a corner
interest operator will be discussed in detail and applied to both
synthetic and real images. This interest operator can then be
used to extract corner points in images. Different feature

vectors will be considered for this particular application.

4.4.1.GEOMETRIC MOMENT INVARIANTS
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applications [Prokop and Reeves, 1992][ Dudani, Breeding and
McGhee, 1977].Most of the applications have been on binary
patterns and not on grey-scale patterns. In order to derive
suitably robust binary patterns from a general grey-scale image
a method for thresholding the image is required. The thresholding
technique used will be discussed later in the text.

The Hu moment invariants are invariant with respect to

translational, rotational and scale transformations in the image.

a) SCALE INVARIANCE

In order to ensure scale invariance the central moments have
to be normalized. With reference to Hu, 1962, and Teague, 1980,

let two image functions of a pattern at different scales be

represented by f£'(x,y) and £(x',y') where /-y /), y/=y/n and

is a scale factor then by the ¢ Iinition of central moments

n, = ffxpyqf(x/?\,}’/?\) dxdy = AP (4.4.1.4)

A= Py, = m, is the moment of order zero and can be regarded

as repil 1iting the size of the pattern. ...e following r al:

moments will therefore be invariant to scale changes.
T = (p*q+2)/2
n,. = B /ulk (4.4.1.5)

This normalization method has the disadvantage of increasing the
dynamic range of the central moment magnitudes.An alternative
normalization method used by Dudani, Breeding and McGhee, 1977,
uses the radius of gyration as the normalizing factor. The radius
of gyration is given by

1

r=(n, +ug,) 2 (4.4.1.6)
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(uao + ulz)z + (uzl + uo3)2 (4.4.1.12)
(M, = W) (R # 1) [+ )® = 3, ) ¥ (4.4.1.13)
* (3u21 - uOZ) (uﬁl * 03) [3(u30 * ulz) - (u21 * u03)_]
2 _ 2
(K0 ‘fo42) [y, 1“12) (May ™ Hos) 7 (4.4.1.14)
ull(u30 ulZ) (u21 * u03)
|31, = ) (g 1) Dy + 1) = 30, + 1) 7] (4.4.1.15)

- (g, ~ 31,) () (3 + )% - (1, )T

Employing the normalized central moments in the above relations
will result in expressions that will be invariant to translation,
size and rotation. The geometrical invariants given by equations
(4.4.1.9) to (4.4.1.15) normalized using equation (4.4.1.5) have

been used in this investigation.

4.4,1.1 BASIC IOD FOR PATTERN LOCALIZATION

The main steps required to generate model pattern vectors and
to use these in locating similar patterns in images are shown in
figure (4.4.1.1.1).
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detector applied over the window. The window of edges is again
binarized by applying the appropriate global threshold for the
left image determined in step 1. The second seven components of
the pattern vector are then determined , consisting once again
of the moment invariants. Every 14 component pattern vector is

determined in this manner.

In order to determine the covariance matrix and a mean vector
representation of the pattern, a sample of pattern vectors have
to be extracted. This sample is generated by extracting pattern
vectors for successive windows of the same size from the
neighbourhood of the pattern of interest. Details of this will
be given later. A covariance matrix is determined from the sample

of pattern vectors.

4. The left and right images can now be searched by applying the
pattern vector extraction procedure in step 3 over a window
moving across the images. The distance between the model pattern
vector and the extracted vector 1is used as a measure of
similarity. The smaller this value the greater the similarity.
A distance threshold value is determined based on the covariance
matrix. If the distance is less than this threshold then the
point centred on the window is taken to represent the centre of

the region with a similar pattern structure.

Details of the above steps are presented below with an initial
investigation of the performance of a corner pattern locator or

interest operator.
4.4.1.2 PREPROCESSING OF IMAGES

As mentioned above the elements of the feature vectors
suggested here consist of the seven moment invariants, given by
equations (4.4.1.9) to (4.4.1.15), of the thresholded image
pattern , and the seven invariant moments of the thresholded edge
pattern. The feature vector therefore has fourteen components.

Before these components are calculated the selected image window
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1
o,(t) = [ 2 [1-m,(t)1°P(1)]/q,(t)

I=t+1

P(i) is the grey-scale histogram function where i is the

grey-scale value.

1 is the maximum grey-scale value.( 1=255 in this

investigation)

The threshold value t is taken as the value of 1 that results

in the minimum value of o 2 .It is found by simply calculating

o, for all values of the grey-scale and taking the minimum.

Global threshold values are determined for a specified image

using the above method.

A selected grey-scale image window is thresholded using the
global threshold values determined and the moments of this
silhouette image are extracted to give the first seven

components of the feature vector.

An edge detector, generally known as the Sobel operator, was
used to convert the grey-scale image into an intensity map of the
grey-scale gradients in the image. The Sobel operator works by
convolving a 3 x 3 pixel mask with the digital image function.
The masks for the x and y gradients are shown in figure
4.4.1.2.1.
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IMAGE

IMAGE WINDOW

oTSU fsoea
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‘MOMENTS + [MOMENTS
—

T ||™Re | | pal ll:R\l VEGIOR

—

Figure 4.4.1.2.2. Image processing required to extract pattern
vector. Global threshold values determined in the left diagram
and applied in the right diagram.

4.4.1.3 APPLICATION OF A MOMENT INVARIANT BASED INTEREST OPERATOR
The synthetic image shown in figure 4.4.1.3.1 was used to test
the interest operator, based on the pattern vector approach
described above, as a corner detector. The image is a 50 x 50
pixel image with a 20 x 20 pixel square.
The upper left corner of the square in
the image was used as the model pattern.
The corner point is positioned at (4,4) in
a 9 X 9 window with the extreme top left
hand point of the window acting as the
origin of a cartesian coordinate system

with x increasing to the right and y

increasing downwards.

The 14 component moment invariant vector Figure 4.4.1.3.1.

was reduced to a 9 component vector. The 5 TIE€St 1mage.
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The above process of placing a window around a specific point
in the image and performing the extraction operations in this
window ,as described above, will be referred to as the feature

extraction operator.

The method can be applied to locate similar patterns in any
number of images other than the image from which the pattern was
extracted. As there is a 1likely possibility that a scale
difference exists between the original image , from which the
pattern was extracted, and any other image, the search window
size has to be adjusted to allow for the scale difference. In
pattern recognition applications of moment invariants the
background to a located object is usually uniform. Examples are
printed characters on paper, ships at sea and aircraft in the sky
or on a runway. In these cases the background will not contribute
significantly to the moments calculated especially in a
thresholded image and true scale invariant moments can be
determined. In the case of photogrammetric images the backgrounds
can be rich in a variety of features and these will contribute
to the calculated moments if same size windows are used to search
images which have significantly different scales. The adjustment
required would be the ratio of the scales. If w;, is the side
ler~+h of the window used for extracting the model pattern in the
left image which has a scale S, , then w, the side ler_:h of the

window used in the right image will be given by

b

Wr: -S—Wl (4.4.1-3-1)
1
In the following text it is assumed that this window size
adjustment is made prior to searching the right image if the

scale difference between the two images is significant.

Once the representative pattern feature vector is extracted a
nearest neighbour approach based on a distance metric is used to
find similar patterns in an image. There are different approaches

to determining a suitable distance metric depending on how the






79
o = AD (4.4.1.3.3)
where

p 1s the principal diagonal eigenvalue A; matrix of the

covariance matrix.

o 1s the matrix whose columns are the eigenvectors of
the covariance matrix.

Diagonalization facilitates the calculation of the Mahalanobis

distance as will been shown below.

The eigenvectors form the basis of an orthogonal vector space

and satisfy the orthonormality condition

oo = T (4.4.1.3.4)

In order to calculate the distance in the orthogonal space in
terms of components which are not correlated the feature vectors
are transformed into the orthogonal space by

Y =oTv (4.4.1.3.5)

where Y is the transformed vector.

In this space the covariance matrix becomes

oTnd = A (4.4.1.3.6)

which is the diagonal igenvalue matrix.

The inverse of the covariance matrix is then just ,-1 in the

orthogonal space.
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Figure 4.4.1.3.7. Distribution of distance for different size
window samples.

A crude sample can be obtained by extracting vectors in the
image neighbourhood of the required image pattern. If the window
size i w X w then a sample can be obtained by extracting vectors

by moving w/4 above and below and w/4 left and right of the

centre of the desired pattern giving (integer arithmetic)

(2*w/4+1)° vectors, e.g. if w=9 then there will be 25 vectors in

the sample. ( -w/4, w/4) was chosen as the neighbourhood sample

selection range as the patterns should not change significantly

in each window. Figure 4.4.1.3.7 shows the distribution of the

distance of the sample vectors from the sample mean vector for
samples taken around the top left corner point of the test image

in figure 4.4.1.3.1. There are 25 vectors in the 9 X 9 window

sample. There are 81 vectors in the 17 X 17 window sample.

The standard deviation and the mean distance of the sample
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In order to establish the point centred on the window with the
closest pattern vector to the sample mean vector or model pattern
vector, the nearest neighbour point in any particular clump of
points needs to be found. A filtering process is applied. {EP}
is the set of extracted points after application of the interest
o rator over tl! whole image.{NN} is the set of nearest

neighbour point
[Ve,gelEB T A [lp-gl < N1

pe{NNM ifd <d
p g

where

p and g are vectors describing the position of point in the
image.

dD.
associated with point p and the mean sample vector.

is the distance in feature space between the pattern vector

|...| indicates the Euclidean ¢’ stance in image space.

N is a suitably chosen neighbourhood range.

The isolation of the nearest neighbour pixel points ar shown
in figure 4.4.1.3.10, using a neighbourhood range of 5 pixels.
Tt corner points are well identified in this simpl t 3t case.

An example of applying this technique
to isolating points in real images is
shown in figure 4.4.1.3.11. The same
building is taken from a stereopair and

the interest operator with w=9 and o=1 is

applied. Although the corresponding point
on which the classifier was trained i.e.

the 1left bottom corner of the 1left Figure 4.4.1.3.10.
Isolated nearest
neighbour points. ( 9
some corner points have been missed. X 9 window, a=1.0 ).

building is identified in both images,






(4.4.1.3.12)

where

(x,y) are the pixel coordinates of a point in the original
image.

(x',y') are the pixel coordinates of a point in the
transformed image.

(%Xy,Ys) are the pixel coordinates of the point in the
centre of the window in the original image.

(%,',Y0') are the pixel coordinates of the point in the
centre of the window in the transformed image.

o is the scaling factor in the range [0.8,1.2] so as not
to alter the image too dramatically.

® is the angle through which the original image window is

rotated.
gix,y) = (1l -y+ J7)[(L -x+1)g(i, ) + (x - 1)g(i+l,7)]
(4.4.1.3.13)
+ (y - )01 -x+ ""g(i,j+1) + (x - 1)g(i+1l,j+1)]
where

g(x,y) is the grey scale value at a non integral pixel
position (x,y) in the original image.

g(i,j) is the grey scale value at the integral pixel
position (i,j).

i = truncated value of x.

j = truncated value of y.

Similarly sample vectors can be generated by assuming an affine
transformation between the two images. The affine transformation
is defined by the following relationships
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the selected object. A nearest neighbour rule for the distance
in pattern space is used as a decision function. Additional
information, such as the expected disparity between the two
images, can be used to disambiguate multiple 1locations. An
approximate value for the expected disparity can be obtained from
direct inspection of the images or by interpolation in a
disparity map derived from a continuous relaxation matching of

corresponding interest points between two images.
4.4.1.5 QUAL._ZATION ERROR IN MOMENT CALCULATIONS

Due to the discrete nature of the digital images discrete
summations are usually used to evaluate the moment integrals.
Teh and Chin, 1986, 1investigated the errors introduced by
discrete calculations and compared these with numerical
integration techniques such as Simpson's rule. They found that
numerical techniques reduced the quantization errors

significantly.

The geometric moment invariant operator described in section
4.4.1.3 above was calculated using the simple discrete summation
method and the numerical method. A comparison was made between
the two methods against varying window sizes centred at the top
left hand corner of the square in figure 4.4.1.3.1. Figure
4.4.1.5.1 shows the results for three different window sizes.
Only the maximum % difference is plotted. As the window size
increases the % difference becomes smaller. This is expected as
the weight of the information content carried by each pixel is

reduced as the number of pixels increase.
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into this descriptor as they are extracted from the same data.
The grey-scale values are normalized by dividing by the maximum
pixel intensity viz. 255 in this case. This ensures well-behaved

numerical values.

SNE o SNR=200 SNR=30 SNR=7
Figure 4.4.1.7.1. Moment based interest operator performance for
different Signal-to-Noise ratios (9 x 9 window, a=0.2).

The results of applying this operator are shown in figure
4.4.1.7.1. The corners are well located for SNR >=30. This method
can be used in place of the binary technique as there is less
computation required and is consequently about twice as fast.
4.4.2.0RTHOGONAL MOMENT INVARIANTS.

Numerical features other than geometric invariants can be
extracted from images and included as components of a feature
vector. Some of these may be more efficient as descriptors or can
be used as additional components in a feature vector. Analogous
to geometric moments other moments have been defined and used in
pattern recognition. The suitability of these moments to object
location in images and hence for image matching are investigated.

Teague, 1980, asserts that a two-dimensional grey-scale image
function f(x,y) can be expressed in terms of an infinite series

involving monomial expressions of the form x"y" .

(x,y) = £, + £, x + oy + £, x% + £ .xy +... (4.4.2.1)

00

With the dimensions of the rectangular image window normalized
to the range [-1,1] the moments can be expressed as
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Figure 4.4.2.1.2. Legendre moments to order 8.

m moments for 21 X 21 window.

+ moments of same area as g with 31 X 31 window.
X moments of 21 X 21 window around different area.

workstations are available for the computation.
4.4.2.2 ZERNIKE MOMENTS

Zernike moments and invariants were derived by Teague, 1980,
and applied to image encoding and pattern recognition. These
moments use the invariant properties of Zernike polynomials
derived by Zernike [Born and Wolf, 1965], inventor of the phase-
contrast microscope, and used in the analysis of aberrations in

optics.

-.l practical applications the infinite expansion in (4.4.2.1)
is truncated as in (4.4.2.1.5) and can be written in terms of

Zernike polynomials as follows [Teh and Chin, 1988]
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[Ro (2R (r) xdr = ————3 (4.4.2.2.5)

The inte¢ rations in (4.4.2.2.1) are done using Simpson's rule.
The terms A, are known as the Zernike moments and various
combinations of these are used to form moment invariants with

respect to translation,scale and rotation.

By referring the coordinate system to the centre of the image
window translational invariance is introduced as was done by
using central moments for geometric moment invariants. The
normalization of the coordinates to the unit circle introduces

scale invariance. If the coordinate system is rotated by © then

the corresponding Zernike moments are related by A{l: Ale'“e
n n

, 1implying the introduction of a phase factor to the complex
moment A, to obtain the new moment A@l. Real valued moments A, ;
remain unaffected by rotation and thus are implicitly
rotationally invariant. Elimination of the rotational dependence

of complex valued moments can be achieved by suitable

combinations of moments and their complex conjugates [Teague,
1980].

N = 4 8 12 16 20
Figure 4.4.2.2.1. Reconstructed image on the left using equation
(4.4.2.2.1) for different values of N.

Figure 4.4.2.2.1 shows the reconstruction of the image on the
extreme left by using the series in (4.4.2.2.1) , truncating
after Zernike moment order N. As in the case of the Legendre
moments the reconstruction improves with the number of terms
included in the series. Zernike moments can therefore be used as
descriptors of patterns. In pattern recognition applications the

Zernike invariants are used to describe patterns. The first two
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The above indicates that a function consisting of Zernike moment
invariants can be used as a pattern descriptor. The correlation
coefficient between these descriptors can then be used as a

matching criterion.

Figure 4.4.2.2.5 shows the results of a 45 X 45 window taken
of the same object from different images. The Zernike invariants
are plotted in 4.4.2.2.5(c). They follow a similar pattern but
some differ substantially. p is only 0.65 in this case and as
such is not really a good match. The main reason for this is that
the correlation is calculated giving equal weight to each moment
invariant. The invariants with large differences will therefore
primarily determine the result. A similar argument would apply

if the Euclidean distance was used as the matching criteria.

054

-05

Normalized Value

-1 T T L

o 1 20 30 40 S0

Zernike Moment Invariants

(a) (b) (c)

Figure 4.4.2.2.5. Plot (c) of the invariants to order 8 of
yindows (a) and (b) of the same part of a building from different
images.

In order to circumvent "his problem a similar approach to that
used with the geometric moment invariants can be adopted. A
sampling procedure ,or teach-in phase ,to acquire the model
invariant vector and its covariance matrix ,with each moment as
one component, has to be performed. Diagonalization of the
covariance matrix to get the eigenvalues and eigenvectors is then
carried out. These eigenvectors and eigenvalues are then used for

the whitening transformation on all acquired invariant pattern






105

4 8 12 16 20
2.3.1. Reconstructed image on the left using equation
with pseudo-Zernike moments for different values of

Figure 4.4.2.3.1 shows how pseudo-Zernike moments reconstruct
the image on the extreme left for different orders. Comparing
with figure 4.4.2.2.1 shows that a better reconstruction is
achieved at a lower order than in the case of Zernike moments as
odd terms are included in the expansion, because n - |1| can be

odd and not only even as for Zernike moments.

As in the case of Zernike moments invariants can be used to
describe patterns and used in a similar way for pattern matching.
Teh and Chin , 1988, show that pseudo-Zernike moments are more
robust against noise than geometric and Zernike moments. The
computational load is twice that of Zernike moments as the odd

terms alluded to above are included in the expansion.
4.4.3 ,.0THER MOMENTS

Two otl - 1 it us 1 in pattern recc 1ition az CoIir 1.
These are not orthogonal and therefore exhibit information
redundancy. They are mentioned below for completeness.

4.4.3.1 ROTATIONAL MOMENTS

The rotational moment of order n is defined as

2
D, = [[rre’®f(zr, ) rdrds (4.4.3.1.1)
00

In the review article by Prokop and Reeves, 1992, various

applications of these moments are mentioned. The performance of
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to information redundancy. For images with little high frequency
detail though ,non-orthogonal moment invariants still perform
well. Zernike and pseudo-Zernike moment invariants suffer only
from information loss and therefore generally perform better.
Legendre moments do not have generally simple invariant
properties and are very sensitive to noise. Generally it may be
concluded that Zernike and Pseudo-Zernike moments have the best
image representation properties. Exhaustive experiments on a
variety I different images would be required to specifically
assess the performance of the different moment based descriptors.
Investigations conducted by Prokop and Reeves, 1992, also suggest
that Zernike and Pseudo-Zernike moments have the best overall
performance in terms of noise sensitivity, information redundancy

and image representation ability.

In this study for investigating the principle of using moment
invariants as a pattern classifier for interest operators, object
localization or target location only geometric moment invariants

are used as they are computationally faster on a PC computer.

4.5. ANGLE BASED INTEREST OPERATOR

Interest operators based on pattern recognition extract clumps
of points surrounding items in the image sir "lar to the selected
model pattern. Examples of this were given above when describing
the design of a corner interest operator. The size of the clumps
is dependent upon the cutoff threshold for the distance metric
used to compare the patterns. One disadvantage of this type of
interest operator is that it typically gives a relatively sparse
distribution of interest points in a general image. The
performance is image dependent and is sensitive to radiometric
variations. Experiments with the Forstner operator [Fdrstner,
1987] and the Moravec operator [Moravec, 1980] show that they give

similar results.
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©& is a preselected threshold. If the condition is true the
counter is incremented by one. If any of the points in the window
have no gradient or the ratio of the gradients is indeterminate,
as in the case of the Y gradient and the X gradient being zero,

the counter is incremented by one.

If the counter is more than four then the point is discarded
from the mask. After the whole image has been processed the
remaining edge points in the mask are taken as the interest

points.

The basic principle behind this interest operator is that it
selects the edge points with significant changes in gradient
direction when compared with their neighbour points. © determines
the number of points retained. If 6=0 then all edge points would
be retained. If 6=n/2 then few points such as corner points would
be retained. A good distribution and number of points 1is
obtained, for the application described in chapter 7, by using
6=n/18. Selection of a suitable threshold is image dependent and

ar .ved at heuristically.
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Applying the angle based interest operator to an aerial
stereopair results in many corresponding points being extracted
as will be illustrated in chapter 7. Establishing the
correspondence between the extracted points is then performed
with the continuous relaxation matching algorithm outlined in
chapter 6. Once a set of corresponding points is found a
correlation matching on the grey-scale values between windows
surrounding the matching points can be used to eliminate any
obvious mismatches. The pattern vector method using moments can
also be used for this purpos . Computer assisted manual editing
is then applied to eliminate any remaining mismatches. The
remaining matched points are then matched to subpixel accuracy
using least-squares or least absolute deviation grey-scale
correlation matching which is described in chapter 5. A flow
diagram of this general matching strategy is shown in figure
4.5.4.

4.6. FOURIER TRANSFORMS.

The moment based pattern vector approach described in section
4.4 above provides a set of useful quantitative features for
pattern recognition and matching. With a similar objective in
mind extracting quantitative features from the spatial frequency

information in an image was investigated.

The Fourier transform has been used extensively in many
applications related to signal processing of which image analysis
forms a part. In image processing it is used to transform image
data from the spatial domain to the spatial frequency domain.
Extracting pattern descriptors from the transformed data seems

feasible and is investigated in this section.
4.6.1 ONE DIMENSIONAL FOURIER DESCRIPTORS
The discrete Fourier transform has been successfully applied

as a descriptor of object boundaries[Gonzalez and Wintz,
1987] [Chellappa and Bagdazian, 1984] [Lin and Chellappa, 1987].
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The two dimensional Fourier transform can be calculated by
repeated application of the one dimensional transform due to the
separable character of the two dimensional function. Equation
(4.6.2.1.2) can be re-written as

Nl . 2mux  MF . 2nvy

F(lu,v) = —Zexp(-1 ) 2 f(x,yv)exp (-1
( N p N Yy p N

) (4.6.2.1.3)

Notice that now M=N and the term 1/MN becomes 1/N only as 1/M is
factored into the coefficients. Equation (4.6.2.1.3) becomes

N-1

1 2Ty
Flu,v) = — Z F(x,v)exp(-i ) (4.6.2.1.4)
N -0 N
where
N-1
Fix,v) = N[Z 5 £(x,y)exp (-1 227 (4.6.2.1.5)
N,-o N

The two dimensional Fourier transform is then calculated by
calculating the one dimensional Fourier transform of each row in
the image and multiplying the result by N as indicated by
equation (4.6.2.1.5). The one dimensional Fourier transform along
each of the columns of the resultant image F(x,v) 1is then
performed as shown in equation (4.6.2.1.4) to give the final

result.

In order to reconstruct the image the inverse Fourier transform
has to be determined. The inverse Fourier transform is given in

separable form by

N-1 N-1
Fix,y) = 25 exp (1229 s Flu, v)exp (1 229 (4.6.2.1.6)
Nu=0 N v=0 N

By taking the complex conjugate of equation (4.6.2.1.6) it

becomes similar in form to equation (4.6.2.1.3).
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Segmentation of images according to texture is widely used in
many remote s 18ing >plications [Haralick and Shapiro, 1993] and
can be applied in an automated photogrammetric system to reduce
search space. Texture relates to image properties such as
fineness, coarseness, regularity or randomness. Many measures of
texture have been developed[Haralick and Shapiro, 1993] which
have been compared[Wezka, Dyer and Rosenfeld, 1976]. The
comparison shows that the power spectral techniques using Fourier
transforms do not perform as well as other methods, but are
computed using familiar concepts. For the latter reason and as
an extension to the investigation of using two dimensional
Fourier transforms in image analysis and description, the method
based on fractal dimension was investigated.

Pentland, 1984, Kube and Pentland, 1988, have shown that
different regions in an image, such as forests or urban
developments, will have different fractal dimensions. By
transforming an image into an image representing its fractal
dimension the original image can be segmented according to the
values of the fractal dimension. This can be used in an automated
photogrammetric system to reduce search space in the localization
of any particular object, such as a building in an urban region.
Once the urban areas have been isolated using fractal dimension
segmentation, the rest of the image can be ignored resulting in

reduced search space.

Mandelbrot, 1983, has shown that natural surfaces and boundaries
exhibit a fractal behaviour for which he formulated the concept
of fractional (fractal) dimension in order to describe this
phenomenon. Essentially he showed that the determination of the
length of a natural boundary, such as a coastline, will depend
on the length of the measuring ruler. If you used a kilometre
ruler you would get a different answer than if you used a metre
ruler as the kilometre ruler will ignore finer detail less than
a kilometre in length. Also the outline of a one kilometre
stretch of coastline would look very similar to the outline of

a metre stretch of coastline but at a different scale. To
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locate corresponding matching patterns by searching similar

images.

The main conclusions that emerge are:-

1. Geometric , Zernike and Pseudo-Zernike moment invariants can
be used as effective descriptors of image patterns for
localization of objects and as interest operators. They exhibit
good rotational invariance and scale invariance. Geometric
moments have the added advantage of simplicity in calculation but
exhibit information redundancy. Zernike and Pseudo-Zernike

moments are orthc _cnal but computationally expensive.

2. Other moments such as Complex, Rotational and Legendre moments
are not suitable descriptors. Legendre moments do not have simple
invariance properties and are computationally expensive. Complex
and rotational moments have information redundancy and

suppression.

3. The two-dimensional Fourier transform is a poor descriptor
having no simple scale invariance properties and is extremely

sensitive to image noise.

4. The two-dimensional Fourier transform can however be
effectively us 1 to ¢ sicribe image texture in a 1 .atively simple
manner by enabling the computation of the fractal dimension.
Images can be segmented on the basis of the fractal dimension to
isolate uniform textured regions such as forests, deserts or
urban areas. This is especially useful in an automated system to
reduce the search space when seeking a building, as all non-urban

regions can be ignored.

5. The feature vector formulation for matching patterns can be
generalized to include any form of numerical identifier as a

component of the vector.
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Additionally these methods only solve for the translation
(disparity) between matching windows, and not for a full set of
affine parameters that model the transformation of the template

window into the patch window.

5.1.2 ITERATIVELY REWEIGHTED LEAST-SQUARES MATCHING (IRLS)

The grey-scale correlation method can be extended to model a
fully affine transformation between the template and the patch
as described by Gruen, 1985. A least-squares or L2-norm
estimation model is formulated incorporating the projective
transformation parameters as the unknowns to be determined. As
a subset of the projective transformation, affine parameters are
usually determined as an approximation for minor transformations.
The transformation required between stereo images that are taken
from similar viewpoints can be regarded as a minor projective
transformation. The estimation model can be further generalized
as a Lp-norm estimation problem where p>0 [Calitz and Rither,
1994]. Least-squares is the same as the L2-norm estimator.

The functions f(x,y) and g(x,y) represent the discrete grey-
scale distribution functions of the template and patch
respectively. Exact matching occurs when the difference between
the grey-scale values at corresponding points is zero. In real

3 exact <« pIeA N 1 tl i o L1y
a residual grey-scale value remaining. The difference between the

template and patch at any point can be expressed as

r(ix,y)=f(x,y)-g(x,y) (5.1.2.1)

where

r(x,y) 1is the residual corresponding to the template

position (x,y).

Equation (5.1.2.1) is a non-linear function with many local
extrema. The location of the local minimum would be taken as the

matching position. Only if the complete images are used as the
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a,;, and b;, are the x and y scaling parameters respectively.

a,, and b,, represent x any y axis rotations respectively and are

often referred to as the shearing parameters.

Equations (5.1.2.1) and (5.1.2.2) define a nonlinear
programming problem. Equation (5.1.2.1) is linearized, according
to the Gauss-Newton method, in order to make the dependence on
the affine par: 3ters explicit, and assuming only small
deformations and shifts so that higher order terms can be

ignored.

g (X4, ¥,) d ' Yo)
_:i_ggié_dx +.J2£§Lzﬁ_dy) (5.1.2.4)

r(x,y)=f(x,y) - (gl{x,, y,) + i 3y

where

dx da,, +da;,x, + da,.v,

dy = dbll * dblZXO * delyO

The left hand side of equation (5.1.2.2) can be rewritten as

1
TR P = T (X ) - (g(xX, Y,) *

g da,, +gxda, +gy.da, * (5.1.2.5)

1
g,db,, + g x,db, + g y,db, )|°)°

where
_dg(xy, ¥,)
T ox
_ dg(xy, v,)
T Ty

are the gradients of the grey-scale pixel intensity values in the

x and y directions respectively.
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Examples of estimator functions are listed in table 5.1.2.1. As
determination of the constants in these estimator formulae are
data dependent. Only the least squares and least absolute

deviation M-estimators were investigated.

The iterative procedure used to solve for the affine

parameters is outlined below: -

1. Initial wvalues are assigned to the affine parameters ,
a;;=a,;=b;. 2 1,=b,;=0 . A window size is chosen and a stopping

condition 1s selected.

2. The vector 1 is calculated using the grey-scale values in the

template and patch.

. TEMPLATE ' PATCH
3. The matrix A is calculated
: INITIAL 17F

similarly , with the gradients PARAL. RS |

determined using a  Sobel

operator.
w

, o
4. The residuals and the q —
weight matrix terms are % [_END
calculated at this point. The =

: | |UPDATE PARAMETERS

weights are usually based on RESAMPLE PATCH

the value of the residuals of

the previous adjustment. For Figure 5.1.2.1. Basic Flow

the first iteration the weight diagram of the Lp-norm matching

matrix is made equal to the algorithm.

identity matrix.
5. A'P1 and A'PA are calculated.

6. A'PA is a positive definite symmetric matrix, and the cholesky

method is used to solve for x.

7. The affine parameters are updated using the values found in
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converge smoothly.

Each iteration step for each of these methods takes about the
same time, but BR and LSM generally converge more rapidly than
BY because they require less iterations. Figure 5.1.3.1 shows
that the BR algorithm exhibits similar stability to the LSM
method, whereas the BY algorithm tends to oscillate.

In order to demonstrate the behaviour of the algorithms in the
presence of outliers, a test was performed on a synthetic image

with a hotspot as shown in figure 5.1.3.2.

Figure 5.1.3.2. Template and Patch for outlier test.

> 5 4 5 6 7 8 9 1011 1213 14 15 16 17 18 19 20

Figure 5.1.3.3. Convergence of algorithms in the presence of
a outlier point.g IRLS , + LSM , * BR ,X BY.
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minimum distance wvalue. This is a form of a steepest descent
search method. The process continues until no neighbours have
distances less than the centre pixel. The subpixel location is
then taken as the weighted centre of mass of the 5 X 5 region

according to the following formulae: -

— oW X _ WY
X = . ’ y = Xy
LW W
Xy Ry
(5.2.1.1)
1
wxy: . >
distance_ -
Xy

where distance,, is the distance to the model vector at the pixel

point position (x,y).

Convergence to the correct central pixel is strongly dependent
on the starting position of the search as there may be many local
minima. The many methods of finding a starting position used in
least squares matching can also be used for this method. The use
of reference mask ,mentioned above ,is probably the fastest
method for locating a starting position for the images in figure
5.2.1.2.

In an attempt to avoid the

possibility of convergence to
an incorrect 1local minimum
,the pattern distances for a
large region centr¢ on a good
approximating point can Dbe
calculated and used to
calculate the centre of mass
according to guation
(5.2.1.1) without any further
steepest descent searches. The
contour plot of the distance

values for such a region 1is

shown in figure 5.2.1.4. As

Figure 5.2.1.4. Contour plot of
distance values for a 20 X 20
real images the contours are region including a circular
target point.

the circular targets are from

not symmetrical due to
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based methods mentioned above from the "correct" position. SD1
and SD2 stand for the centre of mass methods using a steepest
descent search with weights 1/distance and 1/distance’
respectively, where distance is defined as the distance from the
model pattern vector in feature vector space. The centre of mass
calculation was based on a region of 7 X 7 pixels for SD1 and
SD2. REG1 and REG2 represent the regional centre of mass method
with weights 1/distance and 1/distance’ respectively. A region
size of 21 X 21 pixels was used. SDPARAB indicates the paraboloid
fitting technique with a steepest descent search. The distance

values over a region of 7X7 pixels was used for the paraboloid

fitting.
Ar

POINT NO SD1 SD2 SDPARAB REG1 REG2
1 0.23 0.20 0.98 0.14 0.20

2 2.00 1.05 . 2.83 ©0.52 | 1.46

3 1.77 1.75 1.77 0.80 0.69

4 0.22 0.10 0.51 3.16 3.64

5 1.60 1.40 0.39 1.65 1.79

AVE 1.16 0.90 1.30 1.25 1.56
STD 0.77 0.65 0.91 1.07 1.18

TABLE 5.2.1.1. Distance from correct position for the different
pattern matching subpixel location methods.
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Five different target points were chosen. A more thorough
comprehensive test using significantly more points is required
to establish true performance. A few points were chosen in order
to gain some indicative relative measure of performance and to
illustrate the principle of the methods. The results indicate
that SD1, SD2 and SDPARAB have the lowest standard deviations and
hence the best average performance. REG1 and REG2 perform well
excepting for points 4 and 5 because the latter points have
similar targets within the region window chosen, and the centre
of mass calculation will be distorted as the position of these
other targets will be given high weighting. Region size 1is
therefore dependent on the local image contents. Heuristically
7 X 7 pixel regions were found to give more stable results for
relatively wide variations in local image content. This is shown
by the results of SD2 and SDPARAB. The pattern window size used
in the above experiments was 7 X 7 pixels whereas the LAD BR
algorithm matching reference points were based on 9 X 9 windows.

The main advantage of the pattern recognition approach for
subpixel localization is its relative speed in comparison to the
IRLS and LAD methods. Using a PC the SD2 method was about a
factor of 4 faster than the LAD BR method for a point matching.
Besides the hardware platform used, speed of computation is a
function of the efficiency of the written software. The
comparison above is based on unoptimized code, but is a good

indicator of the relative speeds.

The main disadvantage of the pattern recognition approach as
used in the above experiment is that there is no modelling of the
affine transformation between the two images. A sampling
procedure can be devised to incorporate affine transformation
parameter variations as explained in chapter 4, but the

computation cost is great.

The pattern recognition approach to subpixel localization is
analogous to grey-scale correlation matching discussed in section
5.1 above. The distances are similar to the distance between the
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template and patch defined in equation (5.1.2.1). One could
therefore do a similar subpixel location based on the distances
between template and patch over an image region. The pattern
recognition approach would emphasize the structural content of
the image as thresholded edges are used whereas the grey-scale
function, although implicitly <containing the structural
information , will be strongly affected by variations in the
radiometric quality of the image. This would tend to indicate
that the pattern recognition results on this basis would be more
robust. Further investigations and comparisons between
established centre of mass technigques and the L-norm techniques
discussed previously in this chapter are required. The main
emphasis here was to illustrate the principle and potential of
the method.

5.2.2 PATTERN RECOGNITION BASED DISTANCE IMAGE TRANSFORM

Experimentation with the steepest descent search algorithm in
distance space prompted the idea of transforming an image into
an image representation of its distance surface. This can act as
a visual representation of the areas in the image that are
similar to the model feature vector chosen. As such it can be
used to segment the image into regions where the object of
interest is most likely to be found.

The distance transform can also be used as an intermediary step
for incorporating an explicit affine transformation into pattern
recognition matching. An image is built up by calculating the
distance between the model feature vector and sequentially
extracted vectors over the whole image. The distance associated
with a window surrounding a particular point is converted into
a grey-scale by suitably normalizing the value in the following

way

distance,
gd = _—TEE;;—i gmax : (5.2.2.1)
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where
gd is the grey-scale value associated with distance;.
distance; is the distance associated with point i in the image.

dmax is the maximum distance of the model feature vector from an

extracted pattern vector in the image.
gmax is the maximum grey-scale value (gmax=255 in this case).

Figure 5.2.2.1 shows the transformed image of figure 5.2.1.1.
The matching pattern positions are brought out indicating the
usefulness of this method in extracting specific objects from an
image. The other major advantage of this transformation is to
convert the piece-wise continuous grey-scale image into a
relatively smooth image. The distance measure integrates regional
information and therefore effectively smooths the image.

The smooth nature of the transformed image enables IRLS and LAD
matching to converge stably at image discontinuities and in some
situations where the affine parameters would be indeterminate in
the original image [Baltsavias, 1991]. An example of this is a
perfect corner point where the two scale parameters of the affine
transformation would be indeterminate. Figure 5.2.2.2(a) shows
a synthetically produced image with square region at a different
grey-scale value to the background value. The template is taken
as a window centred on the top left corner point. The image
corner is then matched to itself by selecting the patch centre
near the corner point. Due to the indeterminate nature of the
scaling affine parameters in this situation the IRLS method and
LAD diverge. By matching the corner point from figure 5.2.2.2(b),
the distance transformed image of figure 5.2.2.2(a), both
matching methods converge to the correct point.
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targets in the left image to those in the right image using a

dynamic programming technique.

Let the list of points in the left and right images be in sets
A and B respectively. Starting with the first element in A say
Al find all the elements in B that are closer to Al than a
specified disparity range. Let these points be in subset D.
Assume Al is matched to each element of D in turn. For each
instance, determine matches for the remaining unmatched points
in A. Calculate a cost value using equation (5.3.2.3) for each
possible match, and take the match with the minimum cost as the
correct match. Accumulate all these minimum cost values for the
assignments made. The result is a total cost value for each
initial possible match for Al. The point in D that produces the
total minimum cost is taken as the correct matching point. The
same process is then applied in turn to each successive point in
A. Elimination of points that are already matched is carried out

to accelerate the algorithm.

The basic equations required for this method are briefly
described. {n} is the set of N elements in A. {m} is the set of
M elements in B. For every n a subset {j}=D, of B is determined
so that the disparity between the points in D, and n are less
than a specified disparity range. Starting with an element n in.
A determine the total cost associated with each J in its

assocliated subset D, as

C(j) = ¢ Z c(i, 1) (5.3.2.1)

1=n+1 ie { unmatched points € B}

where
C(j) is the cost associated with j € D,.

c(i,1l) is the cost determined by equation (5.3.2.3), where i is

an unmatched point in B, and 1 is an unmatched point in A.

The point j € D, with the minimum cost is taken as the matching
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point to n.

This process is then applied for each of the remaining
unmatched points in A. The total costs of the matching are

related at any stage by the following formula:-

TC(n+l) = min C(3j) + TC(n)

jeb, .. (5.3.2.2)

where
TC(n) is the total cost after n points have been matched.

The cost function used to evaluate each possible match is

given as
COSth: o1 DispDLl+ B Correl,, (5.3.2.3)
where

Cost,; is the matching cost associated with point 1 in set A and

i in set B.

DispD;; is the disparity difference between the disparity between
n in A and j in D, and the disparity between point 1 in A and i

in B.

Correl,; is the grey-scale difference for windows around points

i and 1 respectively.
o and P are heuristically determined constants.

Using optimization techniques for these types of problems has
considerable potential ,as the matching problem can be regarded
as an optimization problem.In essence a certain configuration of
point assignments needs to be determined so that an optimal value
of an evaluation or cost function is achieved. Determining a

suitable cost function is the one of the main problems to solve.
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5.4. CONCLUSION

As subpixel matching is essential for the surface
reconstruction of objects from two or more images, the
applicability of the pattern vector approach to subpixel matching

was investigated.

Improvements to the frequently used least-squares area-based
matching technique were considered. The Barrodale-Roberts LAD
algorithm proposed in section 5.1.3 above is found to give better
matching accuracy in the presence of outliers in images, with

- similar convergence stability and computational speed.

A method for using the pattern recognition approach for
subpixel matching was proposed and compared with area-based
matching techniques. The area-based techniques are more stable
and better understood at present, but there appears to be someb
potential in ©pursuing the pattern vector approach as

computational speed may be improved.

A pattern vector based distance transform was introduced which
can facilitate localization of features and may be used for image
segmentation. The distance transform may be applied as an image
preprocessor to improve area-based matching at affine
indeterminate locations. The application of the pattern vector
approach for the location of targets was shown as an illustrative

example.

A pattern vector approach may be used to extract feature points
to subpixel accuracy from one or more images. These are then
subsequently matched using some matching algorithm. To illustrate
this principle a connected component technique for isolating
targets td subpixel accuracy and matching using a dynamic
programming technique was investigated. As matching is
essentially an optimization problem research in the application

of optimization techniques in general may prove advantageous.
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6. DETERMINATION OF MATCHING AND RELATIVE
ORIENTATION PARAMETERS

6.1.INTRODUCTION

The objective of digital photogrammetry is to automate the
process of obtaining three dimensional information from two
dimensional views of an object or scene. Most of the techniques
developed to date rely on the use of measured control points to
provide the exterior orientation of the cameras in the object
coordinate system. A minimum of two images of the object taken

from different positions is required.

The three dimensional coordinates of the matched points can
then be calculated using one of the established photogrammetric
algorithms. An interpolation technique in object space is then

used to infer the structure of the object.

A general automated procedure would operate in the absence of
knowledge of point positions in the object space coordinate
system or the object dimensions. The only way this can be
achieved is to obtain the object coordinates relative to the
positions of the two or more observation cameras. In the method
to be discussed only a two camera system is assumed. In order to
facilitate the explanation to follow, the cameras will be

referred to as the left and the right camera respectively.

The perspective centre of the left camera is taken as the
origin of the relative coordinate system. The distance between
the two cameras is measured and taken as the x coordinate of the
perspective centre of the right camera. This measurement need not
be very accurate as the relative orientation algorithm will
compensate for this inaccuracy by adjusting the remaining

parameters in the solution.



In order to obtain three
dimensional information from
the images, identifiable
points or features need to be

unambiguously  extracted
each image. Matching

correspondence between
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F
LEFT RIGHT

in

or
the

features or points needs to be
accurately established. As the Figure 6.1.1. Schematic diagram

object space coordinates

of camera world coordinate
of gystem.

the objects giving rise to the

features in the images are unknown, it is impossible to determine

the position of the cameras in object space coordinate system.

However if one has matching points in each image it is possible

to determine the relative orientation of the right camera in the

camera world coordinate system of the left camera because of the

geometrical relationships that exist between the object and image

I INTEREST OPERATOR ‘

RELAXATION MATCHING

PATTERN VECTOR MATCHING

SUBPIXEL MATCHING

~

RELATIVE ORIENTATION

3 - D COORDINATES

Figure 6.1.2. Basic
strategy _ for
automatically obtaining
three dimensional
information from an
aerial stereopair.

space.

An general automated system for
bbtaining three dimensional
information from a stereopair of
aerial images could be designed with -
the main components shown in figure
6.1.2. An interest operator is
applied over the two images and the
location of interesting points
determined. A continuous relaxation
matching algorithm can then be
invoked to establish correspondence
between the extracted points in the
two images. The provisional matches
are then checked with a pattern
vector algorithm, to eliminate
obvious mismatches. The resulting
list of matches are then matched to
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subpixel accuracy using a Lp-norm matching technique. Potential
matches that do not converge to a subpixel match within a
specified number of iterations are discarded as mismatches. The
matches in pixel coordinates are then converted to image
coordinates. These are then used to determine the relative
orientation parameters between the cameras. A novel method of
simultaneously checking the consistency of the matches while
solving for the relative orientation parameters is suggested.
Points that are inconsistent are discarded, and the three
dimensional coordinates, in the coordinate system defined by the
perspective centre of the left camera, are calculated for the

remaining matches.
6.2.THE COPLANARITY CONDITION EQUATION AND RELATIVE ORIENTATION

The geometrical relationship between a stereopair of images
enables the derivation of the coplanarity condition equation.
This equation is used as the basis for determining the relative

orientation between the two images.

Figure 6.2.1. Geometry of a general image
pair.



163

By setting the perspective centre of the left camera O in
figure 6.2.1 as the origin of the coordinate system and letting
the rotation matrix of the left image be equal to the identity

matrix the coplanarity condition equation is given by:-

X - [R UXxU)=0  (6.2.1)

where the terms of the equation are as follows with reference to

figure 6.2.1.

X =(X,Y,Z) is the position vector of the perspective

centre of the right camera R.

The perspective centre of the left camera is taken as the origin
o A
R, is the transpose of the rotation matrix with relative

orientation angles ,6 ¢,k to the left image, which is

"taken as the reference position.

m;; are the matrix elements of the rotation matrix given

by

where

m & = COSGCOSK

m, = sinwsingcosk + COSwWSink
m ., = -COS®wSindcosK + sinwsink

13
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m, = -cos¢psink

m,, = -sinwsin¢esink + COsSwCoO (6.2.2).
m,, = coswsingsink + sinwco

m, = sino

m,, = -sinwcoso

my, = COSwWCOosSYP

E& = (u_,v,-f) are the image point coordinates in

the right image .
f, is the principal distance of the right camera.

v,,-f ) are the corresponding point image

v = (u,v, -1

21 1’
coordinates in the left image.
Image coordinates are measured relative to the

perspective centres of their respective cameras.

A brief derivation of the coplanarity condition equation

(6.2.1) is given below with reference to figure 6.2.1.

u, is the position vector of image point P' on the left image in

the image space system, with O taken as the origin, and the axis
direction defined by the vector from O to the principal point in
the left image.

R U is the position vector of the image point P'' on the right

image relative to point R the perspective centre of the right
camera. The coordinates of the image point are rotationally
transformed so that the right image is rotated into the image

space system coordinates of the -left image.
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X + R U 1is the position vector of P'' relative to O.
L r_zL

Points P' and P'' lie in the plane defined by ORP.

(5; +-RLEJ )(Eﬁ defines a vector orthogonal to the plane ORP.

X . X X
- _I

and as X . X X
L I

one obtains_g;. R.U_x = 0 which is the coplanarity equation

9

given by equation (6.2.1).

Once the image coordinates of the matching points are
accurately extracted and matched the coplanarity equation can be
invoked to solve for the relative orientation parameters
Y, Z,0,0,x . Usually X is assumed known and is taken as the

distance between the two cameras. Generally if any one of the six
parameters is known or specified then the solution of the other

five can be obtained.

6.3 .CONTINUOUS RELAXATION MATCHING

Continuous relaxation matching is mentioned in chapter 2 and
provides a general framework for a variéty of matching
applications. This generality makes it an attractive method to
consider in a possible automated system as its probabilistic
nature incorporates fuzzy logic and degrees of belief. Price,
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1985 gives the theory of this method with some illustrative
applications. The method was used in the experiments conducted
in this investigation so that no a priori knowledge need be

assumed for the matching of images.

} COMPUTE  INITIAL
Generally when matching two LIKELIHOODS

images, features are extracted

some UPDATE ASSIGNMENTS USING A
RELAXATION SCHEME
]

from each image with

associated feature wvalue. An

example of a feature value LANYASSIGNMENT OVER THRESHOLD? |-NO
would be the grey-scale

| ves
MAKE FIRM ASSIGNMENT

intensity values of the region
surrounding and including the
feature. As the first step
towards matching the features Figure 6.3.1. Basic flow diagram
between images the initial of the continuous relaxation
probabilities of the potential method.
matches are determined based on a similarity measure such as the
difference between the feature values. These probabilities are
then iteratively adjusted according to the contextual
compatibility of the potential matches. The compatibility is
based on the similarity of the potential matches of neighbouring
extracted features to the potential match under consideration.
An example would be the disparity between a feature and its
potential match in the second image. In this case a large number
of neighbouring features would be expected to have a similar
disparity with their réspective potential matches. If no
neighbours have matches with a similar disparity then the amount
of neighbour support to the particular match under consideration
would be zero. The formula used to update the matching
probabilities are designed to increase the probability of a match
if neighbour support is significant or alternatively reduce the
probability if there is little neighbour support. The basic flow
diagram of the iterative relaxation procedure is shown in figure
6.3.1.

6.3.1. DISPARITY RELAXATION MATCHING
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In order ¢to illustréte the application of continuous
relaxation matching the method due to Barnard and Thompson, 1980
is discussed in detail, as it is the method used in this
investigation to perform initial pixel matching.

Extracting suitable points from each image to use for matching
is usually scene dependent and is discussed in detail in chapter
4. In the following it is assumed that there are plentiful strong
grey-scale gradients evenly distributed over the scene to provide
matchable points. Interest operators can be applied to extract
points in both images and are discussed in more detail in chapter
4. For the experiments conducted on this method points were
extracted using an angle based interest operator described in
chapter 4. For automation to be possible the point extraction
has to ensure that corresponding points in the scene are
extracted. Corners or edges on objects usually transform to areas
in the image with large grey-scale gradients, and usually provide
the points which most interest or edge detector operators extract

in the images.

Assuming that an evenly distributed set of points is extracted
from each image, automatically matching corresponding points
without any a priori knowledge of the scene can be done by
considering the disparity between the two images.

Disparity is the geometrical shift of corresponding points
between the two images. The geometrical shift in the image is
caused by viewing the scene from different positions in space.

Disparity can be used to match corresponding points.

In order to use disparity to match images the extracted points
from each image should have the following properties (Férstner,

1982) :-

a)Distinctness - Points must be sufficiently distinct in order
to be extracted from both images. Suitably chosen interest

operators, edge detectors or pattern vectors based on a priori
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knowledge of the scenes to be measured can be used to extract

distinct points in each image.

b)Seldomness - The extracted points should be sufficiently rare
to reduce the dimension of the matching problem. If the
dimension of the problem is not reduced one would be left with

the extreme situation of matching every pixel between the

images.

c)Similarity - A measure of how closely two points resemble each
other needs to be easily established from the nature of the
pixel data in the area surrounding the points. This measure is
used to establish an initial probability for the two points

being in correspondence.

d) Consistency - A measure of how well a particular match
conforms to neighbouring matches is required to ensure
consistency between matching points in a neighbourhood. A
continuous space edge will transform into a continuous image
edge. The disparity between two images of the edge should
therefore vary continuously. A discontinuity in the disparities
between the images may arise at the image boundaries of objects
in the scene. The disparity of a point in an image will be
similar to the disparities of some points in its neighbourhood.
This property can be used to act as support to the likelihood
of any particular point in one image matching a point in the

other image in a corresponding neighbourhood.

In order to illustrate how disparity can be used to match
points in two images a method is briefly outlined for the point
marked x, in the depiction of two windows of extracted points in
figure 6.3.1.1. The size of the window chosen will depend on a
priori knowledge of the images by visual inspection and should
be greater than the maximum disparity between the two images for
any particular pair of matching points. In a truly automated
system the whole image could be used. The circle in the right
image marks pixel coordinates of point x, in the left image. One
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can assume that both images:are at the‘same resolution and are
at approximately the same scale. The lines in the right window
depict all possible disparities between the left and right image
for point x,. A list of all possible disparities for point x, is
made. The x and y component of each disparity is labelled and
stored. Added to the list of potential disparities must be a
label indicating that no match is possible. This item is
necessary for the situation where for a particular point in the
left image no corresponding point was extracted in the right
image. Each disparity in the list represents the amount by which
the pixel position of an extracted point in the left image has
to be shifted to correspond with a potential matching point in

the right image.

An initial probability representing the likelihood of a match
is assigned to each item in the list of diéparities, including
an initial probability for the no match item. The probability is
based on some measure of similarity between the two potential

matching points.

X

8
X 4 X g X

X 7
X,

X 4
X * 6
3 X5 X 10 X 10

LEFT IMAGE RIGHT IMAGE

Figure 6.3.1.1. Extracted interest points in left and right
images. Possible matching disparities for point x, in left
image shown in the right image.

After initial probabilities are assigned to the potential
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disparities of point x, , they are iteratively updated by using
the consistency criteria mentioned above. The  probability
attached to a particular disparity 1is increased if the
neighbouring points to x, ,e.g. Xs,Xs have a similar disparity in
their disparity lists. The probabilities are iteratively updated
and a matching point confirmed when a probability in the list
exceeds a preselected probability threshold. The flow of the
method is briefly depicted in figure 6.3.1. ‘

In order to derive the formulae for the iterative procedure the
general situation is considered where the left image is referred
to as image 1 and the right image as image 2. For each point
(x;,y:) in image 1 construct a set of labels I; of all possible
disparities to points in image 2 within a preselected disparity
range. The disparity range is determined by a priori inspection
of the images. Research into a possible method to generally
computerize this decision needs to be undertaken. The disparity
range must be sufficiently large to include the true matching
point in the disparity list, but need not include all points in
the image. The latter situation would lead to an excessive amount
of computation being necessary. Each label in 1L; is a vector
1;5=(14,1,) such that 1x;=x-x%' and ly;;=y;-y;' and (x',y;') is a
point in image 2. 1lx;; and ly;; are integers in the range [-r,r]
, where r is the preselected disparity range. The element in L;
representing no possible match is indicated by 1, .

In order to determine initial probabilities to assign to each
disparity in the disparity list associated with a point a measure
of similarity is invoked. For each point (x;,y;) in image 1 ,
referred to as a node a;, and for each disparity;;1 in the
disparity list of a; select a small window ( typically 5x5 )
around (x;,y;) in image 1 and; (x#lx ,y;#ly ) in image 2.
Calculate s;(l;;) which is a measure of similarity as follows:-

d d

_ B / / 2
Si(lij)_mEd &Ed(f(xi+m,yg+n) g(xj+m,y3+n)) (6.3.1.1)

where d is equal to 2 for a window size of 5X5. £ and g are the
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grey-scale values of the pixels at the indicated pixel
coordinates in image 1 and 2 respectively. The formula shows that
the measure of similarity chosen is the difference in the grey-
scale values for a window surrounding a particular point. The
smaller this value the greater the similarity between the two
windows. Hence the probability of matching is a function of the

reciprocal of s;(1ljy).

For each label 1,; a matching probability is determined
p; (1;5) such that

?pi(lﬁ) +1/=1 (6.3.1.2)

The summation is over the disparities in the list associated with
a;. Initial estimates of these probabilities are determined by

evaluating weights as follows:-

1
w.(l1l..)= , 1.0 = 17
5 (155) Trovs, (1)) i3 7 4y (6.3.1.3)

where ¢ 1is a positive constant with a value representing the
weighting given to the similarity measure si(lﬁ) in the initial
probability estimate. c¢ is heuristically chosen according to the
range of .numerical wvalues associated with s;(1l;;) (typically
c=10) . '

An initial estimate for the probability of no match represented
by 1,° is not determined in this way as there is no way of

estimating it from the pixel data.

The initial value for the probability that point i has no

matching disparity between the two images is chosen as

p(1])=1-max(w, (1)) (6.3.1.4)

1 i i ij

This is justifiable as the maximum value of w;(lij) occurs when
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s;(1;5) is a minimum as is most likely to occur at a matching

point. Hence p:i’(1;") => 0 as w; (1) => 1

The initial probability that point i has disparity 1;; is then

given as
pl(l) =p (1 1) *(1-pJ(1])) , 1,#17
w, (1) (6.3.1.5)
p,(Ll;;11) = —————Il——
2W; (1)

where (1 - p;,°(1;")) is the estimate of the probability that point
i has a disparity label at all. p(l;;]i) is the probability of
the disparity being 1l;; for a given point i. The summation index
k is over all the disparity labels in the set I, excluding 1," as

p(l;;]i) assumes that a matchable disparity exists.

The initial probabilities derived will satisfy equation
(6.3.1.2) as

Ew (1) *(1 = p(1}))
% p, (1) =2 +pl(1}) =1
jpl 17 Zwl(llj) pl( .1)
J

After having set up the initial probabilities for all the
disparity labels attached to all the points in image 1, the
probabilities are iteratively updated by using the consistency

property mentioned above. The procedure is described as follows:-

Let 1;, be a disparity label from node;a near node a with
disparity label 1;, in image 1. Consistency reguires that the
disparities of neighbouring points in an image should be very
close. Hence

11,,-1,,1<8 (6.3.1.6)

where © is an appropriate threshold and is usually chosen as 1
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or 2 pixels but is dependent on the size of the neighbourhood

chosen.

A node a; is considered near a; if in image 1 the condition

max (|x,~x.|, |y,-y;]) <R (6.3.1.7)

is satisfied. R is typically chosen as 20 but depends on a priori
information provided by viewing the images and estimating a
suitable value for R. If neighbouring points are scarce in the
vicinity of node a; R should be increased. On the other hand R
may not be so large that points from regions with obviously
- different disparities are included violating the continuity
condition required for neighbourhood support. For an automated
system the interest operator chosen should select sufficient

points to enable a reasonably small value of R to be used.

At the kth iteration determine intermediate parameter values
q:*(1;,), for all 1;, in the disparity label set L; associated with
node a;. These values represent the degree of consistency for é
particular disparity 1l;, at node a with its neighbouring nodes

gX(1.) =§ [2pf(1.)1 , 1, %17 (6.3.1.8)

where the summation index j is over -all the disparity labels
associated with node a; which satisfy condition (6.3.1.6). The
outer summation is over all the nodes a; satisfying (6.3.1.7) in
the neighbourhood of a; , but not including a;.

The g, are used to update the probabilities for the next
iteration k+1 by determining an intermediate unormalized value

as follows:-

X (1) =pf(1,) * (A+Bxq [ (1,)) , 1, #1]

i in i 1 in
(6.3.1.9)
(1) =pX(1")

i i i i
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Typically A=0.3 and B=3. B determines the rate of convergence.
A ensures that the new probability is never zero. A and B are

known as damping and gain factors.

Pl = ———— (6.3.1.10)

Normalization of the intermediate updated probability estimates
in order to satisfy equation (6.3.1.2) gives the new

probabilities associated with each disparity label for node a; as

the index r is over the set L; of disparity labels associated
with a;. The normalization procedure given by equation (6.3.1.10)
will determine the next value of p;“'(1,"). '

A potential match is deleted from a disparity label set L; if

its probability falls below a predetermined value , usually 0.01.

If a match exists the probability associated with the matching
label will be much greater than that of the remaining labels in
the label set. If there are two or more labels which persistently
retain probabilities of similar wvalue , then the point is

regarded as ambiguous and a match is not determined.

Figure 6.3.1.2. shows a flow diagram of the relaxation matching
procedure. As indicated the method is iterated a preselected
number of times. Matching points are then extracted from the
lists as those with probabilities greater than a suitable
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Extract Points
with Interest
Operator

Set up Network of Nodes
with possible Matches

Assign Initial
Probabilities to each
Match at each Node
using equations
6.3.1.1 to 6.3.1.5

Use Neighbour Support
to Update Probabilities

using equations

6.3.1.8 to 6.3.1.10

Iterate
n times

Discard potential Matches —
when p(1)<0.01

Accept Matches if p>0.5

Figure 6.3.1.2. Structure of the Disparity Matching
Algorithm.
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threshold (say 0.5).
Once a set of matching points has been obtained by application
of the relaxation algorithm, it will then be possible to perform
a standard relative orientation using the coplanarity condition.

This would be true under the assumption that the matches were all

correct.
6.4.STANDARD RELATIVE ORIENTATION ALGORITHM

One of the standard relative orientation algorithms [Haralick and
Shapiro, 1993] , given two images with matching points and with

the camera base length known, is briefly outlined as follows :-

The coplanarity condition of equation (6.2.1) is reexpressed as:-

f(ﬁlmlq)lK)zﬁ' [RIE;XEJJ_] =0 (6.4.1)

where

X_ 1s the position vector of the perspective centre of

the right camera. The perspective centre of the left

camera is taken as the origin.

R, is the transpose of the rotation matrix given above

with relative orientation angles , ¢,x to the left

image.

U, are the image point coordinates in the right image.

U, are the corresponding point image coordinates in the

left image.

If there are N (> 5) matching points equation (6.2.1) leads to
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a set of overdetermined non-linear equations in terms of the

unknown relative orientation parameters o,¢,x,Y ,Z2 defined in
. r r

section 6.2. X, is taken as equal to the camera base length. By
linearizing the non-linear equations using a first order Taylor
series expansion a least squares method can be used to solve for

the unknown parameters.

Linearizing (6.4.1) gives N equations

f (X, 0,0,K) +VL . da=0+v, (6.4.2)
where
d d d d 0
V= = = = =
(a@ dp  dx  dY_ azr)
and

da = (dw,d, dK, 6le 6Zr)

The least-squares method is used to minimize the sum of the

N ;
residuals squared gyy? and iteratively solve for the unknown
1
1

relative orientation parameters.

Once the relative orientation parameters are found the epipolar
lines in each image can be determined. If correspondence is
correct matching points will lie on their respective epipolar

lines.

6.5.RELATIVE ORIENTATION ALGORITHM INCORPORATING THE EPIPOLAR
LINE CONSTRAINT

With most real data there will be a number of mismatches. To try
and eliminate more mismatches the epipolar line constraint can
be incorporated into the least squares solution for the relative
orientation parameters.
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For a given point in the left image (x,,y,) the corresponding

point in the right image (x_,y, ) can be determined using the

i i

coplanarity condition given by equation (6.2.1). The x,  value

i

obtained from the disparity matching is taken as a known value
, although it 1is not necessarily correct. The main assumption
made is that the majority of points matched by means of the
relaxation method are correctly matched. If a point is
incorrectly matched then this will show up as a predicted y. that
is far from the y, value in the observed data set. A multiple
regression model can then be set up on the basis that the sum of

the squares of the residuals v, =y, (observed) - y, (predicted)
i i

are minimized.

Assume
y, (observed) + v, = y(w,9,x,Y,Z ) =y_ (predicted) (6.5.1)
i

i

Linearizing by means of a first order Taylor series expansion

leads to

ya(observed)ﬂ-vi= yi +Vy? . da (6.5.2)

i

v and da are the same as before. yf is the provisional value of

1

Yy, (predicted)
1

A least-squares method can be used to solve this overdetermined
system of N equations for the five relative orientation

parameters that are unknown.

Details of the formulae required are given below using notation
adopted from Wong, 1986. All image coordinates are taken as

relative to the coordinates of the perspective centre in the
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image which acts as the origin”of thevimage coordinate system.
Assuming that the x coordinate of a matching image point is
correct in the right image , the predicted value of the vy

coordinate in the image will be given by

Sg, + In; + 0,
Y, =

; + +
i 5Sm,, Tm,, + Om,,

5 (6.5.3)

where

0
|
>
.
<
|
<
e

)
1
}.<
N
Nl
|
N
<

and
& 7 Ty X T my, £,
Ny = =M%, my, £,
C; = mygX, - my,f)

f. is the principal distance of the right camera.

The m;; are the matrix elements of the rotation matrix , based on

the relative orientation angles , given by equation (6.2.2).

In order to evaluate Vy_  the first derivatives of y. are given as

follows :-
dg . dan. al. 8m21 amzz 8m23
S— T—2 YD - N(S T
ay}i _ ( dw * dw - dw ) ( Jw * ow - dw

Jw D2




dE . 0 al. om om om
ay (Sail+Tar;>+Qai>l)D_N(SaZI+Taq2>2+Qaq2>3)
ol D?
df . on al. om om om
dy (Sail+TaK+QaKl)D_N(S < T 9
oK D?
ayr. (£,6€, - %, ¢,)D - N(mZIfl - mzaxli)
oY, - D2
ayrl (v, &; xlini)D - N(-m, y, + mzlei)
0z D2 '
where
EIS
1 = O
dw
on. .
8@1 = - (coswsingpcosk - sinwsink) xri + COSWCOSP fr
dl. ,
3 > = - (sinwsingcosk + coswsink) > S sinwcosd)fr
® i .
dt e .
EPS = S1nPCcosSK xri coso r
an, ,
aq; = - (sinwcos¢cosk ) x_ - sinwsin¢ f,
d¢

1

(coswcos¢pcosk ) X
1

+ coswsinogf,
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9t , |
= Ccos¢psink X
oK Ly
on; L
= (sinwsin¢gsink - COSWCOSK) X
oK Ly
ag,; , _ ,
= - (coswsindsink + SiNWCOSK) X
oK i
om om om
. . 2
2 =0 2l - sin¢sink L = —cos¢cos
dw do OK
8H52 _ ' .
= -COSwS1n®Psink - S1NwWCOSK
dw
om,, _ _
= -8S1nwcos¢$sink
do
an52 _ _ ,
= -sinwsin$cosK - COSwWSinK
oK
om,, . ' _
= -slnwsindsink + COSWCOSK
da
om,, .
= coswcospsink
o
om,, . _ _
3 = COSWS1INPCOSK - S1lnwsSlnk
K

After the relative orientation parameters are found when the
above procedure converges the matching points with large
residuals can be excluded from the data based on one of the
standard outlier elimination methods. The relative orientation
parameters can then be reevaluated with the reduced data set.
This procedure can be repeated until there are no "matching
points" with large residuals , implying that all retained matches
will 1lie on the epipolar lines determined by the relative
orientation parameters found. The procedure is self consistent
in the sense that it will converge to relative orientation
parameters that will ensure that all the retained matching points

lie on the epipolar lines.
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The relaxation matching procedure described above is best
performed to pixel accuracy. As will be illustrated in an
application in chapter 7 this was found to be adequate to obtain
approximate relative orientation parameters. Sub-pixel accuracy
can be achieved by using the pixel points in the right image as
starting points for a least-squared grey-scale
correlation matching procedure. This technique is explained in
chapter 5. Relative orientation parameters can then be

recalculated with these more accurately determined points.
6.6 .EXTRACTING 3-DIMENSIONAL INFORMATION

Once corresponding points and relative oriehtation parameters
are determined a rough digital terrain model can be obtained. The
object surface coordinates can be determined using a method
described by Haralick and Shapiro, 1993, based on the

collinearity equations.

The collinearity equation for the left image relate the image
coordinates to the object coordinates.

g_(=_)&+)\.LRL_L1L (6.6.1)

where X = (x,y,2z) are the coordinates of the object point in a
cartesian coordinate system with the perspective centre of the
left camera X; = (0,0,0) at the origin. R, is the rotation matrix
of the left image which in this case is set equal to the identity
matrix. u = (u, , v , £.) are the coordinates of the image point

in the left image. N, is an unknown scale factor. Similarly the

collinearity equation for the right image is given as

)_{z)_{E+)\.RRP£B (6.6.2)

where the subscript R indicates the right image.
Xe = (% , ¥ , s ) are the coordinates of the perspective
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centre of the right camera with X, the origin. Ry is the rotation
matrix of the right image with the rotation matrix elements

defined in terms of the relative orientation angles , 4,5 as

defined in a previous section. AR'is an unknown scale factor
associated with the right image.
Ideally the right hand sides of equations (6.6.1) and (6.6.2)

. should be equal ,but due to measurement noise this is never the
case. One can determine the optimum values of " and AL that will

minimize the squared residual between the right hand sides of

equation (6.6.1) and (6.6.2). The squared residual is given by

e® = |X, + MR U - X - AR’ (6.6.3)
By differentiating equation (6.6.3) with respect to A, and XA,
and equating to zero one obtains two equations in A, and X,

enabling a solution to these unknowns for each pair of
corresponding points. Letting pr = Ru and p = RN then the
solution for A becomes '

_ (X3-pPy) (Pg-Pg)
A= | (6.6.4)

Substituting this value into equation (6.6.1) gives the object
coordinates X . The object coordinates for each object point
cofresponding to each pair of matching image points can therefore
be determined. A rough digital terréin model is consequently
obtained. Various forms of interpolation techniques can be
applied to obtain a denser digital terrain model. Interpolation
can also be performed on the disparity map prior to the object

point determination.



6.7. CONCLUSION

A combination of the
methods outlined 1in this
chapter can be used as part of
a fully automated system for

three dimensional surface’

reconstruction. The main steps
are éhown in figure 6.7.1.
After the points are matched
to subpixel accuracy the
relative orientation algorithm
‘which incorporates the
epipolar line constraint can
be applied iteratively to
eliminate = outliers in the
data.

As the above methods require
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POINT EXTRACTION USING
INTEREST OPERATOR

RELAXATION MATCHING

L SUBPIXEL MATCHING

|
RELATIVE ORIENTATION

l
3-D RECONSTRUCTION

Figure 135 Figure 6.7.1. Main
steps in an automated surface
reconstruction system.

considerable computational power,

they are not suitable for practical PC computer applications.

Although with the advent of faster computer hardware this may

soon change.
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5854 points in this particular example. A disparity range of 30
was used to set up the initial labels. This resulted in up to 200
possible disparity labels per initial image point, only the
possible disparity labels with high initial probability were
retained. Five iterations were carried out, with 2=1.0 and B=10.0
in equation (6.3.1.9) to accelerate convergence. Labels with
probabilities below 0.01 are discarded. For each point the label
with the maximum probability was selected as the disparity
between the corresponding points in each image. The image
disparities for each point are shown in figure 7.1.5(a). Points
were selected with probabilities above 0.5 and these are shown
in figure 7.1.5(b). The disparities are fairly similar over the
whole image as would be expected from a relatively distant view.

Figure 7.1.5(a) clearly includes a few mismatches.

(a) (b)
Figure 7.1.3. Images after Sobel edge detection.
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7.1.10.APPLICATION OF INTEREST OPERATOR TO WINDOWS

As with step 7.1.3 an angle-based interest operator is used

to extract matchable points.
7.1.11.RELAXATION MATCHING OF WINDOWS

The same technique applied in step 7.1.4 is wused. The
relaxation matching procedure is performed between these two
- windows using the points selected by the angle interest operator.
Of the 917 points selected by the interest operator 143 were
matched using relaxation disparity matching.

7.1.12.COMPUTER-ASSISTEDvMANUAL EDITING OF PIXEL MATCHED POINTS

To eliminate badly matched points the same method as that used
in step 7.1.5 is used. If the remaining points are insufficient
or badly distributed return to step 7.1.10 and change the angle
threshold in equation (4.5.2) as required.

114 of the 143 points found in 7.1.11 were good matches.
7.1.13.WEIGHTED LEAST-SQUARES MATCHING

In order to obtain sub-pixel locations of the matching points
a weighted least squares method is used with the pixel match
point position as an initial approximation. The weights used
approximate the behaviour of the Ll-norm as described in chapter
5. .

7.1.14.AFFINE TRANSFORMATION PARAMETERS

The 6 calibration points in the image subsections are used to
determine affine transformation parameters between the images and
the photograph coordinates using least-squares estimation. This
can be calculated at any time after step 7.1.2. These points are

found interactively.
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The affine transformation is wused to convert the pixel
coordinates to photograph coordinates. The affine transformation
parameters are obtained by using a least squares estimation
procedure based on the coordinates of six calibration'points in
the images depicted in figure 7.1.1(a) and (b). Two different
affine transformations parameter sets are determined
corresponding to each image of the stereopair. The affine

transformation parameters are shown in table 7.1.4.

LEFT IMAGE RIGHT IMAGE
Forward Backward Forward Backward
a0 19.2003 | -217.2845 -56.5643 656.2266
al 0.0867 11.5257 . 0.0870 11.4949
a2 -0.0010 0.1422 -0.0016 0.2132
b0 27.9095 326.0990 -28.1886 329.2244
bl -0.0007 |  0.0946 0.0002 -0.0194
b2 0.0851 11.7498 0.0853 11.7187

Table 7.1.4. Affine transformation parameters. Forward is from
pixel to photograph and backward the reverse.

The forward affine transformation converts the point positions
from the pixel coordinates in the images of figure 7.1.1 to the
corresponding photographic coordinates in millimetres. The
backward transformation performs the inverse process.

7.1.15.COORDINATE TRANSFORMATION

The matched points are transformed to their corresponding
photograph coordinates using the parameters determined in 7.1.14.

7.1.16.RELATIVE ORIENTATION PARAMETERS

In order to obtain the three dimensional structure of the scene
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in figure 7.1.8 the relative orientation of the cameras has to
be known. The photographic coordinates of identifiable
calibration points in the photographs were determined using a
stereoplotter. Using these coordinates and knowing the airbase
of the stereopair RELAT and RELEPI can be used to obtain the
relative orientation parameters of the original cameras. Using
an airbase of 667 metres and 8 well distributed calibration
points the results of the relative orientation are as shown in
table 7.1.3.

STANDARD ALGORITHM EPIPOLAR CONSTRAINED
ALGORITHM

Ax=667 Ax=667

W 0.009688 +/- 0.000008 0.009688 +/- 0.000008

¢ -0.005578 +/- 0.000013 -0.005578 +/- 0.000013

K -0.023872 +/- 0.000005 -0.023872 +/- 0.000005

Ay -3.648951 +/- 0.013417 -3.648885 +/- 0.013401

Az -5.148068 +/- 0.006529 -5.148107 +/- 0.006540

Table 7.1.3. Relative orientation parameters of the cameras.

7.1.17. DETERMINATION OF 3-D COORDINATES

Having obtained the photographic coordinates of the matching
points and using the relative orientation parameters given in
table 7.1.3 the three dimensional coordinates in the object space
of the matching points are calculated using the method described
in chapter 6. The perspective centre of the left camera is taken
as the'origin of the three dimensional coordinate system.

7.1.18.DIGITAL ELEVATION MODEL
With the three-dimensional points as data an existing

contouring package was used to interpolate points, plot contours
and give a perspective view of the digital terrain model. In this
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application the SACLANT GRAPHICS PACKAGE operating on a VAX

computer was used. These plots are shown in figure 7.1.9.

The building is +/- 12 metres above local ground level. Ground
level 1is at +/- 1322 metres below the left camera. ( The
perspective centre of the left camera is taken as the origin of
the object space coordinate system.) The flying height of the
aeroplane is about 1340 metres above sea level. The values
obtained compared favourably with those produced by a
stereoplotter. The digital elevation model clearly shows the
building rising from the ground’level and also the presence of
a tall tree at the south-west corner.

To improve precision modelling of the camera aberrations and
the distortions introduced by the digital scanner in the relative
orientation algorithms and the affine transformation parameter
estimation algorithms is necessary. Matching precision is limited
by the noise content of the images and a perfect reconstruction

of the scene is not possible.

131000

Figure 7.1.9.(a) Contour plot of the window shown in figure
7.1.8.
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Figure 7.1.9.(b) Digital elevation model of the window shown in
figure 7.1.8.

Figure 7.1.10 shows the flow diagram of the method used for the
example described in this chapter. The digital elevation model
of figure 7.1.9 is the result given by the final step 18.

Figure 7.1.10. General flow diagram of the steps described in the
text. Feedback loops are indicated.
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7.1.19 EXTENSIONS TO STRATEGY

The above example illustrates the use of the methods in chapter
6 combined with the pattern recognition localization method and
the angle-based interest operator techniques in chapter 4. The
iteratively reweighted least squares method described in chapter
5 is used to obtain subpixel accuracy. With sufficiently powerful
computers the strategy adopted can be fully automated if combined
with an image pyramid approach so that the complete digitized
photographs can be used as opposed to interactively selected
sections. Other methods discussed in this thesis could be
included as additional steps in the strategy shown in figure
7.2.1. The 1image segmentation technique based on fractal
dimension mentioned in chapter 4 could be used to reduce the
search space further. The distance transform technique of image
segmentation outlined in chapter 5 could also be wused to
dramatically decrease the search space;'Both techniques would
require powerful computers for a practical system. The LAD
methods for subpixel localization described in chapter 5 could
be used in place of the iteratively reweighted least squares
method. The pattern recognition based subpixel localization
method described in chapter 5 could be used to eliminate obvious
mismatches. More research needs to be conducted to establish the
range of applicability of the pattern recognition subpixel
localization method. The area-based L-norm methods can then be
used to establish subpixel matching accuracy. The L-norm
techniques proposed in chapter 5 can be used in place of the
least squares techniques wherever the latter is applied. An
example would be in the relative orientation algorithm. The
robustness of the Ll-norm methods towards outliers in the data
can result in more precise results. Further research needs to be

conducted in this respect.

The various combinations of techniques discussed in this
thesis that can be used to solve a particular photogrammetric
problem, would be dependent on the heuristics of the particular
problem, and the computational tools and imaging technology
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7.3. CONCLUSION

The examples in this chapter_ihdicate the manner in which the
various techniques described in the thesis can be combined to
extract three dimensional information from stereo images. With

sufficiently powerful computers the strategies adopted could be
fully automated.
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8. .CONCLUSIONS AND RECOMMENDATIONS

The main objective of this thesis was to investigate the
application of some image processing, pattern recognition and
computer vision techniques towards the development of an
~automated photogrammetric system. The system that is ultimately
envisaged is an "intelligent measurement robot" that has

measurement and image understanding abilities.
8.1 CONCLUSIONS

1. The ill-posed nature of the general inverse problem of object
reconstruction from images requires that problem constraints need
to be introduced to obtain a solution. For the foreseeable future
this places 1limits on the range of applicability of any

particular automated system.

2. Excepting in well prepared environments, digital image
matching is not completely automated. By wusing pattern
“recognition techniques, supervised and unsupervised learning can
be introduced into a photogrammetric system eﬁhancing its
interpretive abilities. Matching objects can then be located and
classified in images of the same scene. When used in conjunction
with other matching techniques and with a knowledge base an
automated system for object identification and measurement 1is

possible.

3. Two automated industrial quality control applications
illustrated the operation of simple image understanding systems.
Image processing techniques were used to extract features from
the images.

In the one application a knowledge base in the form of a
specific barcode string convention enabled the extracted strings
to be decoded. In the other application a knowledge base of
various features extracted from label view classes was used to

enable the machine identification of any particular label.
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4. Moment invariants were discussed as feature vector components
when using a statistiéal pattern recognition approach for object
classification and localization. Geometric, Zernike and Pseudo-
Zernike moments were found to be effective descriptors of objects

in an image.

5. Provided the images being matched are at approximately the
same scale and radiometrically similar, feature vectors with
moment -invariant components can be used to locate matching
objects between images. They can also be used to locate specific
patterns such as corners and therefore act as interest operators.
Image processing techniques are invoked to preprocess the images

prior to matching.

6. An interest operator based on the angles between neighbouring
edge pixels was developed and found to provide evenly distributed
points when applied to aerial scenes of suburban areas.

7. A descriptor based on the two-dimensional Fourier transform
was found to be very sensitive to image noise and not effective
as a general pattern descriptor. The two-dimensional Fourier
transform can however be used effectively for determining image
texture based on fractal dimension and used for image
segmentation. With predetermined parameters in a knowledge base
this method of image segmentation can be incorporated into a
system for identifying regions in images, such as urban areas or

forests.

8. An automated measurement system requires accurate point
matching between images. Various methods of obtaining accurate
point matching were investigated and compared. The Ll-norm method
exhibits greater robustness to outlier points and can improve the

accuracy of subpixel area-based point matching.

9. A method for subpixel feature extraction using a pattern
recognition approach was investigated and shown to be effective
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in extracting simple patterns such as those used on targeted
objects.

The idea of a feature space distance transform emerged from
this investigation. The transform can be used for obtaining the
possible locations of particular objects in an image, and
therefore as a means of segmenting the image.

10. A technique for matching feature points extracted to subpixel
accuracy between images based on dynamic programming -was
investigated. As matching is a constrained optimization problem
application of optimization techniques is appropriate. The
function to be optimized is found to be problem specific.

11. A non-contact measurement system without a-priori information
about the objects to be measured, requires a robust means of
determining the relative orientation between the imaging devices
used to capture the images. A relative orientation algorithm
incorporating the epipolar line constraint was discussed, and can
be used for obtaining relative orientation parameters from points

matched to subpixel accuracy.

12. A basic system was designed that could be automated for
generating digital elevation models from aerial scenes. The
system was illustrated by determining the digital elevation model
of a building from an aerial scene. Such a system would require
faster computer hardware than is currently available on a PC to

be practical in a production environment.

13. The continuous relaxation matching technique can be invoked
in an automated system as no a priori information about a scene
is required to apply this method. This method requires a suitable
means of extracting points to subpixel accuracy, such as the
pattern. recognition techniques described in this thesis, to

generate lists of points to be matched between images.

14. The pattern recognition and matching techniques described in

this thesis can be integrated into an image understanding system
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that has both measuring and interpretation abilities. Currently
the main constraint to the development of such a system is the
considerable computational power required. Once low cost gigaflop
computers are available such a system can be used in a near-real-

time production environment.
8.2 RECOMMENDATIONS

A large amount of research and development is being undertaken
at present in knowledge-based computer vision systems. Some of
the developed systems have a very limited domain of application.
ACRONYM (Brooks,1983), MOSAIC ( Herman and Kanade, 1986) and SPAM
(McKeown, Wilson and McDermott, 1985) are among the currently
developed systems. ( Details of these references can be found in
Haralick and Shapiro, 1993.)

The methods discussed in this thesis could be combined into a
similar system with a more general domain of application. The
statistical pattern recognition approach is suitable for building
up a knowledge-base by supervised 1learning. Descriptors of
various objects in an image can be built up from training samples
of images of the object. These descriptors are then used to
locate an object in different images of the same scene. Points
are then extracted with interest operators and matched using a
combination of relaxation and area-based techniques. A surface
reconstruction is then performed and compared with specific known
dimensional data of the object in the knowledge-base. By
iteratively refining this procedure, and depending on the amount
of detailed information in the knowledge-base, a detailed three

dimensional description of a scene can be built up.

Further investigations are required concerning the detailed
operation of the methods described in this thesis. As the surface
reconstruction problem is essentially an optimization problem,
more research should be undertaken in applying established and
newly developed‘optimization techniques in this area.
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APPENDIX A

C PROGRAMS FOR THE L1-NORM ALGORITHMS

A.l. BARRODALE-ROBERTS ALGORITHM FOR L1 NORM
Variables and data

**3 is a double pointer variable to a two dimensional array
a[m2] [n2]

where

m2 m+2 and m is the number of equations.

n2 n+2 and n is the number of unknowns.

I

n=6 when the algorithm is used to determine the affine parameters
in the matching method described in section 5.1.3.

The matrix of the coefficients of the equations are stored in
a[i] []] :

where
ie [1,m] and j e [1,n]

The column vector representing the right hand side of the
equations is stored in b[i]

where

i e [1,m]

x[j] where j € [1,n] contains the Ll-norm solution on exiting the
routine.

e{i] where i e [1,m] contains the residuals on exiting the
routine.

a[m+1] [n+1] contains the minimum sum of the absolute value of the
residuals.

a[m+1] [n+2] contains the rank of the matrix.

a[m+2] [n+1] contains an exit code of 1 for successful completion
or 2 for premature completion.

a[m+2] [n+2] contains the number of iterations required.

TOLER should be set to 107°¥? where d represents the number of
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decimal digits of accuracy required.

The Barrodale-Roberts Simplex Subroutine.

int L1BR(int m,int n,int m2,int n2,double
b[300],double toler,double x[9],double e[300])
{double sum,min,max,d,pivot;
int out, stage, test,s[300];
int ml,nl1,i,j,in,k,1;
int kount,kr,kl;
double big=1.0e+75;
/* INITIALIZATION * /
ml=m+1;
nl=n+1;
for(j=1;j<=n;j++)
{a[m2] [j]=7;
x[7]1=0;

for(i=1;i<=m;i++)
{ali] [n2]=n+1i;

ali] [m1]=b[i];
if(b[i]>=0)goto labli;
for(j=1;j<=n2;j++)
ali] [j1=-ali][F];
labl: e[i]=0;

/*COMPUTE THE MARGINAL COSTS */

for(j=0;j<=nl1;j++)

{ sum=0;
for(i=1;i<=m;i++)sum=sum+a[i] [j];
almi] [j]=sum;

/* STAGE I */

/* DETERMINE THE VECTOR TO ENTER THE BASIS *x/
stage=1;

kount=0;

kr=1;

kl1=1;

lab2: max=-1.0;
for(j=kr;j<=n;j++)

{if (fabs (a[m2] [j]>n))goto lab3;
d=fabs(almil] [F]);

if (d<=max)goto lab3;

max=d;

in=j;

lab3:

if(a[ml] [in]>=0)goto lab4;
for(i=1l;i<=m2;i++)a[i] [in]=-a[i] [in];
/*DETERMINE THE VECTOR TO LEAVE THE BASIS * /
lab4: k=0;

for(i=kl;i<=m;i++)

{ d=a[i] [in];

if (d<=toler)goto labs;

**3, double



k=k+1;
blk]l=al[i] [n1]/d;
s[k]=1;
test=1;
lab5s:

lab6:1if (k>0)goto lab7;
test=0;

goto lab9;

lab7:min=big;
for(i=1;i<=k;i++)

{if (b[i]>=min)goto lab8;
J=1;

min=b[i];

out=s[i];

lab8:

b[jl=bl[k];

s[jl=s[k];

k=k-1;

/*CHECK FOR LINEAR DEPENDENCE IN STAGE I */
lab9:if (test || !stage)goto labl0;
for(i=1;i<=m2;i++)

{d=a[i][kr];

ali] [kr]=al[i] [in];

afli] [in]=d;

kr=kr+1;

goto labl7;

labl0:if (test)goto labll;
a[m2] [n1]=2; ,
goto lab23;
labll:pivot=a [out] [in];
if((a[ml] [in]-2.0*pivot)<=toler)goto labl2;
for(j=kr;j<=nl;j++)
{d=a[out] [j];

a[mi] [j]l=a[ml] [j]-2.0%d;
alout] [j]=-d;

aflout] [n2]=-a[out] [n2] ;
goto labé6;

/*PIVOT ON alout] [(in] */
labl2:for (j=kr;j<=nl;j++)
{if (j==in)goto labl3;
afout] [j]=al[out] [j]/pivot;
labl3:

}
for(i=1;i<=ml;i++)

{if (i==o0out)goto labls;
d=al[i] [in];
for (j=kr;j<=nl;j++)

{if (j==in)goto labl4;
afi] [jl=ali] [j]-d*a[out] [j];
labl4:

labls:



}

for(i=1;i<=ml;i++)

{if (i==out)goto lablé;
ali] [in]=-a[i] [in] /pivot;
lablé:

alout] [in]=1.0/pivot;
d=a[out] [n2] ;

afout] [n2]=a[m2] [in];
afm2] [in]=d;
kount=kount+1;

if (!stage)goto labl§;
/*INTERCHANGE ROWS IN STAGE I */
kl=kl+1;

for (j=kr;j<=n2;j++)
{d=a [out] [];

alout] [j]l=a[kount] [F];
alkount] [j]=d;

labl7:1if ( (kount+kr) !=nl)goto lab2;
/* STAGE II */
stage=0; '
/*DETERMINE THE VECTOR TO ENTER THE BASI * /
labl18: max=-big;

for (j=kr;j<=n;j++)

{d=a[ml1] [j];

if (d>=0)goto labl9;

if(d>-2.0)goto lab20;

d=-d-2;

labl9:1if (d<=max)goto lab20;

max=d;

in=j;

lab20:

"1f (max<=toler)goto lab2l;

if(a[ml] [in]>0)goto lab4;
for(i=1l;i<=m2;i++)afi] [in]=-a[i] [in];
afmi] [in]=a[ml] [in]-2;

goto lab4;

/*PREPARE OUTPUT*/
lab21:1=k1-1;
for(i=1;i<=1;i++)

{if(a[i] [n1]>=0)goto lab22;
for(j=kr;j<=n2;j++)ali] [jl=-ali]l [j];
lab22:

alm2] [n1]=0;

if (krl=1)goto lab23;

for(j=1;j<=n;j++)

{d=fabs (a[m1] [j]);

if ((d<=toler)|| ((2.0-d)<=toler))goto lab23;

almz2] [n1]=1;
lab23:for(i=1;i<=m;i++)
{(k=a[i] [n2];
d=af[i] [n1];



if (k>0)goto lab24;

k=-k;

d=-d;

lab24:if (i>=kl)goto lab25s;
x[k]=d;

goto lab2é6;

lab25:k=k-n;

elk]=d;

lab2é:

a[m2] [n2] =kount;

afml] [n2]=nl-kr;

sum=0;
for(i=kl;i<=m;i++)sum=sum+afi] [n1];
afmil] [nl]=sum;

return 0;

}



A.2. BARRODALE-YOUNG ALGORITHM FOR L1 NORM
Variables and data

**q 1s a double pointer variable to a two dimensional array
qIN2] [n3]

where

N2 N+2 and N is the number of equations.

n2 n+3 and n is the number of unknowns.

n=6 when the algorithm is used to determine the affine parameters
in the matching method described in section 5.1.3.

The matrix of the coefficients of the equations are stored in
qlil [j] |

where
ie [1,N] and j e [1,n]

The column vector representing the right hand side of the
equations is stored in g[i] [0] :

where

ie [1,N]

After convergence the solution vector 1[j] where j e [1,n] is
extracted from the matrix column g[j] [0] using the routine getl ()

given below.

gl[0] [0] contains the minimum sum of the absolute value of the
residuals. '

q[N+1] [n+2] contains an exit code of 1 for successful completion
or 2 for premature completion.

ql[0] [n+2] contains the number of iterations required.



The Barrodale-Young Simplex Subroutine.

int L1BY(double **qg,int n,int N)

{int i,7j,t,in,out,it;

double a,b,d,p, z;

int B;

B=0;

for (j=1;Fj<=(n+1) ;j++) {q[0] []1=0;
ql[(N+1)][F]=N+j;

qgl0] [0]=g[(N+1)] [0]=0;
for(i=1;i<=N;i++) {q[i] [n+2]=1;
a=0;
if (q[i] [0]<0)B=1;
for(j=0;F<=n;j++){
if(B==1)qgli] [F]=-q[i] [j];
a=a-q[i] [F];
3[0][j]=Q[0][j]+Q[i][j];

if(B==1)qg[i] [n+2]=-g[i] [n+2];
gli] [n+1]=a+q[i] [0];
ql0] [n+1]=q[0] [n+1]+qg[i] [n+1]; -
B=0;} .
it=-1;
stepl:
a=1.0e-8;t=0;it=1it+1;q[0] [n+2]=1it;
for(j=1;j<=(n+1) ;j++) {z=q[0] [F];
if(q[(N+1)] [j]>N)goto L1;
if((-z-2)>a) {in=73;

t=2;
a=-z-2;
goto L2;
Ll: if (z>a) {in=73;
t=1;
a=z;
}
L2: }
1f(t==0) {g[(N+1)] [n+2]=1;
goto OUT;
}

step2: b=1.0e+10;
for (i=1;1i<=N;i++) {d=qg[i] [in];
if (t==2)d=-d;
1f (d<1.0e-8)goto L3;
d=qg[i] [0]/d;
1f (d<b) {b=d;
out=1;
/

L3: }
if (b>=1.0e10) {g[(N+1)] [n+2]=2;



goto OUT;

}
if(t==2) {q[(N+1)] [in]=-q[(N+1)] [in];
gl0] [in]=-a;

step3: p=qglout] [in];
for(i=0;i<=N;i++) {if (i==out)goto X;
d=q[i] [in]/p;
for (j=0;j<=(n+1);j++)
if(j==in)qli] [j]=-d;
else
Q[i]}[j]=Q[i] [7]-d*g[out] [F];

p=fabs (p) ;
for(j=0;j<=(n+1) ;j++)if (j==in)qlout] [j]=1.0/p;

else :
glout] [j]=glout] [j]/p;

i=qglout] [n+2];

glout] [n+2]=q[(N+1)] [in];

gl (N+1)] [in]=1;

goto stepl;

ouT: return 0;

Subroutine to extract solution from matrix qllI].

int getl (double 1[],double **qg,int nn,int N)
{int i,7,0k,ex;
double compare;
for(i=(N+1) ;i<=(N+nn+1) ;i++)1[i- (N+nn+1)]=0;
for(i=(N+1) ;i<=(N+nn+1);i++)
{ok=0;
compare=1i;
for(j=1;j<=N;j++)
if (gl[j] [nn+2]==compare)
{1[1-(N+1)]=q[F][0];
ok=1;}
1f (ok==0)ex=1;

}

if (ex!=(N+nn+1))for (i=(N+1) ;i<=(N+nn) ;i++)1[i- (N+1)]=1[1- (N+1)
1-1[nn];
return 0;

}



APPENDIX B
HISTOGRAM EQUALIZATION

Histogram equalization can be used to compensate for
radiometric differences between images of the same scene. The.
resultant equalized images will have similar grey-scale

distributions.

Consider an N X M pixel image with 256 grey-scale values
ranging from 0 to.255. In order to obtain the equalized image the -

grey-scale values in the image are altered as follows:-

255 h{c,)
cy = ————2 (B.1)
h(255)
where
c
h(c) = ijg(c) is the cumulative grey-scale distribution function

0
c=0

of the original image.

g(c) is the number of pixels with grey-scale value ¢ in the

original image.

Co is the grey-scale value in the original image.

Ccy 1s the grey-scale value in the equalized image.



ORTHOGONAIL MOMENTS

C.1 ZERNIKE MOMENTS

The controling subroutines for capturing the pixel data from
the image, determining the Zernike moments and then recreating
the image are as follows:-

get patch(f,dim,xp,yp);
determine coeff(f,1,dim,num,x,y) ;
recreate patch(f,1,dim,num,x,y);

where
num is the highest order of Zernike moment that is to be used.

*f is a pointer to a one dimensional array containing the two
dimensional pixel data reading from left to right and top to
bottom over the image patch.

dim is the length of side of an image patch and should be an odd
number. '

*x and *y are pointers to one dimensional arrays containing the
respective x and y pixel coordinate of the pixels in the patch
in the same sequence as the data in *f.

xp and yp are the x,y coordinates of the patch selected in the
full image.

*] is a one dimensional complex array containing the calculated
Zernike moments.

The detailed subroutines plus supporting routines are given
below.

double atanc (double y,double x)
/* DETERMINES ARCTANGENT IN ALL FOUR QUADRANTS */
{double pi=3.14159;
double a,b,ret;
ret=0;
if(y>0) { if (x>0)ret=atan(y/x) ;
if (x<0)ret=pi+atan(y/x);
if (x==0)ret=pi/2.0;}
else
{ if (x>0)ret=2.0*pi+atan (y/x);
if (x<0)ret=pi+atan (y/x);
) if (x==0.0)ret=3.0*pi/2.0;

return rect;

}



complex Z(double n,double 1,double x,double y)
/*CALCULATES ZERNIKE POLYNOMIAL ORDER nl
V., EQUATION (4.4.2.2.3)*/
{double m, r,R;
double f,f1,f2,£3,f4, theta;
complex s;
int mm,1i,7j;
double 11,12,13,14,¢t;
r=sqrt (x*x+y*y);
theta=atanc (y,x) ;

m=(n-fabs(1))/2.0;
mm=m+0.01;
s=complex(1.0,0.0);
if (n==0)goto end;
s=complex(0,0);
for(i=0;i<=mm;i++) {
f=1;f1=1;f2=1;f3=1;f4=1;11=1;12=1;13=1;
for(j=1;j<=1i;j++)f=£*(-1.0);
for(j=1;j<=(n-1);j++)fl=£f1*7j;
for (j=1;j<=1;j++)f2=£2%7;
for(j=1;j<=(mm+fabs (1) -1);j++) f3=£f3*7;
for(j=1;j<=(mm-1);j++)f4=f4%75;
for(j=1;j<=n-2.0%i;j++)11=11*r;
t=11*f*f1/ (f2*f3*f4) ;
; s=s+complex (t*cos (l*theta), t*sin(l*theta));
end:
return s;

}

int get patch(double f[],int dim,int xp,int yp )
/* GETS PIXEL DATA FOR PATCH WITH SIDES dim CENTERED ON xp,yp*/
{int i,7,11,73;
double sx,sy,r;
for (j=yp-dim/2;j<=yp+dim/2;j++)
{i3=7-yp+dim/2;
for (i=xp-dim/2;i<=xp+dim/2;i++)
{ii=1i-xp+dim/2;
sx=11-dim/2;
sy=jj-dim/2;
r=sqrt (sx*sx+sy*sy) ;
fl[ii+jj*dim]=getpixel (i,F);
if(r>dim/2)f[ii+Fj*dim]=0;}

return 0;

complex double simp (double f[],double x[],double y[],int n,int
1,int dim)

/*PERFORMS DOUBLE INTEGRATION TO DETERMINE ZERNIKE MOMENTS

A, EQUATION (4.4.2.2.2)%/

{double wx,wy,r,rl,theta,xl,yl;



double pi=3.14159;

complex s, t;

int i,7j,inc;

s=0;

inc=10;

for (j=0;3j<=360;j=j+inc)

for(i=0;i<=dim/2;1i++)

{ r=2.0%*1i/(double)dim;
if(r<=1.0){
if((F==0) || (j==360))wy=1;

else
{if(((j/2)*2)==7)wy=2;
else
wy=4;

1f((i==0) || (i==dim/2))wx=1;
else
{if(((i/2)*2)==7)wx=2;
else
wx=4;

xl=r*cos((double)j/180*pi) ;
yl=r*sin((double)j/180*pi) ;

t=r*conj (Z (out,n,1,x1,yl)) *wx*wy* (int)getpixel ( (int) (100+x1*di
m/2), (int) (200+y1*dim/2))/255.0;
}

else
t=complex(0.0,0.0);
s=s+t;

s=5*(n+1)/9.0%4.0%pi/360.0*inc/ (double) (dim-1) /pi;
return s;

int determine coeff (double f[],complex 1[],int dim,int
num,double x[],double y[])
/*CONTROLS DETERMINATION OF MOMENTS*/
{int 1,7,k;
for (j=0;j<num;j++)
for (i=-j;i<=j;i++)
{k=7-abs (i) ;
if((k/2) *2==k)1[i+2*j*num] =double simp (out,f,x,y,j,1i,dim);
else
1[i+2*j*num]=0;

return 0;

}

double recreate pixel (complex 1[],double x,double yylnt num)
/*RECREATES PIXEL AT x, y USING EQUATION (4.4.2.2.1) */
{complex s;

double nn;



int i,7,k;

s=complex (0.0,0.0);

for (j=0; j<num;j++)

{ for(i=-j;i<=3;i++)

{k=7-abs (i) ;

if((k/2) *2==k) s=s+Z (out, j,1i,x,y) *1[i+2*j*num]; }}
nn=abs (s) ;

return nn;

}

int recreate patch(double f[],complex 1[],int dim,int num,double
x[],double y[])
/*CONTROLS RECREATION OF PATCH*/
{int i,7,k;
double s,r;
for (j=0;j<dim;7j++)
for (i=0;i<dim; 1++)
{r-x[1+_7*d1m],
s=y [1+j*dim] ;
r=sqrt(r*r+s*s);
if(r<=1. 0)f[1+_7*d1m]—recreate_p1xel (1, x[1+_7*d1m] y[i+j*dim] , nu
m)*255.0;

}

return 0;

C.2 PSEUDO-ZERNIKE MOMENTS

The control structure for the pseudo-Zernike moments is the same
as for Zernike moments. The subroutine Z() which calculates the
polynomials is modified as follows:-

complex Z(double n,double 1,double x,double y)
/*CALCULATES PSEUDO-ZERNIKE POLYNOMIAL OF ORDER nl */
{double m,r,R;
double f,f1,f2,£3,f4, theta;
complex s;
int mm,1,7;
double 11,12,13,14,¢t;
r=sqrt (X*x+y*y) ;
theta=atanc (y,x) ;
m=(n-fabs (1)) ;
mm=m;
s=complex(1.0,0.0);
if (n==0)goto end;
s=complex(0,0) ;
for(i=0;i<=mm;i++) {
f=1;f1=1;f2=1;f3=1;f4=1;11=1;12=1;13=1;
for(j=1;j<=1;j++)f=£*(-1.0); :
for(j=1;j<=(2*n+1-1);j++)f1=£f1*7j;
for(j=1;j<=1;j++)f2=£f2%j;
for(j=1;j<=(mm-1i);j++)£3=£3%*7;
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for(j=1;j<=(n+fabs(1)+1-1);j++)f4=f4*7;
for(j=1;j<=n-1i;j++)11=11*r;
t=11*xf*xf1/(£f2*£3%f4) ;
s=s+complex (t*cos (1*theta), t*sin (l*theta)) ;

}

end:

return s;

}

C.3. LEGENDRE MOMENTS

The control structure is once again the same as for the Zernike
moments, but details of some of the supporting subroutines are
different and given below.

double P (double n,double x)
/*CALCULATES LEGENDRE POLYNOMIAL OF ORDER n AT COORDINATE x
EQUATION (4.4.2.1.3)*/
{double m;
double s,f,f1,f2,£3;
int mm,1i,7j;
double 11 12,13,14,¢t;

m=n/2.0;

mm=m;

s=1;

if (n==0)goto end;
s=0;

for(i=0;i<=mm;i++) {

f=1;f1=1;f2=1,;£f3=1;11=1; 12 1;13=1;
for(j 1;7<= (2*n 2*1) j++)f f*j,
for(j=l;j<=i;j++)fl=fl*j;
for(j=1;j<=(n-1i);j++)£2=£2%7;
for(j=1;j<=(n-2%1);j++)£3=£3%j;
for(j=1;j<=(n-2%1);j++)11=11*x;
for(j=1;j<=n;j++)12=12%2.0;
for(j=1;j<=1;j++)13=-1.0%13;
t=13*f/(f1*xf2*f3%12)*11;
s=S+t;

}

end: return s;

double double simp(double f[],double x[],double y[],int p,int

q,int dim)

/*PERFORMS DOUBLE INTEGRATION TO DETERMINE LEGENDRE MOMENTS
EQUATION (4.4.2.1.2)%*/

féouble s, t,wx,wy;

int 1,7;

s=0;

for (j=0;j<dim; j++)

for(i=0;i<dim;i++)

if((F==0)|| (F==(dim-1)))wy=1;



else
{(if(((j/2) *2)==3F)wy=2;
else
wy=4;

}
if((i==0) ]| (i==(dim-1)))wx=1;
else
{if(((i/2)*2)==7)wx=2;
else
wx=4;

t=P(p,x[i+j*dim] ) *P(q,y[i+j*dim]) *wx*wy*f [i+j*dim] ;
- 8=8+t;

}

S=8* (2.0%p+1)* (2.0*g+1)/4.0/9.0%4.0/ (double) (dim-1) / (double) (d
im-1);

return s;
}

int determine coeff (double f[],double 1[],int dim,int num,double
x[],double y[])
/*CONTROLS THE CALCULATION OF THE MOMENTS TO ORDER num* /
{int 1,73; ,
for (j=0;j<num;j++)
for (i=0;i<num;i++)
1[i+j*num]=double simp(f,x,y,1i,j,dim);
return 0;

}

double recreate pixel (double 1[],double x,double y,int num)
/*RECREATES PIXEL ACCORDING TO EQUATION (4.4.2.1.1)*/
{double s;

int 1,7;

s=0;

for (j=0;j<num; j++)

{ for(i=0;i<=7j;1i++)

s=s+P(j-1i,x) *P(i,y)*1[j-i+i*num];}

return s; '

}

int recreate patch(double f[],double 1[],int dim,int num,double
x[],double y[])

/*CONTROLS RECREATION OF IMAGE PATCH*/

{int i,3;

double s;

for (j=0;j<dim;j++)

for (i=0;i<dim;i++)
f[i+j*dim]=recreate pixel(1,x[i+j*dim],y[i+j*dim],6 num);
return 0;

}



APPENDIX D
EIGENVECTORS AND EIGENVALUES

The following subroutine mateig() calculates eigenvalues and
eigenvectors.

lra and n are equal to the dimension of the square matrix.
a[] contains the elements in the matrix
s[] contains the eigenvectors at completion.

The diagonal elements of al] are equal to the eigenvalues at
completion.

This subroutine is used to diagonalize the covariance matrix
given by equation (4.4.1.3.2) in chapter 4. The input matrix to
the subroutine is in af].

al]l] and s[] are treated as one dimensional arrays.
At completion the eigenvectors can be printed out using

for (j=0;j<n;j++) {
for(i=0;i<n;i++)

fprintf (data, " %le ",s[j*n+i]);
fprintf (data, "\n") ;

int mateig(int lra,int n,double a[],double s[])
/*SUBROUTINE FOR DETERMINING EIGENVALUES AND EIGENVECTORS OF
MATRIX al[] WITH DIMENSION n */
{double b,anorm, constf, fnorm,e=1.0e-6,u,v,w,snn, csn, snn2;
double c,stc,app,aqq, csn2;
int m,in,i,j,ia,is,iq, ja,ka,la,ip,iia,iib,1ii,1ij,1ik,i1;
constf=n;
in=0;
for(j=0;j<n;j++)
for(i=0;i<n;i++)
{is=1ra*j+i;
if((i-j)==0)s[is]=1.0;
else
s[is]=0;

anorm=0;

for(j=0;j<n;j++)

for(i=0;i<n;i++)

if((j-1i)!=0) {ia=lra*j+i;
anorm=anorm+a f[ia] *a[ia] ;



anorm=sqrt (anorm) ;
fnorm=anorm*e;
iter: anorm=anorm/constf;
iterl: for(ig=1l;ig<n;iqg++)
{m=1iq-1;
for (ip=0;ip<=m;ip++)
{ia=lra*ip+iq;
ja=lra*ig+ip;
ka=lra*ip+ip;
la=lra*ig+iq;
if (fabs(a[jal -anorm)>=0.0)
{in=0;
u=-aljal;
v=(alkal]-allal])/2.0;
w=u/sqgrt (u*u+v*v) ;
1f(v<0.0)w=-w;
snn=w/sqrt (2* (1.0+sqrt (1.0-w*w))) ;
snn2=snn*snn;
csn=sqrt(1.0-snn2) ;
for(i=0;i<n;i++){
iia=lra*ip+i;
iib=lra*ig+i;
if(((i-ip) {=0)&&((i-iq)!=0)){
b=a[iia] *csn-a[iib] *snn;
aliib]=al[iia] *snn+a[iib] *csn;
aliial=b;

c=s[iia]*csn-s[iib] *snn;
s[iib]=s[iia] *snn+s[iib] *csn;
sl[iial=c;

csn2=csn*csn;

stc=snn*csn;

app=al[kal] *csn2+a[la] *snn2-2. O*a[ja]*stc,
aqgqg=al[kal] *snn2+a[la] *csn2+2.0*a[ja] *stc;
aljal=(alka]l - a[la])*stc+a[ja]*(csn2 -snn2) ;
aliaj=aljal;

alkal=app;

allal=aqq;

for(i=0;i<n;i++) {

ii=Ilra*i+ip;

ij=lra*ip+i;

ik=lra*i+iq;

il=lra*ig+i;

aliil=alij];

alik]=alill];

}
}

if((in-1)==0) {in=0;
goto iterl;

if ((anorm-fnorm)>0.0)goto iter;
return 0;



APPENDIX E
FOURIER TRANSFORM ALGORITHMS

The following routines calculate the two-dimensional Fourier
transform and its inverse for an image patch. The method used is
that described in section 4.6.2.1. The one-dimensional Fast
Fourier Transform algorithm due to Cooley-Tukey is used.

int invfft2d(int wid, int hght)

{ /* DETERMINES THE INVERSE FOURIER TRANSFORM OF A FORWARD
TRANSFORM FOR AN IMAGE PATCH OF WIDTH wid AND HEIGHT hght. THE
FORWARD TRANSFORM IS IN FILE fftx.dat. THE OUTPUT IS DISPLAYED
ON THE COMPUTER SCREEN. TEMPORARY DISK FILES ARE CREATED DURING
THE OPERATION OF THIS ROUTINE.*/

FILE *out, *in;

int jj,ii,11,sgn,nn,w,wl,nnl,hand;
long offset;

filefft="fftx.dat";

nn=1og(wid) /log(2)+1;

w=exp (nn*log(2) ) +1;

nnl=log (hght)/log (2)+1;

wl=exp (nnl*log(2))+1;

out=fopen (filefft, "rb+") ;
hand=fileno (out) ;
for(ii=0;ii<wl;ii++){
for (jj=0;jj<w;jj++) {fread(&g(jj+1],16,1,0ut);
gljj+i]=conj(g(jj+1]);}
fft(g,nn);

rewind (out) ;

offset=(long)ii*w*16;

fseek (out,offset, 0) ;
for(jj=1;jj<=w;jj++)

write (hand, &g[jj],16);

}
for (ii=0;ii<w;ii++) {
for(jj=0;jj<wl;jj++)
{offset=(long) (jj*w+ii) *x16;
rewind (out) ;
fseek(out,offset, 0) ;
fread(&gljj+1],16,1,0ut) ;
gljj+11=g[jj+1]*w;

fft(g,nnl);
for(jj=0;7j<wl;jj++)
{offset=(long) (jj*w+ii) *x16;
rewind (out) ;
fseek (out,offset, 0) ;
write (hand, &g[jj+1],16);



}

rewind (out) ;
for(ii=0;ii<wl;ii++){
for(jj=0;jj<w;jj++)
{fread(&g[jj]l,16,1,0ut);
11= sqrt(norm(g[jjl));
putpixel (512+37,352+1i,11);

fclose (out) ;
getch () ;
return 0;

}

int fft2d(int xx,int yy,int wid,int hght)
/*CALCULATES THE FORWARD FOURIER TRANSFORM FOR AN IMAGE PATCH OF
WIDTH wid AND HEIGHT hght WITH CENTRE AT PIXEL COORDINATE XX,YYy.
THE INPUT IS READ FROM THE COMPUTER DISPLAY MEMORY, AND THE
OUTPUT IS THE TRANSFORM WHICH IS STORED ON A DISK FILE fftx.dat
INTERMEDIATE TEMPORARY DISK FILES ARE CREATED DURING THE
OPERATION OF THIS ROUTINE. CALCULATION OF THE FRACTAL DIMENSION
IS ALSO DONE. */
{ FILE *out, *out2, *in;
int jj,1ii,11,s8g9n,nn,w,wl,nnl, hand,cnt[100],1ix,1y;
d o u b . 1 e

radf [100],r, sx, sy, sxx, syy, sxy, slope, fd,dd, x,y, theta,gv,gvl,dx, dy;

double pi=3.14159;

long offset;

char buff[20];

filefft="fftx.dat";

filefftl="fftxl.dat";

out=fopen (filefft, "wb+") ;

nn=log (wid) /log(2) +1;

w=pow (2.0,nn) ;

nnl=log (hght)/log(2)+1;

wl=pow (2.0,nnl);

out2=fopen ("fftwin.img", "wb+") ;
for(ii=0;ii<wl;ii++) {

. for(jj=0;7j<w;jj++) {if ((abs (77- w/2)>w1d/2)||(abs(11 wl/2)>hght
/2))11=0;
else
ll=getpixel (xx+jj-w/2,yy+ii- wl/2),
fputc(1l1l,out2);
if(((jj+ii)/2*2)==(jj+1i1i))sgn=1;
else
sgn=-1;
gljj+1]=sgn*complex(11,0);}

for(jj=1;jj<=w;jj++)
fwrite(&gl[jjl,16,1,0ut);

}



fclose (out) ;
fclose (out2) ;
out=fopen (filefft, "rb+");
hand=fileno (out) ;
for(ii=0;ii<wl;ii++){
for(jj=0;jj<w;jj++)fread(&gl[jj+1],16,1,0ut);
fft(g,nn);
rewind (out) ;
offset=(long)ii*w*1é6;
fseek (out,offset, 0) ;
for(jj=1;jj<=w;jj++)
write (hand, &g [jj],16);

for(ii=0;ii<w;ii++){
for(jj=0;jj<wl;jj++)
{offset=(long) (jj*w+ii) *16;

rewind (out) ;

fseek (out,offset, 0) ;

fread(&g(jj+1],16,1,0ut);

gljj+11=g[jj+1]*w;

fft(g,nnl);
for(jj=0;jj<wl;jj++)
{offset=(long) (jj*w+ii) *16;
rewind (out) ;
fseek (out,offset, 0) ;
write (hand, &g[jj+1],16);

}

rewind (out) ;
out2=fopen ("fftfft.img", "wb+") ;
for(ii=0;ii<wl;ii++) {
for(jj=0;7j<w;jj++)
{fread(&g[jj],16,1,0ut) ;
11= sqgrt(norm(g[jil));
fputc(11,o0ut2);
putpixel (512+377,352+11i,11);

fclose (out) ;
fclose (out2) ;
/*CALCULATION OF FRACTAL DIMENSION*/
out=fopen ("fftcirc.dat", "wt+") ;
for(ii=0;11<100;ii++) {radf[ii]=0;cnt[11]=0;}
for(ii=0;ii<wl/2;ii++){

for (jj=0;77<360;7j++)

{ theta=pi*jj/180.0;
x=(double)ii*cos (theta) ;
y=(double)ii*sin (theta) ;
Iix=x+wl/2;
1y=y+wl/2;
dx=x+wl/2-1ix;
dy=y+wl/2-1iy;

gv=dx*getpixel (ix+1+512,1iy+352) +(1.0-dx) *getpixel (ix+512,1y+352) ;
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gvl=dx*getpixel (ix+1+512,iy+1+352)+(1.0- dx)*getp1xel(1x+512 iy
+1+352) ;
gv—dy*gvl+(1.0—dy)*gv;
radf [ii]=radf[ii] +gv;
) cnt[ii]=cnt[ii]+1;
}

r=0;

for(ii=0;1ii<100;ii++)if(cnt[ii]i=0)radf[ii]= radf[ii]/cnt[ii];

for(1i=0;1i<100;ii++) fprintf (out,"%d %1f \n",ii,radf[ii]);

SX=Sy=8SXX=8yy=8Sxy=0,n1n=0;

for(ii=1;1i<100; 11++){1f(radf[11]'—0){nn—nn+1
r=2.0%*log (radf [ii]) ;dd= log((double)ll)
sx=8x+dd; sy=8y+r; sxx=sSxx+ (double)dd*dd;
syy:syy+r*r;sxy=sxy+r*dd;}}

slope=( (double)nn*sxy-sx*sy)/( (double)nn*sxx-sx*sx) ;

fd=3.0+ (slope+1)/2.0;

fprintf (out,"fd=%1f \n",fd);/*OUTPUT FRACTAL DIMENSION*/

fclose (out) ;

gcvt(fd, 10, buff) ;

setcolor (255);

outtextxy (400,50, buff) ;

invfftad (wid, hght) ;

getch();

setcolor (0) ;

outtextxy (400,50,buff) ;

. return 0;

}

int fft(complex f[513],int 1n)
/*CALCULATION OF ONE-DIMENSIONAL FAST FOURIER TRANSFORM USING THE
?QOLEY-TUKEY METHOD* /
complex u,w,t;
int n,nv2,nml,k,1,1e,1lel,ip;
int 1i,7;
float pi=3.141593;
n=1;
for(i=1;i<=1n;i++)n=n*2;
nv2=n/2;
nml=n-1;
Jj=1;
for(i=1;i<=nml;i++)
{ if (i>=j) goto labl;
t=£[j]; _
£ljl=£[1i];
fli]=¢t;
labl :k=nv2;
lab2:if (k>=3j) goto lab3;
j=3i-k;
k=k/2;
goto lab2;
lab3:j=7+k;

for(l=1;1l<=1In;1++)
{le=1;
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for(i=1;i<=1;i++)le=1e*2;
lel=le/2;
u=complex(1,0);
w=complex (cos (pi/lel), -sin(pi/lel)) ;
for(j=1;j<=1lel;j++){ ‘
for(i=j;i<=n;i=i+le) {
ip=i+lel;
t=f[ip] *u;
flip]=f[i]-¢t;
fli]=f[i]+t;}
u=u*w; }}
for(i=1;i<=n;i++)f[i]=f[i]/float(n);
return 0y '

}





