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ABSTRACT

MATCHING AFFINE-DISTORTED IMAGES

SEPTEMBER 1997

RAGHAVAN MANMATHA
B. Tech., INDIAN INSITUTE OF TECHNOLOGY, KANPUR
M.S., UNIVERSITY OF HAWAII
Ph.D., UNIVERSITY OF MASSACHUSETTS AMHERST

Directed by: Professor Allen R. Hanson

Many visual tasks involve the matching of image patches derived from imaging a scene
from different viewpoints. Matching two image patches can, however, be a difficult task.
This is because changes in the relative orientation of a surface with respect to a camera
cause deformations in the image of the surface. Thus this deformation needs to be taken
into account when matching or registering two image patches of an object under changes in
viewpoint. Up to first order these deformations can be described using an affine transform.

Here, a computational scheme to match two image patches under an affine transform
is presented. The two image patches are filtered with Gaussian and derivative of Gaussian
filters. The problem of matching the two image patches is then recast as one of finding the
amount by which these filters must be deformed so that the filtered outputs from the two
images are equal. For robustness, it is necessary to use the filter outputs from many points
in a small region to obtain an overconstrained system of equations. The resulting equations

are linearized with respect to the affine transforms and then iteratively solved for the affine

vii



transforms. The method is local and can match image patches in situations where other
algorithms fail. It is also shown that the same framework may be used to match points and

lines.
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CHAPTER 1

INTRODUCTION

Many visual tasks involve the matching of image patches derived from imaging a scene
from different viewpoints. The structure—from motion—problem involves matching two or
more image patches arising from a single surface patch seen from different viewpoints.
The shape—from—texture problem may be viewed as involving the matching of two or more
image patches arising from viewing different surface patches with similar textures. Some
applications are concerned primarily with matching image patches without requiring ex-
plicit inferences about the imaged objects. These include the registration of video or medi-
cal images [68, 56], mosaicing [25, 68], object recognition [71] and the retrieval of images
based on their similarity to other images in a database [47].

There are two different but closely related notions of matching implicit in the above
applications. One view of matching is that it involves the recovery of the correct transfor-
mation so that two image patches map to each other. A second, more qualitative, view of
matching is that it may be used to verify whether two images are of the same object [71].

Matching two image patches can be a difficult task. This is because changes in the
relative orientation of a surface with respect to a camera cause deformations in the image
of the surface. Thus this deformation needs to be taken into account when matching or
registering two image patches of an object under changes in viewpoint. Up to first order,
there are four kinds of image deformations - a scale change, rotation in the image plane and

shears along the x and y axes. The position of the surface’s projection in the image also



changes with motion. To a first order approximation, this image translation together with

the deformation can be described using a six parameter affine transformation (t , A ) where

r'=t+ Ar (1.1

r’ and r are the image coordinates related by an affine transform, t is a 2 by 1 vector
representing the translation, and A is the 2 by 2 affine deformation matrix. Figure 1.1
shows the different kinds of deformations possible. Scaling the black square in Figure
1.1(a) gives give Figures 1.1(b), rotating the square produces Figure 1.1(c) and shearing it

produces Figure 1.1(d). This deformation may also be thought of as geometric distortion,

(a) Original image (b) Scale change

-

(c) Rotation (d) Shear deformation

Figure 1.1. Varieties of deformations



since it is a deformation of the underlying coordinate system. Thus, for example, under
and affine transformation, a circle will be distorted or deformed into an ellipse.

Although the deformations make matching difficult, they may be used to infer local
surface geometry and depth from motion. Since a repeating texture pattern can be thought
of as a pattern in motion, shape from texture can also be derived from deformations [46].

For many applications, it suffices to match image patches assuming affine deformations
for the following reason. It can be shown that under orthography or weak perspective pro-
jection two views of a planar patch differ by a 6 parameter affine transform [30]. Although
for more general projection models and more general surfaces the transformation between
two views is not affine, a local affine approximation suffices for many situations. This is
because scenes typically contain smooth objects with a finite number of discontinuities.
When the curvature is not too great, smooth objects can be parametrized locally by a pla-
nar model. If the patches are sufficiently small, the resulting local affine transformation
between image patches often suffices for matching.

The difficulty of matching two image patches which differ by an affine transform is
illustrated by Figure (1.2). The image on the right is scaled 1.4 times the image on the left.
Traditional matching uses fixed correlation windows or filters and, therefore, has a problem
with matching differently sized images such as the ones shown in Figure (1.2). Thus,
Washington’s face, for example, in the two pictures cannot be matched by a traditional
scheme. The correct way to approach this problem is to deform the correlation window or
filter according to the image deformation.! For a general affine transform the deformations
are even more extreme.

This dissertation derives a computational scheme to match two image patches under
an affine transform. The two image patches are filtered with Gaussian and derivative of

Gaussian filters. The problem of matching the two image patches is then recast as one of

I'This discussion applies to image or filter based matching schemes and not to schemes based on matching
geometric tokens.



finding the amount by which these filters must be deformed so that the filtered outputs from
the two images are equal. For robustness, it is necessary to use the filter outputs from many
points in a small region to obtain an overconstrained system of equations. The resulting
equations are linearized with respect to the affine transforms and then iteratively solved for
the affine transforms. The method is local and can match image patches in situations where
other algorithms fail.

Experiments are shown on both random dot and real images. One of the algorithms de-
vised here is also applied to the problem of word spotting, that is, indexing hand writing by
matching word images [45, 44]. It is shown that the algorithm performs better on standard
information retrieval measures like recall and precision than other algorithms tried on this
problem. Other researchers [51] have recovered image blur and the affine transform from

a pair of blurred images of a scene using one of the algorithms derived in this study.

TERrREEY Y YRy

Figure 1.2. Dollar bill scaled 1.4 times

1.1 Applications of Affine Matching
There are many practical situations in which it is desirable to use affine matching or

a subset of it. In recent years, the problem of registering two or more images to create



larger mosaics has become important [25, 68]. One approach to this problem is to match
the images assuming an affine transform has occured - a good approach provided that the
scenes which are imaged are approximately planar. For more complicated scene structures,
the planar parallax [58, 4] approach has been used. The planar parallax approach involves
computing an affine transform between two images and then computing the residual flow
required to further match the two images. Thus an integral part of the planar parallax
approach is the computation of an affine transform between two images.

A related problem is the registeration of medical images. Sometimes, the medical im-
ages to be registered are two dimensional in nature. Often, the images are three dimensional
and are matched using three dimensional affine transforms.

Affine transforms have also been used to compute structure from motion. In some sit-
uations, the motion can be approximated using a similarity transform (a special case of an
affine transform with only 4 parameters). For example, when a robot’s motion is mostly
translation, then the changes in image projections of shallow structures (i.e. structures
whose extent in depth is small compared to their distance from the camera) may be de-
scribed using a similarity transform [57]. In other cases, the motion and structure of a
surface may often be described using an affine transform or a set of affine transforms.

The problem of deriving shape—from—texture may be viewed as analogous to the struc-
ture from motion problem. In both cases, shape may be recovered by matching corre-
sponding image patches. Many shape—from—texture techniques are based upon recovering
the affine transform or a subgroup of an affine transform between two image patches [].

Certain approaches to object recognition use affine transformations to recognize objects
by matching images to object models under an affine transformation. For example, in the
alignment approach, objects are recognized by checking whether a model object can be
aligned with the image using one or more planar surfaces on the model [24]. The alignment
approach is based on the assumption that the transformation between the image and model

can be described using an affine. Ullman [71] has argued that objects can be recognized



by using a set of view variant models and matching these to an image assuming that the
transformation is locally affine.

A related problem is the retrieval of images from a database, based on their visual
similarity to a given image. Similarity transforms can also be used for the problem of
matching logos or trademarks in a database. Often such logos or trademarks differ by a
large scale change and a translation which can be modelled by a similarity transform. The
preparation of an index for handwritten archival manuscripts (also termed word spotting
[45, 44] has also been formulated as a matching problem. Here, the images of words are
matched assuming an affine transform and then ranked. One of the algorithms created here

performs well when applied to the problem of word spotting (see chapter 7).

1.2 Framework

In this dissertation, matching is done by comparing the outputs of a filters applied to
the two image patches. Under an affine transform the shape and size of the two patches
is different. The change in shape and size of the patches is handled by deforming the
filters appropriately. Previous methods have not handled the change in shape and size of
the image patches correctly [6, 28]. If a Gaussian (or Gaussian derivative) is used as a
filter, the problem of measuring the affine deformation may be recast into the problem of
finding the deformation parameters of the Gaussian (or Gaussian derivative). For example,
let 7 and F, be two images related by a scale change s. Then the output of F; filtered
with a Gaussian of o will be equal to the output of F; filtered with a Gaussian of so.
Similar relationships (equations) hold for arbitrary affine transforms and filters described
by derivatives of Gaussians. These equations are exact for any arbitrary affine transform in
arbitrary dimensions.

In two dimensions, the required deformation is simple to describe. An affine transform
maps a circle to an ellipse. Since the level curves of a Gaussian are circular, the level

curves of the deformed Gaussian must be elliptical giving rise to elliptical Gaussians. Let



F} and F; be two—dimensional images related by an affine deformation. Then the output
of F filtered with an Gaussian of scale o will be equal to the output of F5 filtered with an
elliptical Gaussian of whose parameters are defined by the matrix A A’o? (for a definition
of an elliptical Gaussian see chapter 3).

The problem of matching the two image patches has, therefore, been reduced to the
problem of finding the affine parameters of the deformed Gaussian with which to filter the
second image. A brute force approach to recovering the affine parameters is to sample the
space of affine parameters and filter the images with Gaussians using the sampled param-
eters. The correct affine transform will minimize the difference between the two images.
This is computationally very expensive.

The alternative proposed here is to coarsely sample the affine space and then use an it-
erative procedure to solve for the affine transform. The Gaussians (or Gaussian derivatives)
are linearized with respect to the affine parameters. Gaussians and Gaussian derivatives are
known functions. Therefore, linearizing them is much simpler to do than linearizing the
images directly. The resulting linear equations maybe cast as a linear—least-mean squares
problem. A solution to the linearized equations is obtained and the first image patch warped
using this solution. The affine transform is then computed by using the warped first image
patch and the second image patch. This procedure is repeated for a number of iterations.
No other techniques follow this approach.

Such linearized equations can be derived at every point (pixel) where an image is fil-
tered with a Gaussian or Gaussian derivative. Additional equations can also be obtained
by using filters at different scales. These equations can be combined in different ways to
create a number of different algorithms for solving the affine transforms and for matching
the image patches.

For the special case when the affine transform is a similarity transform, it can be solved
for by filtering the image patches with a Gaussian at a single point at multiple scales.

The general affine transform cannot be recovered in this way. It turns out that even if the



Gaussian and its first and second derivatives are used (an approach used by Werkhoven
and Koenderink [75]), the results obtained in the case of the general affine transform are
poor. Instead in our approach, the filter outputs from different points in a small region are
pooled to create systems of equations which can be solved for the general affine transform.
Different algorithms may be formulated depending on the filter used.

Two algorithms are constructed. The first, based on filtering with the Gaussian at a
number of points in a region is called GauArea. The second, based on filtering with the
first derivatives of a Gaussian at a number of points in a region and is called DGauArea. Ex-
periments are shown for a representative set of scale changes, rotations and shears for both
algorithms. For comparison purposes, two other algorithms GauAreaN and DGauAreaN
are also developed and applied to the same data. GauAreaN and DGauAreaN are similar
to GauArea and DGauAreaN but the effects of the geometric distortion on the filters are
not taken into account. It is seen that usually there are significant advantages when the
geometric distortion of the filters is accounted for.

It is also shown that images made of point and line tokens can be treated as part of the
same framework. For point and line tokens, explicit correspondence need not be estab-
lished. Further, the method is applicable for both closed and open contours and even for
collections of line segments.

The remaining chapters are organized as follows. Chapter 2 reviews related work on
measuring affine transforms. Chapter 3 formulates the problem of measuring affine trans-
forms in images. Chapter 4 solves for similarity transforms. Chapter 5 derives two al-
gorithms GauArea and DGauArea for solving for general affine transforms and also two
algorithms GauAreaN and DGauAreaN which do not account for the deformations of the
Gaussians. In Chapter 6, experimental results are shown on these algorithms for both ran-
dom dot and real images. Chapter 7 proposes some applications of the techniques for
solving affine transforms. Chapter 8 shows how the methods can be modified for use with

point and line tokens. In Chapter 9, the conclusions derived from this study are stated. A



set of appendices also follows the main body of the work. In Appendix A, certain results
used in Chapter 5 are derived. Appendix B discusses how to compute large translations.

Appendix C contains a more detailed set of graphs for the experiments in Chapter 6.



CHAPTER 2

REVIEW OF TECHNIQUES FOR RECOVERING IMAGE
DEFORMATION

Matching can be based either on tokens or on image features. Tokens will be defined
here as geometric structures in the image like points, straight or curved lines or contours.
Usually there is assumed to be a one to one correspondence between tokens and geometric
structures in the world. e.g. it is assumed that a line token corresponds to a “physical”
line in the scene. This correspondence between tokens and scene elements ensures that
the tokens will be stable over a sequence of images. In the ideal case (i.e. without noise
or occlusion), token matching can be done by establishing a one to one correspondence
between tokens from two images.

Image features will be defined as functions computed over the image brightness. Usu-
ally image features are computed as the outputs of linear filters applied to the image. Fea-
ture based methods do not make any assumptions about the presence of any specific struc-
tures in the image and there is no implicit assumption that the feature corresponds to a
geometrical structure in the scene. A feature based matching technique finds that trans-
formation which maps the image features in one image to those in the second image. The
simplest case is where the brightnesses in one image are mapped to those in the second im-
age. Both (image) feature based and token based methods have their distinct advantages.
Techniques which incorporate both image features and tokens would be ideal, but none
have so far been proposed.

The categorization of matching techniques into token based and feature based methods

is convenient because with one exception, token based and feature based techniques are
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different. The exception is techniques based on computing moments over the image which
can be applied to both image features and certain types of tokens (moment based techniques
find that transformation which map the moments computed from one image to the moments
computed from the second image). Token based techniques will, therefore be reviewed
first. This will be followed by a review of methods based on moments. Finally, a review of
approaches based on image features will be undertaken. Rather than being comprehensive,
the review here will attempt to elucidate principles and issues by focusing on certain key
ideas. For a more exhaustive listing of papers in the area of registration and matching see

[10, 55].

2.1 Token Based Methods

Token based methods have a number of advantages over techniques based on image
features. Tokens are often sparsely distributed and in general this leads to a reduction
in the amount of data handled and consequently the computation time. If corresponding
tokens can be identified, token based algorithms may be used to compute even large affine
transforms which are otherwise difficult to recover.

To establish effective correspondence, it is important to ensure that the tokens detected
are stable over a sequence of images. Early methods to find token points used interest oper-
ators to detect them []. The problem with such an approach was that the token points were
typically not stable, and hence correspondence could not be effectively established. Other
techniques attempted to find tokens that corresponded to physical structures in the scene
[49]. The assumption was that such tokens would be much more stable. For example, junc-
tion and corner detectors were devised to find point tokens coresponding to junctions and
corners in the scene. Similarly, line detectors were devised to find line tokens which corre-
sponded to the boundary lines between surfaces in the scene. However, algorithms which
detect tokens recover image structures and not scene structures, so that the assumption that

tokens would be stable may not always be valid. In addition, the shape of the image struc-
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ture changes with viewing geometry, and token detectors cannot therefore always locate
tokens accurately under large viewpoint changes.

There are two main strategies for finding correspondence in token matching problems.
The first strategy assumes that correspondence can be independently recovered and the
transformation can then be computed from it. Correspondence is often established by
tracking tokens over a series of closely spaced frames. The small motion between adja-
cent frames implies that token locations do not change significantly between them. If, in
addition, the tokens are sparsely distributed and distinctive their correspondence can then
be easily established. Cipolla and Blake [13], for example, track a closed contour over a set
of closely spaced frames to establish correspondence. An alternative strategy is to compute
both the correspondence and the deformation simultaneously [59, 63, 61]. Sawhney [59],
for example, tracks sets of 3 lines by requiring that the tracked sets be consistent with a
similarity transform over many frames.

Given sets of corresponding tokens from two images, the affine transformation is given
by the coordinate transformation between the locations of corresponding sets of tokens.
For example, the locations of three (token) points in two images suffice to determine an
affine transformation between them. Robustness against noise and token localization errors
may be achieved by using a least squares or a least-median squares fit to a large number
of tokens. Given reliable token correspondences, the deformation can be recovered rapidly
and accurately. Cipolla and Blake [13] compute the afffine transform from the area change
of the closed contours of the extreme frames.

The alternative strategy of computing correspondence and the transformation simulta-
neously has been recently explored by a number of researchers. Sawhney’s technique [59],
mentioned above, requires that the frames be closely spaced and that the lines be tracked
over at least three frames. A recent class of methods based on using point tokens has ap-
proached the problem from a different point of view. These techniques work with just two

frames. They assume that tokens have been extracted previously, but try to capture the
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uncertainty in token localization by using a distance measure between Gaussian blurred
images [63, 61]; we also propose such an approach in Section 8.1. The techniques may be
viewed as similar to correlation matching and also to some filter based techniques (which
will be discussed later). These two-frame techniques are worth discussing in some detail.
Scott and Longuet Higgins [61] proposed an algorithm to recover both an affine trans-
form and the correspondence simultaneously between two set of points, I from the first
image and J from the second image. They first computed an adjacency matrix G. The en-
tries G;; are Gaussian weighted distances between a point i in set I and a point j in set J.
Each entry G;; is given by
Gij = exp(—ryrii/(207)) 2.1

where 7;; is the Euclidean distance between i and j. The matrix G is then diagonalized

using singular value decomposition (SVD) to give

G = TDU (2.2)

where D is a diagonal matrix and T and U are orthogonal matrices. The diagonal entries in

D are replaced by 1’s to give an m by n matrix E. The pairing matrix P

P =TEU (2.3)

indicates the strength of the attraction between points 1 and j. Thus a correspondence
between two points i and j is posited only if the entry F;; is large. Intuitively, P is the
matrix which correlates best with the G matrix in the sense of maximizing the trace of
PTG The transformation can then be computed using the recovered correspondence. Scott
and Longuet-Higgins showed that if o is chosen large enough , the method would compute
the correspondence correctly for translations, scale changes (i.e. expansions, contractions)

and shears. Here, as in intensity based algorithms, the large values of sigma are useful
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in recovering large translations. However, the method cannot be shown to compute the
correct correspondence if a rotation is involved (in general no technique based on token
points can be “proved” to handle rotation because in certain pathological situations, the
rotation cannot be recovered). In practice, small rotations can be handled most of the time.

The method was modified by Shapiro and Brady [63] to cope with large rotations (up to
80 degrees) in addition to translation, shear and scale change. This was done by computing
distances between points in the same image rather rather than between points in different
images. A matrix H; whose entries are Gaussian weighted distances between points in the
first set I is computed. A matrix Hs is similarly computed for points from the second set J.

Each H matrix is diagonalized

H=VvZVT (2.4)

where V is an orthogonal matrix and X is a diagonal matrix. Each row of V may be
regarded as a feature. Feature 1 is therefore represented by the vector ¢;. The Euclidean
distance between the feature sets g;; and go; corresponding to the ith row in V and the jth
row in V3 is computed i.e.

Zij = ||gli - 92j||2 (2.5)

A good match occurs if this distance is small. If the smallest value in row i is the entry
Z;; then feature i in the first image corresponds to feature j in the second image i.e. a
correspondence between the ith point in the first image and the jth point in the second
image is established. If one of the V' matrices has more features (the number of features
depends on the number of points), the extra features associated with the least significant
eigenvalues are deleted. Due to the deletion of extra modes, the algorithm does not perform
well if there are too many extra points [63].

Gold et al [18, 38] independently developed a similar algorithm to compute 2D and 3D
pose. Intuitively, the main difference in their algorithm is that they allow for the possibil-
ity of fuzzy matches. Each entry in the adjacency matrix initially encodes the Gaussian

weighted distance between a token point in one image and a token point in the second im-
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age. If there are m tokens in the first image and n in the second image, the adjacency matrix
is of size m + 1 by n + 1. The additional row and column are used for slack variables. At
each iteration the correspondence is first established and the affine transform then com-
puted. The token points are then warped according to the affine transform and the process
is repeated. Correspondence is established in the following manner. The constraint that a
point in the first image can only match a point in the second image is enforced. For each
row this is done by summing the first m numbers in that row and then normalizing it so that
the sum equals 1. The process is repeated for all the columns. The entry in a given row
with the highest value is then set to 1 (and similarly with the columns). Points which do
not have matches will have a 1 in either the m + 1 row or the n + 1 column. In this manner
the authors claim to address the problem of occluding points.

The main difficulty with token based schemes is that reliable token correspondences
may not always be available. Correspondence between tokens is often established by as-
signing that token in the second image to the token in the first image whose location is
closest to it. Since most tokens are non-distinctive, if more than one token is present in
the neighborhood it can make finding correspondence between tokens difficult. In many
situations tokens are recovered by techniques which make specific assumptions about im-
ages that may not hold in general. For example, both Cipolla and Blake [13] and Sawhney
[59]" assume that objects have large homogeneous planar regions. These techniques would,
therefore, fail if the object being tracked does not have any large homogeneous regions
which are planar.

A number of other problems can also arise with token based methods. Token localiza-
tion is often poor. For example, token points are often detected using junction or corner
detectors. However, the locations of junction or corner tokens cannot always be determined

accurately. In addition, most images contain information over much of the image, not just

! Again although Sawhney [59] did not make this assumption explicit, all his experiments were conducted
using such objects.
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at token locations. Tokens thus do not take advantage of all the information present in an
image. Finally, a token present in one frame may be absent in the second due to occlusion.

Most token based schemes do not handle this well.

2.2 Moment Based Techiques

An early approach to computing affine transforms was based on computing moments
over tokens or image features. Since moments are computed by integrating over many im-
age points, (for example, the zeroth order moment of brightness is just the average bright-
ness of the region), they are likely to be fairly robust to noise. In addition, given two sets of
tokens or two images related by an affine transform, their moments are related by functions
which are polynomial in the affine parameters. For example, the first moments are related
by

my = ATm'1 — tmlo (26)

where m; denotes the 7;;, moment computed over the first image, the > denotes the same
quantity computed over the second image and t, A is the affine transform between the two
images. Moments also possess the unique property that affine invariants can be constructed
using them [55]. Moment techniques require that the region of integration in the second
image corresponding to that in the first image be identified apriori. In addition, the higher
moments weight the outer regions of the patch more than the interior. If the boundaries of
the patch are not known in advance, - which is the situation in most matching problems -
this disproptionate weighting can cause points outside the patch to be weighted heavily and
thus cause erroneous results. When the region of integration is unknown, this forces the
moment methods to be global in nature i.e. they are applied to the entire image.

Hu [22] showed that invariants to affine transforms could be constructed using the the-
ory of algebriac invariants. We will follow Reiss [55] in explaining this technique. Define

the moment of an image f(x.,y) by
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Mpg = /OO / 2Pyl f(x,y)dxdy p,q=0,1,.. (2.7)

and the central moments by

ILprq = /OO (l‘ - 'T)p(y - g)l]f(x’ y)dl'dy, b, q= 07 15 2 (28)

—o0

where T = my/moo andy = myg; /mgo. Define a binary form of order p as

p _ D _
fo(x,y) = apo2? + ap_1177 7y + ap_02T? Y  + . agpy’  (2.9)
1 2

Then there exist functions of the coefficients {a;,_;} called algebraic invariants which
are invariant to linear coordinate transformations. A function /(a,, ..., agy) is called an
invariant if

[(a;’o, - a{),p) = A (app, ..., a0p) (2.10)

where the ’ indicates a coordinate transformation and A is the determinant of the transfor-
mation. The precise forms of the algebraic invariants can be found in [55]. Hu showed that
if a binary form of order p has an algebraic invariant (a,, ..., ag,) of weight g and order

k, then the central moments of order p have the same invariant with an additional factor i.e.
L1t 05 -5 o) = DA (11,0, s 10). (2.11)

An example will clarify Hu’s idea. Consider the binary quadratic form
fo(z,y) = ax® + 2bry + cy? (2.12)

Let there be a linear coordinate transformation of the form

(fy>:A(zy) (2.13)



where A is a 2 by 2 matrix. Then under the coordinate transformation

fa(z',y') = az’?+ 2b'z"y' + c'y'2 (2.14)

for some a’,b’ and c’. Then it may be shown that a simple invariant is [55]:

Ql —ad — b’2 = A2(ac — bz)Q (2.15)

re. Q =1I(ab,c) is an invariant. From Hu’s work this implies that the central moments

satisfy the following invariant

I(MIQOa Mlua ,%2) = A2|A|2[(M20, K11, Moz) (2.16)

Moment invariants have also been derived using other techniques. Cyganski and Orr
[14] derived moment invariants using tensors. If invariants to rotation are required they
can be derived using complex moments [1] while translation invariants can be derived in
a straightforward manner from the definition of moments. The rotation invariants may
be used to first normalize the images/patterns so that the principal axis has a fixed pre-
determined orientation. Matching under similarity transforms can, therefore, be carried out
by first normalizing with respect to the principal axis and then matching. With modifica-
tions, most of these moment based techniques can be applied to points, lines or images. Lee
[35], for example, recovers the affine transform given the contours bounding corresponding
closed regions.

Essentially all these methods assume that either the pattern has been segmented apriori
or that the technique is applied over the whole image. Moment based methods are particu-
larly good for binary images where an implicit segmentation of the image often occurs - the

object is white against a dark barkground. For a good review of moment based techniques

see [55].
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Moment based methods can be used for local patches by using appropriate windows -
the windows may also be viewed as weights. However, the generation of algebraic func-
tions which are affine invariant using weighted moments has not been demonstrated and it

is not clear that it can be done.

2.3 Image Based Methods

Unlike token based techniques, feature based methods take advantage of all the infor-
mation present in the image. This is because they utilize information everywhere in the
image and do not require the existence of specific structures in the image. The disadvan-
tage of methods based on image features is that they are computationally expensive.

Image feature based methods utilize the principle of conservation of brightness between
corresponding points in two image patches. This conservation law assumes that changes
in brightness due to shading or illumination can be ignored. Let r be the image point in
the first image and r; the corresponding point in the second image such that r; = f(r),
where f is some coordinate transformation. Then the conservation of brightness [15, 21] is

expressed by the following equation,

Fl(r) = Fg(rl) (217)

where [ is the brightness in the first image and F; the brightness in the second image.
Constraint equations for different features may be derived from this conservation law
in a number of ways. For example, differentiating the above equation gives the following

constraint equation

dF(r)/d(r) = dFy(r,)/d(r1) * df (r1)/d(r) (2.18)

In this case, the feature used is the derivative of the brightness. Other example constraint

equations may be derived by filtering the image using linear filters. For example, under a
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similarity transform (f = sR where R is a rotation matrix and s the scale) , filtering the

image with a Gaussian gives the following constraint equation:

Fi(r) «G(.,0) = Fy(r1) * G(., s0) (2.19)

where G(.,0) is a Gaussian with standard deviation o. In this case, the features are the
outputs of the filters. Constraint equations can also be derived in the frequency domain by
computing the Fourier transform of both sides of the above equation (2.17). The features
in this case are the Fourier transformed outputs.

These constraint equations are functions of the transformation parameters and may,
therefore, be used to solve for the transformation parameters. For example, under an affine

transformation, the following constraint equation can be derived from equation (2.17).

Fi(r) = Fy(Ar + t) (2.20)

A linear approximation to this equation gives the following brightness constraint equation.

Fi(r) = Fy(r) + (Ar + t)" Fy(r) (2.21)

By applying the constraint equation to each pixel in a region R, an overconstrained system
of equations can be obtained. The optimal correspondence, in a least squares sense, can
then be determined from this system of equations [11].

A “spatial assumption” is made that over some neighborhood the transformation be-
tween two patches can be described by an affine. The justification for the spatial assumption
follows from the fact that locally the transformation between the different image projec-
tions of a smooth surface can be approximated by an affine transform. In such a situation,
the affine parameters are likely to vary slowly over a local neighborhood. The spatial con-

straints are related to smoothness assumptions on the parameters. Smoothness assumptions

20



on the image flow were typical of early optical flow algorithms e.g. [21, 3]. The “spatial
assumption” is more directly based on an approximation to the local surface geoemtry than
smoothness assumptions on the optical flow.

Multiple constraint equations can be obtained in two different ways:

1. By using many different features at a given point. For example, filtering the image
with a Gaussian and its derivatives at a point gives multiple constraint equations

[31,46,40,75].

2. By applying the constraint equation for a given feature to many different points in a

neighborhood [6, 11].

These two approaches may also be combined [41].

A number of factors influence the accuracy of the two approaches. To avoid aliasing,
the central regions of a filter must be weighted more than the extremities (i.e. the filters
must fall off gradually). Thus, most of the information obtained by filtering is from a
small area around the center of the region. Since discretization limits the precision with
which measurements can be made, affine transforms computed using small areas are a poor
approximation to the correct result (for a more detailed discussion, see Section 3.5). By
using filters centered at many different points, a much larger area may be used to compute
the affine transform thereby improving the accuracy of the computation. Since both aliasing
and discretization must be considered when computing any feature, the same results apply
to computations of affine transforms using image features. In general, therefore, the affine
transform results from the first approach (using multiple features at a single point) are
poorer [41, 75] than those using the second approach (constraint equations at multiple
points) [6, 41]; even if a number of features are available, it is usually necessary to find
constraint equations at many points (this will also be demonstrated in Chapter 5).

The simplest way to compute affine transformations or optic flow is to test for each

possible transformation while directly comparing the intensity values of both images. This
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is known as area correlation and has led to useful algorithms for finding translation [3].
Area correlation is expensive when more parameters need to be recovered because it tests
for each possible deformation while directly comparing the intensity values of both im-
ages. If the transformations are small, linearizing the constraint equations with respect to
the transformation parameters eliminates the search requirements. The transformation pa-
rameters can then be solved directly [11]. This strategy is widely used for computing optic
flow. Large translations can be recovered by using a multiscale coarse-to-fine approach.
The method can be extended to compute moderate—sized affine transforms by linearizing
the brightness around the current estimate of the affine transform: this may be done by
first warping one image with respect to the other using the current estimate of the affine
transform and then recomputing the affine transform. If the affine parameters include large
translations, a multi-scale version of the technique may be used [6]. This approach by
Bergen et al [6] leads to good results for moderately sized affine transforms.

There are a number of advantages to using features other than brightness. For example,
methods based on using the brightness directly are susceptible to illumination changes and
this may be avoided by using other features [34,75,27]. Using brightness directly has other
disadvantagesas well. Consider the brightness constraint equation applied to a number of
pixels in a region. If a least mean squares solution of this set of equations is obtained, pixels
which are brighter will be weighted more than the others. However, this is not desirable if
there are large homogeneous regions, for such regions provide little information. Instead,
it is preferable to weight pixels where the gradient or some other quantity is large. This can
be done automatically by using features obtained by filtering the image with, for example,
the derivatives of Gaussians. It is also possible to obtain features invariant to particular
transformations. For example, features like the power spectral density are invariant to
small changes in translation.

By comparing feature values from the two image patches, both the correspondence and

the transformation parameters may be recovered. A least means squares solution may be
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used to do this in a manner simialr to the brightness case. Features are expensive to compute
and so it may be desirable to minimize the number of features used.

Feature set approaches have been used to compute good approximations to stereo cor-
respondence [31], to optical flow, [73] and to affine transforms by searching over the space
of features [27]. Small affine transforms have also been computed by linearizing the con-
straint equation values with respect to the transformation parameters [75, 76].

We now examine some of these methods in greater detail. This will be largely confined
to techniques used to measure affine transformations; for a review of techniques to find

optic flow see [].

2.3.1 Brute Force Search

The most straightforward method to match image patches is to directly correlate the
image intensities of a model image patch with another image patch by searching over the
space of affine parameters.

Consider an image patch F}, obtained by affine transforming the patch Fi. i.e.

where (t,A) is the affine transform, t being the translation and A the 2 by 2 affine deforma-
tion matrix.

An initial correspondence is obtained by correlating the two image patches while as-
suming that there is no deformation ie. A = I. This solves for the translation parameters
and corresponds to the case where the optical flow is computed [3].

The simplest way to recover the affine transform is to sample the space of affine trans-
forms so that the equality in equation 2.22 is satisfied for the two patches. Consider two

corresponding regions R; and 7, in the two images. The pixel intensities in R; and Rs
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may be written in the form of column vectors I, and I,. These intensities are then related

by the matrix T which is a function of the affine parameters.

I, =TI (2.23)

The space of affine transforms is sampled and T precomputed for each set of sample values.
The affine parameters for which the above equation is best satisfied in a least squares sense
is selected.

Instead of using all the pixel values, Jones and Malik [28, 27] used a basis set. They
filtered the regions Ry and R, with a set of Gaussians and derivatives of Gaussians at
several different scales. The outputs of the filters were then stored in the column vectors I,
and I,. The resulting column vectors are smaller than if all the pixels in the entire image
were used. Initial correspondence was again obtained as before by assuming that there is

no deformation and minimizing the following error function.

I, — L2 (2.24)

There are a number of problems with the above approach. First, this approach involves
a brute force search through the space of affine parameters and is therefore very expensive.
Second, the regions R; and R, are of the same size, since the error function compares pairs
of pixels one from each window. Image patches can usually undergo deformations due to
affine transforms. Under a large affine transform, the size of one patch may be signifi-
cantly different from that of the other. A method which assumes that the two patches are
roughly the same size will, therefore, work only for small affine transforms. Alternatively,
one could compare an image patch with a deformed version of the second image patch,
warping the second image patch for every possible sample in the parameter space, which

would be computationally very expensive. The method used to find initial correspondence
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(equation(2.24)) also assumes small affine transforms (for example it would fail if there
was a large rotation).

In the special case of stereo the search is more manageable although still very expensive.
This is because changes in the vertical disparity parameters may be assumed to be zero (i.e.
the affine parameters ay; = 0 and ase; = 0) for the standard stereo configuration where
the cameras are verged by moving them in the epipolar plane. Since the relative positions
of the camera are known, the problem of computing the translation is simplified to a 1-D
search along the epipolar line. Further, in many situations the affine transform can also be
assumed to be small. Jones and Malik [28, 27], therefore, employed the technique of using
a basis set with exhaustive search (see equation 2.24) only for the case of stereo vision. A
total of 70 features were employed by using Gaussian derivatives up to third order at seven

different scales.

2.3.2 Linearized Methods

Due to the complexity and problems inherent in the brute force approaches, most tech-
niques to measure affine transforms start with the basic equations 2.20 and then linearize
them. Linearization leads to a set of linear equations which can be solved for the affine pa-
rameters. If the original non-linear equation is linearized about the origin (A = vI,t = 0)
only small affine transforms can be solved for. By coarsely sampling the space of affine
parameters and linearizing the non-linear equations at these sample values, larger affine
transforms can be solved for. Only a coarse sampling is required for linearization reduces
the number of samples required to solve for the affine transformation.

In the case of an affine transform, a linear approximation to F; is given by

Fi(r) = Fy(Ar +t) = Fy(r) + (t + Ar)T Fy(r) (2.25)

This is a linear equation in the six unknowns A, t. An overconstrained system is obtained

by assuming that the deformation over an entire region R is given by a single affine trans-
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formation A, t. An error measure is constructed by taking the euclidean distance

SOy (r) — B(Ar)]? = Y[Fi(r;) — Fo(r:) + (6 + Ary) " Fy(x;)]? (2.26)

where 1 indexes over the pixels in the region R. Since this is quadratic in the unknowns
A t, minimizing this with respect to the unknowns gives a set of linear equations in the
unknowns.

A number of people have used the above approach. If there is assumed to be no defor-
mation, this reduces to Lucas and Kanade’s technique [] for finding flow. If the deforma-
tion is large, one patch will be significantly larger than the other. However, the formulation
above assumes that patches of the same size are being matched which will, therefore, lead
to poor flow estimates. Even if one wants to compute flow, better flow estimates are ob-
tained by solving for the complete affine transform [11]. The disadvantage of computing
the complete affine transform compared to just the flow (i.e. translation) is that since many
more unknowns need to be computed, the regions R required to compute a robust solution
must be larger.

Minimizing the above error measure with respect to the affine parameters gives an over-
constrained linear system in the affine parameters. The affine parameters obtained are,
usually, poor. [11]. Considerable improvement can be obtained by using a warp and it-
erate strategy: an initial estimate of the affine transform is computed, then one image is
warped toward the other using this estimate and the procedure repeated for the warped im-
age [6, 64]. This may be viewed as a minimization of the original error measure using a
Gauss—Newton technique. Impressive results can be obtained if this is combined with a
coarse-to-fine pyramid scheme [6]. The coarse-to-fine pyramid (see 2.4), essentially, pro-
vides a good way of computing large translations. Still, the technique is limited to solving
for moderately sized affine deformations For large deformations the corresponding regions
R differ greatly in size and shape. Since linearized techniques assume that the regions

are approximately similar in shape and size, the method breaks down. On the other hand,
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the approach used in this dissertation better approximates the region sizes so as to obtain

improved results.

2.3.3 Deformation Based Methods

The techniques described below (except for Kass’s) recover the affine transform by
measuring the deformation of a region. If the affine transform is small, linearization can be
done. Large affine transforms can be recovered by moving the linearization point. That is,
the space of affine transforms can be coarsely sampled and linearization done about each
sample.

Kass [31] convolved a pair of stereo images with the Gaussian and its first and second
derivatives at a number of scales and used the best match over a set of filters to find corre-
spondence. Although his technique only measures disparity, it is important in being one of
the first to account for the effects of geometric distortion.

Consider a 1-D affine transform (i.e. a scale change and a translation). Given that G;
denotes the ' derivative, Kass assumed that a small value of the following error function

indicates a correspondence:

Z|F1 ) * Gi(z,0) — Fy(x) * Gi(x,0)|? (2.27)

However, a small value of the error only indicates correspondence if the geometric defor-
mation (i.e. the affine transform between the two patches) is small. Assuming that the two

patches are related by an affine transform, the error

Z |Fy(z) * Go(z,0) — Fy(z) * Go(z,0) | (2.28)

due to geometric deformation may be approximated to first order by the quantity

B, = sFy(z) * d*G(x,0)/dx? (2.29)
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where s is the scale change and d*G(z,0)/dz? is the second derivative of the Gaussian.
Kass, therefore, used the result of filtering the image with the second derivative Gaussian
as an indicator of the confidence in the correspondence. Wherever this was high, the con-
fidence in the correspondence was low and vice-versa.

Werkhoven and Koenderink [75, 76] went further and tried to estimate the affine trans-
form by matching representations of the two image patches. The representations were
obtained by filtering one image at a point with Gaussian derivatives and the second with
deformed versions of Gaussian derivatives, the deformation being precisely the affine trans-
formation of the patch. The solution, therefore, consists of finding the appropriate de-
formed Gaussian such that the filter outputs from the two image patches are equal. For
example, consider two images Fj(r) and F,(Ar + t) where the second image is an affine

transformed version of the first.

Fi(r) = Fy(Ar + t) (2.30)

If the first image is filtered with a Gaussian G(r, o), then the second image must be filtered

with a deformed Gaussian leading to the following equality (see Chapter 4 for a derivation).

Fi(r) xG(r,0) = Fy(r)) * G(A (v, + t,0)det(A™) (2.31)
where r;y = Ar. To avoid search, they linearized the filter outputs with respect to the
affine parameters. For example, the Gaussian on the right hand side in equation (2.31) may
be linearized with respect to the affine parameters (see Chapter 4) to give the following

equation:

Fi+G(,0) ~ F*xG(,0)+0%[(an — 1)y % Gup(.,0) + a1oFy * Gy,
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+ anFo* Guy(l,0) + (a2 — 1) Fax Gyl + t - [Fo x G'(., 0) (2.32)

where r = (x,y), the ¢;; are entries of the matrix A, G’ denotes the vector first derivative
of a Gaussian while G, G, and G, denote the three second derivatives of a Gaussian.
This equation is linear in the unknown afffine parameters A, t. Werkhoven and Koenderink
also linearized the first and second derivatives of a Gaussian in a similar fashion to give a
total of six equations in six uknowns. The solution of the resulting linear system gave the
six affine parameters.

Although this system is not underconstrained (there are six equations and six unknowns)
the results obtained are poor [76] (see also Chapter 4). For even moderate deformations
(< 1%), the errors are of the order of 3 to 6% because the linearized equations are a poor
approximation to the original non-linear equations. We show later (in Chapter 5) that the
results can be improved by solving the original non-linear equations using a Gauss Newton
approach. At each iteration of the Gauss—Newton technique, a system of equations of the
above form is solved and the image warped according to the recovered affine transform.
The use of spatial filters at multiple scales also improves the results (this will be discussed
in Chapter 5). A second problem with the Werkhoven and Koenderink algorithm is that
all the filtering is done at a single point. In this study (see Chapter 5), by pooling the fil-
tered outputs from different points, robust solutions to the problem of matching two image

patches under affine transforms are obtained.

234 Frequency Based Methods
Instead of using the spatial domain, the same computations can be carried out in the
frequency domain. The frequency domain constraints can be obtained by taking the Fourier

transform the original image equation Fy (r) = Fy(Ar +t).

S1(f) = So(A™' fewp(—2mj ft)det A" (2.33)
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To compute the affine parameters between two patches requires that the Fourier transform
be computed over those “local” patches rather than over entire image. Instead of explicitly
computing a local Fourier transform, the spectrogram may be sampled using a set of filters

(e.g. Gabor filters). A spectrogram of a window w(r) within an image F(r) is given by

S(r,f) = FoF(r')w(r — ') (2.34)

where F'o is the Fourier transform and r’ is a dummy variable. It can be shown that a
sampled version of the spectogram can be computed using a set of Gabor filters [17]. The
method is then equivalent to a filter based approach.

The translation between corresponding image patches can be recovered by compar-
ing the phases of the Fourier transform of the image patches [74]. One advantage of the
technique is that to some extent the translation and the deformation parameters can be de-

coupled by computing the square root of the power spectral density

1S1(f)| = [S2(AT" f)|det A" (2.35)

Note that the translation no longer appears in this equation. In many situations this is
advantageous, since this means that the method is insensitive to small translations or to
small errors in translations.

One approach to solving this equation for the affine parameters was proposed by Malik
and Rosenholtz [39]. To simplify the equations the determinant term was first eliminated
by dividing by the average power spectral density and the equation was then linearized.
This is equivalent to a frequency domain version of equation [2.25]. The affine transform
was then computed by solving a linear set of equations. One of the main disadvantages of
the method is that the frequency resolution of the Fourier transform is poor if the region
over which the transform is computed is small (the frequency resolution is of the order

of 1/N where N is a linear dimension of the image patch [53]). Thus, for good accuracy,

30



the window over which the Fourier transform must be computed must be large. These are
much larger than the corresponding regions required for the spatial domain.

Instead of explicitly computing the power spectrogram, one can use many narrowly
tuned filters to obtain an equivalent representation of the power spectrogram in the spatial
domain. This has been done mainly for the case of optical flow [78] and for the special

case of stereo [78].

2.3.5 Other Features or Basis Functions

A choice of appropriate features often simplifies the problem of computing affine trans-
forms or finding the best transform from a subgroup of the affine transform. For complete-
ness, a few of these techniques will be briefly mentioned.

For example, using a finite number of appropriate filters, the rotation subgroup may be
recovered [55]. Such filters include the first and second derivatives of Gaussians. Under
some conditions, a scale change can be recovered by using the Mellin Fourier transform
[62]. The intuitive basis for this technique will now be explained. A scale change trans-
forms the coordinates r; in the first image to ro = sr;. By transforming the original image

using the natural logarithm, the new coordinates x; and x, are:

Xo = X1 + In(s) (2.36)

The coordinate transformation between x; and x5 due to the scale change s is now a pure
translation which can be recovered using standard techniques for recovering translation.
Segman et al [62] show that if a coordinate transformation can be mapped to a Lie group
and the generators of this group are Abelian, then the images can be mapped to a new
set of features which differ by a translation. A similarity transform (scale, rotation and
translation) is one such group. The general affine transform is not an Abelian group and,
therefore, cannot be solved in this manner. The technique assumes that the entire image

is transformed in the same manner. Thus this technique is not general enough for the
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problems considered in this study which involve matching and recovering general affine
transforms over a part of an image.

Other choices of filters or basis functions may be made to recover the affine transform.
For example, Szeliski et al [69] used cubic splines to recover affine transforms. They
represented the whole image in terms of finite elements. Locally each finite element was
modelled using cubic splines. The transformation required to bring the two grids of finite

elements into aligment is the transformation needed to match the two images.

24 Coarse-to-Fine Approach: Recovering Large Translations

Sometimes, the translation component of the affine transform may be large. A standard
way to recover large translation components is to use a coarse—to—fine strategy [3, 6]. The
coarse—to—fine strategy is to initially start with the low frequency components of the image
and compute an initial estimate of the translation. The estimate may then be refined by
using higher frequency components. The strategy does not require explicit computation of
the Fourier transform. Instead, the image is succesively smoothed at different scales. The
smoothing filter usually used is a Gaussian.

The rationale for the coarse-to-fine strategy can be understood by considering a Fourier
decomposition of an image. For a given frequency f and a given translation t, the only
change in the Fourier component is a phase shift by the angle f - t. The phase shift can be
made arbitrarily small by picking a sufficiently small frequency f. Thus, large translations
can be recovered at coarse scales since the resultant phase shift is small.

Directly smoothing with large Gaussian masks is expensive. However, the same effect
can be obtained by constructing a Gaussian pyramid. This is done as follows. The first
level of the pyramid is the image itself. The next level is obtained by filtering the image
with a small Gaussian mask and sub-sampling by a factor of 2. Further pyramid levels are

obtained by recursively following the same procedure i.e. filtering with a Gaussian with
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the same standard deviation and sub-sampling by a factor of 2. A similar procedure may
also be used to create pyramids using other Gaussian derivatives.

The technique is valuable when used to match entire images with each other. However,
it may not be applicable to situations where the image patch to be matched may only be
a small portion of the entire image. The technique cannot also be generalized to the non-
translation component of the affine transform. This is because the deformations cause both

the magnitude, the phase and the actual frequencies to change.

2.5 Recovering Deformations in the Context of Shape from Texture

There are two aspects to finding shape from texture. First, image measurements need
to be made. Second, the image measurements are used with constraints on the texture
model and a projection model to derive 3-D information. The focus here will be on the
image measurements rather than on deriving the 3-D shape. However, since the image
measurements required are determined by the texture model, a discussion of such models
is necessary for a complete treatment of the subject.

A number of methods to recover shape from texture are based on recovering image
deformations. The deformation may be recovered by comparing two image patches. More
commonly assumptions are made on the distribution of the texture. Any deviation from the
assumed distribution is assumed to be due to the non-frontal projection of the surface. The
measured deviation may, therefore, be used to reconstruct the local surface orientation. The
assumed distribution simplifies the problem so that the complete affine transform does not
need to be recovered, only subgroups of the affine deformation are measured. A discussion
of methods to recover affine transforms for the shape from texture problem is, therefore,
incomplete without a treatment of the assumed distributions. Some common distributions

that are assumed include [65]

1. Homogeneity: Assumes that the texture density is approximately constant. Any vari-

ation in the density (area) of the images of the texture elements is, therefore, due to
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either an increasing or decreasing distance from the camera or due to foreshortening.
Foreshortening can occur with either orthographic or perspective projection while a
change in density with distance occurs solely due to perspective projection. A large
class of methods have attempted to find shape from texture by measuring the area or
density gradient [2, 26, 66, 48]. Since by assumption the texture density is the same

everywhere, the correspondence does not need to be recovered.

. Isotropy: Assumes that the measured property is isotropically distributed. Two dif-
ferent isotropy measures have been used in the literature. The first uses local edge
directions. In strong isotropy [77], the edges are assumed to be isotropically dis-
tributed whereas weak isotropy [17] only requires that the edges have no preferential
direction on the average. The second measure of isotropy used assumes that the
second moment matrix of the power spectral density of the surface texture is given
by some constant times the identity matrix. The actual measured second moment
matrix, therefore, encodes the distortion caused by the slant and tilt of the texture
patch [9, 17, 36]. Note that no correspondence problem exists since what is being
measured is the deformation with respect to an assumed distribution rather than the

deformation between two image patches.

. Homotropy: The assumption here is that on the average there is a preferred shape
and orientation to the tangent distributions. For example, if the texture elements are
all ellipses, homotropy would imply that the ellipses have the same shape and they
are oriented in the same direction on the surface. Homotropy is valid only for planes
since a constant direction cannot be defined for curved surfaces. A weaker version of
homotropy assumes that any variation in orientation or shape is smooth and slowly

varying [65]. The spacing between the texture elements may be random.
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2.5.1 Shape Distortion

An alternative technique for computing shape from texture makes no assumption on
the distribution of the texture. Rather it is assumed that the texels are identical and that
there is some subgroup of an affine distortion between the two image texel patches. It may
be shown that this is an underconstrained problem if two texels are used [30]. A common
solution is to assume that the surface orientation of one of the elements is known [30].
Alternatively, a comparison of the projected areas of texels may also be used to recover the
surface orientation of planes [5, 52, 7]. Explicit correspondence between texel elements is
usually required. Often this technique is used to compare areas of corresponding texels.

Real world textures may satisfy one or more of these assumptions at the same time.
Early techniques to recover shape from texture concentrated on recovering surface orien-
tation and simplified the problem of making image measurements. Often very specific
assumptions on the texture patterns were made. For example, the image was sometimes
assumed to consist of black dots against a white background and texels were recovered by
thresholding [2]. Recent shape from texture techniques have tried to deal with more general
textures. Since the focus of this work is on recovering image deformations, our discussion
will now focus on methods which compute deformations either between two image patches
or between an image patch and an ideal patch (for a review of other techniques to compute
shape from texture see [65]). Essentially such methods use moments of some function
of the power spectral density or spatial filters. There is a close relationship between filter
based methods and moment techniques. For example, Gaussian and Gaussian derivative fil-
ters can always be expressed as a sum of Gaussian weighted moments. Moments computed

over image patches are related by an affine transform.

2.5.2 Moment Based Methods
Under orthographic projection a planar textured surface patch V' (r) is related to its

image projection F'(r) by an affine deformation.
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V(r) = F(Ar) 2.37)
The affine deformation is related to the slant o and tilt 7 angles by [9]
A =R(1)M(o)R(—7) (2.38)

where R is a 2-D rotation matrix, and the slant matrix is
M(o) = (2.39)

Given the affine deformation the slant and tilt angles can, therefore, be recovered up to a
+180 deg ambiguity in the tilt.

Fourier transforming equation 2.37 gives
S,(f) = det(A™")S(A™'f) (2.40)

where S, and S denote the Fourier transforms of V and F respectively. The second moments

of the magnitude of the Fourier response are therefore related by [17]
/ f7(S, (£)|df = / AA (A T)T|S(A )| (AT)dA (2.41)

This may be rewritten as

e = ApuAT (2.42)

where /s and o denote the second moment matrices of S, and S respectively.
Given p, the affine transform can be recovered. In general the form of 1 is unknown
and all one can do is to make either statistical assumptions on its form (isotropy and homo-

geneity) or assume that there are identical texels distributed over the image.
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25.2.1 Isotropy
One possible isotropic assumption [9, 17] is that p, the second moment matrix of the

surface texture, is equal to the identity matrix. i.e.

e =1 (2.43)

Then

n=A? (2.44)

Intuitively, the above equation is consistent with the notion that an affine transform maps a

circle into an ellipse. This follows from the fact that

xTusx =zlz=c (2.45)

is the equation of a circle, while

el pr =2t AT Ax = ¢ (2.46)

represents the equation of an ellipse. The slant and tilt of a planar surface can now be
recovered using the eigenvalues of 1.

Brown and Shyvaster [9] computed the orientation of a global plane using isotropy.
Instead of using spectral moments they used the auto-correlation function of the intensity
which turns out to be the Fourier transform of the power spectral density. These equations
can also be used for weak perspective projection by incorporating an additional scale term
s in equation 2.38 to give

A = sR(r)M(o)R(-71) (2.47)

By comparing different patches on the surface, the relative scale may be determined from

the smaller eigenvalue of ;2 assuming that there are no lighting or shading variations.
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For perspective projection with a planar retina, this equation is only valid near the
image center, since at other points the image plane is no longer normal to the view ray and
hence the projection changes with image position. Garding [17] was able to circumvent
this problem using a spherical retina. A spherical retina has the property that locally it is
always normal to the view ray. Hence the equations for weak perspective can be used at
every point. A virtual spherical retina can be created using a gaze transformation. This
transformation is only dependent on camera parameters. Garding computed the required
moments using Gabor filters. The basic technique assumes that a single plane is imaged.
Garding partitioned the image into a number of windows and computed moments over each
such window. It was assumed that within a window, the surface could be represented by a
plane. Thus a coarse piecewise planar approximation to the surface was computed.

This model has a number of advantages for computing shape from texture. Since the
comparison is between an image patch and an ideal model of the surface texture rather
than between two image patches, no explicit correspondence needs to be computed. The
algorithm uses the shape of the ellipse which is computed using ratios of moments. For the
case of orthographic projection the absolute values of the moments are, therefore, inconse-
quential. This makes the method relatively insensitive to lighting. The main disadvantage
of the technique is that although the method is reasonably robust to some deviations from

isotropy, the assumption of isotropy is not always valid for real textures.

2.5.2.2 Homogeneity

An alternative assumption to make is to assume that the surface texture is homogeneous.
This implies that the local second (surface) moment matrix is more or less constant at
neighboring points (it is implicitly assumed that locally the surface can be approximated
by a plane and the moments are computed over this plane). If the surface orientation at any
point on the surface is known, then it can be used to recover the surface orientation of every

other point. Taking the determinant of both sides of equation 2.42 gives
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det(A)*det(ps) = cos(o)?det(j1,) = det(p) (2.48)

If now two points in the image are taken and their surface moments are assumed to be the
same, then

cos(oy)det(py) = cos(oy)*det (i) (2.49)

The computation of slant depends only on the ratio of the determinants of moments i.e.
it depends on the shapes of the ellipses defined by the second moments rather than the
absolute magnitudes of the moments. This should make it relatively insensitive to lighting
and albdeo variations.

The limits for the original moment equations were —oo to oco. However, the approach
discussed here requires the use of local moments computed by using finite windows. If
finite windows are used, the windows must be different for the two corresponding image
patches. To see this note that a circular window on the surface corresponds to an elliptical
window in the image. By homogeneity, circular patches of the same size on the surface
have on average the same energy and second moments. Therefore corresponding elliptical
patches (and these ellipses may have different shapes and size) must also have the same
energy. To compare them, one must therefore compute moments over the appropriate el-
liptical areas. Since the size and shape of the windows depends on the affine deformation
between the patches - which is unknown - the use of different windows would make the
equations complicated and messy. It is, therefore, usually assumed that in practice using
the same window suffices. Recently some techniques have been suggested for computing
the window adaptively (see Section 2.5.2.3).

It is often desirable to make the technique relatively insensitive to lighting and albedo
variations. This can be done by dividing by the local energy, which is just the power
spectral density integrated over the window. The local energy in the neighborhood of each

image point is related to the surface energy of the corresponding point by
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/ 1S, (£)[2df = / IS(Af)2det AdAS (2.50)
Dividing the second moment equation 2.42 by the above equation gives
Ap ATdet(A) = i (2.51)
where the prime denotes normalized moments. Thus the determinants are now related by
det(A)*det(u,") = cos(o)*det(y) = det () (2.52)
The slants at neighboring points are, therefore, related by
cos(oy)*det(py') = cos(oy)*det(py") (2.53)

Notice that the ratio of the determinants of the second moments are now proportional to
the fourth power of the cosines of the slants unlike the un-normalized equations where they
were only related by their second powers.

Super and Bovik [67] used the normalized equations to recover shape from texture.
They assumed that at one point, the surface was frontal (i.e. its slant was zero). Knowing
this the surface orientation at every other point can be recovered and they were able to

recover the surface orientations for curved objects.

2.5.2.3 Adaptive Filtering

As discussed in the previous section, when finite windows are used, a given window
on a surface patch will correspond to windows of different sizes and shapes in the image
depending on viewpoint. Since the window shape and size depend on the unknown affine
deformation between the patches, the correct window with which to filter is uknown apriori.

However, a couple of adaptive schemes to compute the windows have been suggested. Both
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techniques use Gaussian and Gaussian derivative filters. The idea is simply to first compute
an approximate value of the affine transform using a circular Gaussian. Then the image
is locally re-filtered by an elliptical Gaussian whose parameters are given by the current
estimate of the affine transform and the affine transform recomputed. The process can be

repeated till convergence is achieved; let

G(r,0) = kiexp(—r'ro?) (2.54)

where k; is a normalization factor define a circular Gaussian. Then the elliptical Gaussian
is defined by
G(r,0) = kyexp(—r"D 'r) (2.55)

where ks, is a normalization factor, D = A’A’"! is a real symmetric matrix and A’ is the
current estimate of the affine matrix.

Warping is an alternative adaptation scheme that is commonly used in the motion and
registration literature. Many of the common schemes use filter outputs at many correspond-
ing points to compute the affine transforms An affine transform causes the relative spacing
between such points to change. An adaptive scheme makes it necessary to use some kind
of interpolation to compare the filter outputs at corresponding points in the two images.
This can be achieved by warping. However, in most shape from texture work, the affine
transform at a point is usually computed using only filter outputs/moments at that point and

hence warping is not necessary.

2.5.24 Picking Points

So far it has been assumed that textural information is available everywhere in the
image. This ia obviously not true for many non-homogeneous textures. For such textures,
the information at some points may be more reliable than at others. Lindeberg and Garding

[36] considered the problem of finding reliable feature descriptors. The descriptor they
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used is the following second moment computed as the average of the outer product of the

first derivative of the Gaussian.
= /w(z,y)(F* G (F * G") ' dwdy (2.56)

where G’ is the first derivative of the Gaussian, F is the image irradiance, w is a Gaussian
window function whose standard deviation is termed the integration scale. They show that
this is in fact equivalent to using Gaussian weighted second moments of the power spectral
density.

Lindeberg and Garding were in addition interested in finding the appropriate scale (in-
tegration scale) over which to compute the above descriptor. They argued that the maxima
and minima of some function of the second moment matrix y; over scale and position were
good candidates for interesting features. They chose the local maxima of the det(zy) over
scale and position. They then used both isotropy and the areas of detected blobs to compute

planar orientations.

2.5.3 Comments

The shape from texture methods discussed here have largely been limited to recon-
structing globally planar surfaces or coarse piecewise planar surfaces. Of the moment based
techniques, only Super and Bovik [67] attempt to reconstruct a curved surface. However,
no information is available on the quality of their reconstructions. In addition, no technique
attempts to solve the problem of recovering shape for a set of identical texels distributed
arbitrarily on a surface. In principle this could be solved by computing the affine transform
(shape distortion) between corresponding pixels. However, the difficult problem of finding
correspondences between texels then needs to be solved; this is particularly difficult be-
cause the distances between texels (texels is used in a larger sense here) may be large. Our

discussion, here, has not included the work of Malik and Rosenholz [39]. This technique is
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similar to work in the area of motion and registration and was more appropriately discussed
there (see Section 2.3 .4).

Shape from texture techniques are usually insensitive to surfaces which are nearly
frontal. This is reflected by the fact that all shape from texture methods compute the cosine
of the slant matrix in order to compute the slant. Since the cosine function varies slowly
near zero degrees, these techniques are not very sensitive to surfaces which are nearly

frontal (cos(0) = 1.0, cos(10) = 0.98).
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CHAPTER 3

PROBLEM FORMULATION

3.1 Introduction

The problem of matching two image patches under an affine transformation is formu-
lated here as a problem of matching appropriate representations of the patches with respect
to each other. The representations are obtained by spatially filtering the image patches
with Gaussians and derivatives of Gaussians. It is shown that by using Gaussian filters, the
outputs are equal provided the Gaussian is affine-transformed in the same manner as the
function. Similar results are derived for the first and second derivatives of Gaussians. The
problem of recovering the affine parameters is then reduced to finding the deformation of a
known function, the Gaussian, rather than of the unknown brightness functions.

The basic intuition behind these statements is illustrated by the one-dimensional (1D)
functions plotted in Figures 3.1 and 3.2. Figure 3.1 shows a 1D function and a Gaussian
filter with scale 0 = 1. In Figure 3.2 the 1D function is scaled by a factor of 1.4 and the
Gaussian’s standard deviation is scaled by the same amount. Note that at corresponding
points in the two graphs, the product of the function and the Gaussian remains the same.
Thus, the filter outputs remain the same (the Gaussians must be normalized to have unit
area for the filter outputs to be the same).

The solution to the problem consists of finding the appropriate deformed Gaussian(s)
such that the filter outputs from the two image patches are equal. This can be done by sam-
pling the space of affine transformations, which is an expensive operation. Alternatively,

the space of affine transformations can be coarsely sampled and interpolation used to solve
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Figure 3.2. A scaled version of the 1D function and a scaled Gaussian filter overlaid on it.
Note that the Gaussian and the 1D function are scaled by the same amount.
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for affine transforms which lie in between the sampled points. This is the procedure that
will be followed here (see Chapter 4 and Chapter 5).

In addition by pooling the filter outputs from a number of different points over a patch,
the results can be made much more robust. This contrasts with other work which also
models deformations [75] but is much more brittle because it uses filter outputs from a
single point.

This chapter is laid out as follows. Given two image patches which differ by an affine
transformation, it is shown that the output obtained by filtering the first image patch with
a Gaussian must be equal to the result of filtering the second image patch with a deformed
Gaussian, the deformation being precisely the affine transform. Similar results are then
derived for the first and second derivatives of Gaussians. The above equations relating
the filtered outputs of the image patches are derived by filtering with the Gaussians and the
derivatives centered at the origin. The result of filtering with Gaussians and their derivatives
at other points is then derived. By taking the Fourier transform of the Gaussian equations,
similar relationships are derived in the frequency domain. The initial discussion assumes
that the image translation is zero, which is equivalent to assuming that the image translation
is known. Methods for incorporating the image translation into the formulation are then
discussed.

It is assumed that shading and illumination effects can be ignored. These can, however,
be taken care of by multiplying the equations by an additional constant factor. Most of

what follows is valid for arbitrary dimensions; the 2-D case is used as a specific example.

3.2 Deformation of Filters
Notation Vectors will be represented by lowercase letters in boldface, while matrices

will be represented by uppercase letters in boldface.
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Consider two functions F; and F, related by an affine transform (A, t). For the time
being, the translation will be assumed to be zero. The effects of translation will be discussed
later in Section 3 4.

Since the affine transform may be viewed as a transformation of the underlying coordi-

nate system, this may be written as
Fi(r) = F5(Ar) 3.1
The areas under the functions over some finite interval are related by:

a a Aa

/ Fy(r)dr = / Fy(Ar)dr = / Fy(Ar)d(Ar) x det AL (32)
—a —a —Aa

expressed succinctly as

v = vy X det A1 (3.3)

where v, = 2, Fy(r)drand v, = [*2, Fy(Ar)d(Ar). Let s; be the scale change along the
ith dimension and n the number of dimensions. The fact that det(A) = II}s;, the product
of the scale changes s;, leads to an intuitive explanation for equation (3.3). Consider the
1-D case (n = 1), where the affine transform reduces to a scale change. Assume that the
function F} is graphed on a rubber sheet. The graph of F5 is obtained by stretching the
sheet (assuming the sheet stretches linearly). Along with the function, the coordinate axes
and the units marked off along them are also stretched. The determinant term is equal to
the stretching undergone by the coordinates. Note that the area under a function may also
be viewed as the zeroth moment of the function.

Equation (3.2) cannot be used directly because the limits on the right-hand side depend
on the affine transform and are therefore unknown. This crucial point has not been handled
correctly before. Instead, a number of existing methods [6, 11] assume that the patches

are the same size (i.e. the limits are the same). One approach would be to take the limits
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from —oo to co. However, this will not preserve localization. Localization is desirable
because it is often necessary to compute affine transforms between image patches rather
than between entire images. The solution described here involves weighting the function
by another function which decays rapidly - here the Gaussian will be used. Note that
filtering with a Gaussian or a Gaussian derivative may be viewed as the same as computing
a linear combination of Gaussian weighted moments. Thus a filtering operation with a
Gaussian or a derivative of a Gaussian will sometimes be referred to as a weighted moment
in the rest of the dissertation. Weighted moments differ from ordinary moments in one
important respect; invariants to the general affine transform cannot be constructed using
weighted moments.

The case where A = sR, i.e. the affine transform is composed of a scale change s and
a rotation R, will be discussed first; this is followed by a discussion of the more general

case.

3.2.1 Case A =sR

Denote the un-normalized Gaussian by

H(r,0%) = exp(—r'r/20?%) (3.4)

Multiply both sides of equation (3.1) by H (r, c?) to obtain :

Fi(r)H(r,0?) = Fy(Ar)H(r,0?) (3.5)

The following identity follows from the orthonormality of rotation matrices

H(r,0?) = exp(—r'r/20%) = exp(—sr’ RT Rsr/2(s0)?)
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= H(sRr, (s0)%) = H(Ar, (s0)?) (3.6)
and allows equation (3.5) to be rewritten as
Fi(r)H(r,0%) = Fy(Ar)H(Ar, (s0)?). (3.7)

The Gaussian weighted zeroth moment (which is identical to filtering with a Gaussian)

may, therefore, be written as

/ Fi(t)H(r,0%)dr = / Fy(Ar)H(Ar, (s0)?)dr

= /FQ(Ar)H(Ar, (s0)?)d(sRr)s™" (3.8)

where the limits are taken from —oo to co. The factor s~ = det A~! and can be eliminated

by using normalized Gaussians
= ————H(r,o?) (3.9)
in place of H. The moment equation then becomes:

[ F@GE, )i = m/Fl(r)H(r,az)dr

_ m [ Fa(Ax)H(Ax, (s0))d(Ar)s "

= /FQ(Ar)G(Ar, (s0)?)d(Ar) (3.10)

The integral may be interpreted as the result of convolving the function with a Gaussian at
the origin. It may also be interpreted as the result of a filtering operation with a Gaussian.

To emphasize these similarities, equation (3.10) may be written as
Fy % G(r,0%) = F, x G(ry, (50)?), (3.11)

where r; = Ar.
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Equation (3.11) is exact and is valid for arbitrary dimensions. The problem of recover-
ing the affine parameters has been reduced to finding the deformation of a known function,
the Gaussian, rather than of the unknown brightness functions. The basic intuition is that
by using Gaussian filters, the outputs are equal provided the Gaussian is affine-transformed
in the same manner as the function. The equation is invariant to rotation which implies that
scale can be recovered but not rotation (the rotation can be recovered by other means to be
discussed later). Note that although the limits are infinite, since the Gaussian is a rapidly
decaying function, it suffices in practice to take limits from —4o0 to 40 (and correspondingly

from —4so to 4so on the right hand side), maintaining spatial localization.

3.2.2 General Case
A similar equation can be shown to hold for arbitrary affine transforms, provided gen-
eralized Gaussians are used. Define a generalized Gaussian as

1 ( r'M™'r
(2m)n/2 det (M) 172 <P 2

G(r, M) = ) (3.12)

where M is a symmetric positive semi-definite matrix. Then

G(r,0’T) = ! exp(lTr)
’ (27)"/2 det(o21)1/2 202
1 —rTAT(AT) 1A tAr
- (27r)n/20nexp( 202 )
1 Ar)T(AAT) Y(Ar
- (2#)”/20"%1)(_( - 202) ( ))
= det(AAT)Y2G(Ar, 0*(AAT)) (3.13)

The Gaussian weighted zeroth moment equation (i.e. the result of filtering with the Gaus-

sian) may, therefore, be written

/ Fi(t)G(r,0?)dr = det(A) / Fy(Ar)G(Ar, 02(AAT))dr
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= dei(A) [ Fy(Ar)G(Ar,*(AA"))d(Ar) dei(A)

- / Fy(Ar)G(Ar, 02(AAT))d(Ar), (3.14)

where the identity det(AA”)Y/2 = det(A) has been used. The matrix AAT is a symmet-

ric, positive semi-definite matrix and may therefore be written

o?AAT = RER” (3.15)
where R is a rotation matrix and X a diagonal matrix with entries s,02, s902...5,02 (s; >
0). Thus

/ Fy(r)G(r, 0?T)dr = / Fy(Ar)G(Ar, RERT)d(Ar). (3.16)

Again, to show the connections to convolution and filtering, this may be written as

Fy % G(r,0l) = F, + G(r;, RERT). (3.17)

The level contours of the generalized Gaussian are ellipsoids rather than spheres. The
tilt of the ellipsoid is given by the rotation matrix while its eccentricity is given by the
matrix 3, which is actually a function of the scales along each dimension. The equation
clearly shows that to recover affine transforms by filtering, one must deform the filter ap-
propriately - a point ignored in most previous work [6, 12, 28]. This equation alone does
not permit the recovery of the complete affine matrix - only the scales and the tilt. To find
the complete affine transform, either higher order moments or derivatives of Gaussians (see
Section 3.3) need to be considered and/or the filtering must be done at many points (see
Section 3.5). Using higher order moments also permits the use of more overconstrained

equations.

3.2.3 Using Other Weighting Functions
Weighting functions other than the Gaussian may be used. The weighting function must

have certain desirable properties. It should be maximum at the origin and then decay, so that
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points away from the origin are weighted less. Further, points equidistant from the origin
should be weighted symmetrically. It should also be smooth. Differentiable functions of
the form f(r/co) are good candidates, although these are not rotation invariant. If rotation
invariance is desired, functions which have the form f(r'r/o?) may be used. For example

one possible weighting function is

w(r) = cos(r'r/o?) for —7/2 <|r/o| < 7/2 (3.18)

= 0 otherwise (3.19)

Note that this is not normalized, and normalization is a desirable property because then
weight functions at different scales can be directly compared. Other possibilities include
Gabor functions. Weighting functions other than Gaussians or Gaussian derivatives will

not be investigated further here.

3.3 Higher Order Moments and Derivatives of Gaussians

We will now derive equations relating the first moments of F} and F5 under an affine
transformation. Similar results will be derived relating the second moments of F} and F5.
Filtering with Gaussian derivative equations is equivalent to computing Gaussian weighted
moments. Thus, similar relationships between the Gaussian derivatives of F; and F, will
also be derived here.

The first order moments of /3 and F5 are related by

/11‘F’1(r)dr = /11‘F’2(Ar)dr

Aa
= A R ArFy(Ar)d(Ar)det A™! (3.20)
or
M1 = Ail/vbz x det At (3.21)
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The second order moments are given by

/a rrl Fy(r)dr = /a rr’ Fy(Ar)dr

—a —a

Aa
= A / Ar(Ar)"F(Ar)d(Ar)(A YT det At (3.22)
—Aa
and this may be expressed as
[ = ATy (A )  det (AT (3.23)

Note that the zeroth moment equation is a scalar equation, the first moment a vector
equation, and the second moment is a matrix equation. As before, the moments are not
directly measurable in the form given and need to be weighted. If Gaussian weights are
used, a simple derivation is available. This uses the fact that the derivatives of Gaussians
are closely related to the weighted moments using Gaussians (Gaussian derivatives are
linear combinations of products of polynomials with Gaussians).

The effect of filtering with derivatives of Gaussians (i.e. convolution with derivatives of
Gaussians) can be obtained by differentiating the Gaussian equation (3.14)). Let us write

r; = Ar and then differentiate equation (3.14) as follows:

d[F\(r) * G(r,0’)]/dr = d[Fy(r)) * G(r, AAT6?)]/dr (3.24)

= d[Fy(r,) * G(r;, AAT6?)]/dr, x d(Ar)/r (3.25)

This gives
Fi(r) * dG(r,0%T) /dr = AT Fy(r)) % dG(r;, AAT0?) /dr, (3.26)
where
dG(r,0°T)/dr = —%G(r, 1) (327
and
dG(ri, AATo?) /dr) = —(AAT0*) v G(ry, AATG?) (3.28)

53



Equation (3.26 looks different from the first moment equation (3.21) because the Gaus-
sian has been normalized before differentiation. Convolving with second derivatives of a

Gaussian gives
Fi(r) * d*G(r,0’T)/d(rr") = AT Fy(r)) * °G(r1, AAT %) /d(rir,T)A (3.29)

where
(rrf)/o? -1
2

d*G(r,0%1)/d(rr") = G(r,0%T) (3.30)

o

and

-1

d*G(r;, AAT0?) /d(rir,") = [(ATA0?) 'rir] (ATAG?) ' —(AATG?) |G(r;, AAT6?)
(3.31)

The form of the moment equations is due to the linearity of the affine transform. For
example the fact that there is an A~ multiplying the first moment on the right hand side
in 3.21 1s directly due to the linearity of the affine transform. Gaussian derivatives are
products of polynomial functions with Gaussians. Thus filtering with Gaussian derivatives
is equivalent to computing a linear combination of Gaussian weighted moments. It is no
surprise, therefore, that the first derivative of the Gaussian equation (equation 3.26) is sim-
ilar in form to the first moment equation. The first derivative on the right side of 3.26 is
pre-multiplied by A" Similarly, equations (3.29) and (3.23) are seen to be closely related;

the difference is the additional term due to the Gaussian weighting in equation (3.29) and

due to normalization.

3.4 Incorporating Translation
Translation can be incorporated in the above equations in a straightforward way. When

translation is included the brightnesses are related as follows:

54



This implies that the Gaussian equations when translation is included are given by

/ Fi(t)G(r,0’T)dr = / Fy(Ar + t)G(Ar, RSRT)d(Ar) (3.33)

- / Fy(Ar)G(Ar — t, RERT)d(Ar) (3.34)
This may be rewritten in the notation previously used as
Fy +G(r,0°1) = F, « G(Ar — t, RZR") (3.35)
Similarly the first derivative equation is given by
Fy +G'(r,0%T) = ATF, « G'(Ar — t,RERT) (3.36)
and the second derivative equation by
Fi+G"(r,0’1) = ATF, « G"(Ar — t, RERT)A (3.37)

The translation tends to interact with the deformation terms as will be seen later (Chapter

5).

34.1 Moments in Other Domains

Similar moment equations can be written in the frequency domain. In the frequency
domain, translation is encoded by the phase. By taking the moments of the magnitude
of the frequency response, the moments can be made insensitive to small variations in
translation (gross translation still needs to be recovered). The disadvantage of frequency

based methods lies in the need for large windows to obtain good frequency resolution.

55



Taking the Fourier transform of equation 3.1 results in:
S1(f) = So(A1f)/ det(A) (3.38)

where S;(f) and Sy(f) are the Fourier transforms of F; and F, respectively. Thus the
zeroth moment of the magnitude of the frequency response (which is identical to the square

root of the power spectral density) is given by
ISt = [ 1su(a ) laa ) (339)
Using more compact notation, this may be written as

Ho1 = Ho2 (3.40)

where 1 is the moment of the square root of the power spectral density, and the first sub-
script denotes the order of the moment. It is straightforward to show that the first moment
equation is given by

pir = A (341)

and the second moment equation by
o1 = A7 g (ATHT (342)

Unlike the moment equations in the spatial domain, the determinant terms are no longer
present.

Using ordinary moments (as opposed to Gaussian—weighted moments) implies that all
the frequencies are equally weighted for the zeroth moment, while the higher frequencies
are much more heavily weighted for the first and second moments. This is not desirable

since noise often affects the high frequency response much more than the low frequency
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response. It is, therefore, advantageous to weight the low frequencies more than the high
frequencies. The desired weighting may be achieved by using Gaussian—weighted mo-
ments in the frequency domain. The procedure for deriving Gaussian—weighted moments
in the frequency domain is similar to the procedure used for deriving Gaussian—weighted
moments in the spatial domain. For example the Gaussian—weighted zeroth moment in the

frequency domain is given by
/ 1S, (£)|G (£, 0?T)df = / 1S, (A ) |G(A ', RERT)d(A ) det(AY)  (3.43)

Compared with the Gaussian equations for brightness there is an additional determinant
term which complicates the computation of the affine transform.

Identical moment equations can be written using the auto-correlation of the functions
Fi and F5 instead of the functions themselves; the auto-correlation of a function F is defined
as

L(r) = /oo F(r)F(r + 1)dr, (3.44)

Frequency domain methods have for the most part been confined to the shape from

texture literature and have not been much used in motion work.

3.5 Spatial Constraints

The discussion so far has centered on filtering with the Gaussian and Gaussian deriva-
tive equations at a single point. Just using the filter outputs from a single point is not a
robust strategy to recover the general affine transform. For example, Werkhoven and Koen-
derink [75] use the Gaussian and the Gaussian derivatives up to the second order to produce
six equations for six unknowns (Aand t) (see Chapter 5). However, as their experiments
[76] and our experiments (see Chapter 5) show, this system of equations is not robust -
essentially because all measurements are made around a single point (that is, all the deriva-

tives are estimated at the same point). To provide robustness, the spatial constraint that the
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deformation is approximately unchanging over some neighborhood can be imposed. Note
that by making this region large the affine transform can be better approximated. However,
if the region is too large it may not be possible to model it using a single affine transform,
either because the underlying surface is non-planar or because over a large enough region
the effects of perspective projection must be modelled.

An affine transform models the deformation over a region rather than at a single point.
Robust recovery of the affine transform requires that measurements be made over the entire
region rather than at a single point. Measurements made over a small area around the center
of the region may provide an approximation to the affine transform (which may be poor).
This occurs because discretization limits the precision with which measurements can be
made. The following 1-D example demonstrates that using measurements over a small

area near the center can produce poor results.

-
=

<
2

Figure 3.3. Precision of measurements.

Consider two points z; and zo separated by a distance of k pixels (see Figure 3.3.
Assume that discretization limits the accuracy with which the distance can be measured to
m (say m < 1) pixels. Now let there be a scale change s so that the points 2 and x}, are now
separated by w = ks pixels. The scale change will, therefore be given by w/k. However,
the distances k and w can only be measured with finite precision. Thus the measured scale
change is given by round(w/m)/round(k/m) where round(x) returns the value of x rounded
to the nearest integer. Some numbers will help to clarify this result. Let m = 0.5,k =2,
w = 2.3. Then the actual scale = w/k = 2.3/2 = 1.15. The measured scale is, however,
1.25 which is far from 1.15. Assume that m stays the same but k = 6 and w = 6.9. In
the second case, the measured scale = 1.17 which is much closer to the correct value. The

example demonstrates that large errors can occur if the spacing between the points where

58



the measurements are made is small. Although the example was demonstrated using points,
a similar problem is encountered when using filter based methods.

On the other hand, if the region size is too large, it may no longer be possible to model
the deformations using an affine transform. Thus there is a limit to how large such regions
can be made.

The spatial constraints can be enforced by

1. applying one or more of the constraint equations at more than one point in a neigh-

borhood or
2. by using filters at multiple scales and orientations.

It is also possible to combine them and use multiple scales and apply the constraint equa-
tions at each point. However, this does not seem to have any specific advantage since the
scale information is already present.

The second approach takes advantage of the fact that image information is present at
multiple scales. When the scale of a filter is increased, the filter provides information from
many more pixels. A filter used at a single scale averages the information over the pixels.
However, it is the spatial variation of the signal which helps determine the affine transform.
By using multiple scales, averages over different sized windows are used providing much
more information about the spatial variation of the signal. It is straightforward to modify
the equations to use multiple scales. The Gaussian and Gaussian derivative equations above
are valid for any arbitrary choice of 0. Thus by selecting different values of o, filters at
different scales are obtained.

The other approach is to use the filter at many points in a region. Filtering at a point /;

modifies the generalized Gaussian equation to give

/ Fi(t)G(r — L, 0*)dr = / Fy(Ar)G(A(r — L), RERT)d(Ar) (3.45)
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Thus is the image is filtered at point Al; in the second image patch. This is equivalent to

introducing a translation equal to 1;. The first derivative equation is given by
/ Fi(t)G'(r — 1, 0°T)dr = / ATEy(Ar)G'(A(r — 1), RSRT)d(Ar)  (3.46)
while the second derivative equation is
/ Fi(r)G"(r — 1, 0?T)dr = / ATE(Ar)G"(A(r — L), RERT)d(Ar)A  (347)
When a system of equations is obtained by filtering with circular Gaussians over many
scales but at a single point, the rotational invariance of the system is preserved. The main

disadvantage of filtering at many points in a region is that the system of equations is no

longer rotationally invariant.
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CHAPTER 4

SOLUTION FOR THE SIMILARITY CASE

4.1 Introduction

In the previous chapter, the problem of matching two image patches under an affine
deformation was formulated. It was shown there that if Gaussian filters were used, then the
outputs were equal provided the Gaussian was affine transformed in the same manner as
the image. Thus, the problem of finding the affine transform was, therefore, reduced to the
problem of finding the deformation of a known function, the Gaussian.

In this chapter, the Gaussian equation is solved for the specific case when the affine
transform is expressed as a similarity transform, i.e. a scale change s, a rotation R and
a translation (A = sR + t). When the affine transform can be expressed as a similarity
transform, the deformed Gaussian has a standard deviation s x o (see Chapter 3) where s
is the scale of the similarity transform. Since the affine transform is unknown, the correct
deformed Gaussian may be be recovered by searching the space of all deformed Gaus-
sians. This search is expensive, so an alternative is proposed here. The alternative involves
sampling the space of deformed Gaussians and linearly interpolating between them.

As discussed in the previous chapter, an overconstrained system of equations can be
produced either by varying the scale of the Gaussian equations or by formulating the equa-
tion at more than one point in a region (or by a combination of both). The first approach
is used in this chapter to solve for similarity transforms. The next chapter shows how the
second approach may be used to recover general affine transforms.

Similarity transforms arise in a number of practical situations. For example, when a

robot’s motion is mostly translational with small rotational components and the structures
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in the image are shallow (i.e. have small extent in depth compared to their average depth),
the deformation can be adequately explained by a scale change proportional to the depth
of the corresponding structure and a rotation [57]. Matching under similarity transforms is
also useful for image retrieval. Consider, for example, the problem of searching for logos
or trademarks in a database. The logos or trademarks are obtained from scanned paper
documents and therefore their orientation and aspect ratio are likely to be unchanged. The
only unknowns are the relative scaling of the logos or trademarks and their position on the

document. This can be modelled by a similarity transform.

4.1.1 Solving the Zeroth Moment Equation
Equation 3.11 will be initially solved assuming that the translation is zero and then
modified to deal with translation. When the affine transform is described by A = s R,

equation (3.11) can be written as

Fi(r) * G(r,0%) = Fy(ry) * G(r1, (0)?) 4.1)

where 0* = so. The important point here is that the rotation matrix does not figure in o*.
The problem of finding the scale parameter has therefore been converted into the problem
of finding the value of o*. The present formulation reduces the problem of correpondence
to finding the appropriate affine parameters of a known function - the Gaussian. Older
methods [6, 12, 28] have instead concentrated on the much more difficult problem of trying
to find the correspondences between the functions F} and F5,. Additional simplicity will be
obtained from the fact that the affine transform can be analytically interpolated.

The equation can be solved by sampling the space of possible values of ¢*, filtering for
each sampled value and declaring the solution to be that value of ¢* for which the above
equation is satisfied. Such high resolution sampling is expensive. A more elegant approach

uses the fact that the affine transform can be analytically interpolated. The idea is to sample
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coarsely over a small set of 0* and then interpolate using a Taylor series approximation.

Consider first a given o*. The Taylor series approximation to first order gives

2
G(ry, (s0)?) =~ G(ry,0?) + aa% 4.2)
= G(r1,0%) +ao’V?G(ry, 0?) (4.3)

where s = 1 + «. The last equality follows from the diffusion equation % = oV?2G. This

allows the convolution (4.1) to be written as

Fi(r) * G(r,0%) =~ Fy(r)) * G(r1,0%) + ac®Fy(r)) * V2G(r1, 0?) 4.4)

Equation 4.4 is linear in s or «. To find s, three filtering operations need to be performed:
two Gaussian filtering operations and one Laplacian operation. Note that the above equa-
tion expresses the well-known result that a Laplacian can be approximated by a difference

of Gaussians.

4.1.1.1 Issues of Scale

Information in an image is scale dependent. There may be information present at several
different scales or at only one of them. A method which does not take issues of scale into
account is not likely to be robust. Thus it is desirable to solve the above equation at several
different scales (¢’s). Let a set of 0;’s be chosen (see below on the choice of o;’s). For
each such o; an equation of the form (4.4) may be written giving the following system of

equations

Fl*G(I',O'g) ~ FQ*G(I‘l,O’g)+OéO'§F2*V2G(I'1,O'§)

FyxG(r,07) ~ Fy*G(r,07) + aoiFy x V2G(ry, 07)

Fl*G(I',O'iQ) ~ FQ*G(I‘l,O’Z-Z)+OéO'7:2F2*V2G(I'1,O'2)

i
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Fi+G(r,07) ~ Fy*G(ry,0}) +aciFy x V2G(ry, 0}) (4.5)

This is an over-constrained set of equations in the unknown «. The redundancy offered by
the over-constrained problem makes it more robust with respect to noise.

The choice of o/s is mostly arbitrary although some general criteria may be specified.
Gaussian filtering may be viewed as a local average computed using Gaussian weighting.
A value of o; that is too small will, therefore, make the system sensitive to noise. On the
other hand, good localization requires that o; not be too large. The actual values are not
crucial. In practice, a set of eight different o’s were chosen. They were all equally spaced
apart by half an octave (a factor of 1.4). Since the filters need to range from —4o to 40
(see Chapter 6 for a discussion) the filter width = 8 ¢. The widths actually chosen were
(3,5,7,10,14,20,28 40) (see also Jones and Malik [27]).

The above system of equations was cast into the following linear least squares function

|| Fy o+ G(r, af) — Fy «G(ry, af) + aafFQ % VZG(rI, (71»2)||2 (4.6)

and was solved using Singular Value Decomposition (SVD). It was found that the lowest
filters (widths = 3,5,7) were noisy and hence they were disregarded (one reason may be
that the Laplacian is noisy when the filter size is small). The scale was recovered fairly
accurately using the other widths (see Section 4.1.2 for details). This set of filter widths
worked better than another one where 8 filters were used with their o’s spaced apart by a
factor of 1.2. Gaussian and Gaussian derivative filters which are closely related in scale are
much more correlated than those which are further apart in scale. Thus if the number of
filters is the same, the filters spaced apart by a factor of 1.2 provide less information than

those spaced 1.4 apart.
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4.1.1.2 Choosing a Different Operating Point

For large scale changes (say scale change > 1.2) the recovered scale tends to be poor.
This is because the Taylor series approximation is good only for small values of .. The
advantage of the current approach is that the linearization point can be shifted i.e. the
right-hand side of (3.11) can be linearized with respect to a o different from the one on
the left-hand side. As we have pointed out earlier, other methods linearize the function F
or the Gaussian with respect to r and are therefore constrained to measuring small affine
transforms. Let the right-hand side of (4.4) be linearized around o; to give the following
equation

Fi+G(.,0}) ~ Fy+G(., 0]2.) + a'a?Fz * V2G(., 0]2.) 4.7)

o' is solved for using the above equation. The scale change s is then computed from o/
using the expression (s = 0;/0;(1 + «')). The strategy therefore is to pick different values
of o; and solve (4.7) ( or actually an overconstrained version of it). Each of these o;
will result in a value of . The correct value of o is that which is most consistent with
the equations. For example, let the correct scale be 1.3, and assume that the o; values
chosen are (o, 1.40,2.00). Let the values of s recovered using these o; be (1.25,1.32,1.5)
respectively. Then 1.32 is consistent with expanding around 1.4¢0 in the sense of being
closest to its expansion point. By choosing the o; appropriately, it can be ensured that no
new convolutions are required.

In principle, arbitrary scale changes can be recovered using this technique. The range
of scale changes required depends on the application. For example, when a robot is moving
down a hallway, most of the scale changes are less than or equal to 2.4. Since each operating
point can cover up to (1.2x0;), three operating points (o, 1.40, 2.00) should suffice. In other
applications like aerial imagery or the detection of logos, the scale changes will be much

larger and more operating points may be needed.
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4.1.1.3 Finding Image Translation

Image translation (i.e. optic flow) can be recovered in the following manner. Let Fq
and F; be similarity transformed versions of each other (i.e. they differ by a scale change,
a rotation and a translation). Assume that an estimate of the translation t, is available.

Linearizing with respect to r and o gives

Fi(r+to)*G(r,0?) = 6tT Fi(r+1t)xG(r, 0?) = FoxG(.,0?) +ao’FxV2G(.,0%) (4.8)

which is again linear in both the scale and the residual translation ¢t. As before an over-
constrained version of this equation using multiple scales is obtained and solved for the
unknown parameters. Large scales are handled as before.

The value of t; can be obtained either by a local search or from a coarser level in a
multi-resolution pyramid scheme, while dt is estimated from the equation.

Note that since the Gaussians are rotation invariant, the translation can be recovered for
arbitrary rotations about an axis perpendicular to the image. Standard schemes which are

derived from correlation are not able to do this (see the next section for an example).

4.1.2 Experimental Results

A number of experiments were carried out using the algorithm. The first experiment
involved creating a synthetic image. This synthetic image was a cosine wave generated by
the equation F' (z,y) = 127cos(w,y) with w, = 0.2. An interesting feature of this image
is that there is no information along the y direction (the so-called aperture problem). In
spite of that the scale can be recovered. A second cosine function was generated using the
following function Fy(z,y) = 127cos(swyx + ¢,). F5 is rotated 90 deg. with respect to
F and also scaled by the factor s. For various values of s, the scale was recovered using
the zeroth moment. The results are tabulated in Table 4.1. The experiment was repeated
with noise added. First, uniform noise ranging from -10 to 10 was added to F;. Second,

Gaussian noise with a standard deviation of 10 was added to F5. These results are also
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Table 4.1. Recovered scales for cosine images.

Actual No Noise Gaussian Noise o = 10 | Uniform Noise (-10,10)
scale s *100 scale s *100 scale s * 100
s s— s s—1 s s—1

105 | 1050 | O 0 1040 | 1.0 20 1.040 | 1.0 20
1.10 | 1.101 | 0.09 |0.01 | 1.082 | 1.6 18 1.098 | 0.2 20
1.15 | 1.158 | 0.7 | 53 | 1.152 | 0.1 1.3 1.148 | 0.1 1.3
120 | 1213 | 1.1 | 65 | 1.198 | 0.2 1.0 1.192 | 0.7 4.0
140 | 1408 | 0.6 | 20 | 1415 | 1.1 3.8 1427 |19 6.8
1.60 | 1639 | 24 | 65 | 1.630 | 1.9 50 1.591 | 0.6 1.5
1.80 | 1.855 | 3.1 | 69 | 1.838 | 2.1 4.8 1.816 | 0.9 20

tabulated in Table 4.1. Two operating points were used: ¢ and 1.40. The appropriate
operating point was picked as discussed earlier in the text.

Table 4.1 is to be read as follows. The first column in Table 4.1 is the actual scale while
column 2 shows the recovered scale in the noise-free case. Two different percentage errors
are tabulated and they arise from the following considerations. Assume that an object is at
a depth of 2 and after a translation 7', in the z direction, its new depth is z; = zg+7,. Then
the percentage error in finding the quantity z; /2 is given by 5—; * 100 and this is tabulated
in column 3 for the noise-free case. On the other hand, the percentage error in finding the
quantity T,/ zy is given by 5‘5%1 * 100) and this is tabulated for the noise-free case in column
4. Which of these quantities is more important? Since the depth 2 is apriori unknown, the
quantity of relevance at least in the motion case is 7, /zy and the corresponding percentage
error is more significant. Similar values are tabulated when Gaussian noise (columns 5,6
and 7) and uniform noise (columns 8,9, and 10) are added .

The results are excellent in the noise-free case. The percentage errors in column 3 are
all less than about 3% while even in column 4 the percentage errors do not exceed 7% (the
average errors are of course much lower). Note that the method recovers scale accurately

in spite of the large rotation.
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Table 4.2. Recovered scales for random dot images.

Actual | Recovered Scale s %s * 100 S‘STSI * 100
1.05 1.059 09 18
1.10 1.104 04 4.0
1.15 1.138 0.8 8.0
1.20 1.180 1.7 10
1.40 1.398 0.1 0.5
1.60 1.569 1.99 52
1.80 1.722 43 9.8

With noise added, the results are as good except for the lowest scales (1.05 and 1.10).
One possible method of improving the results for the lower scales is to use filters separated

by ratios smaller than 1.4.

(a) First Image (b) Second Image

Figure 4.1. Random dot images. The second image is similarity transformed with respect
to the first.

The experiment was repeated with random dot images. A random dot image of size
64 by 64 was generated (see Figure 4.1(a)). The image was then affine transformed and
smoothed using a cubic interpolation scheme (see Figure 4.1(b)). For various values of the
scale factor s, the scale was recovered using the zeroth moment method. The results are
tabulated in Table 4.1.2. The highest error in column 4 is less than 9% if the smallest scale
(1.05) is ignored. Again the average error is much lower.

Figure (4.2) illustrates the usefulness of this algorithm. A random dot image is scaled
by a factor of 1.1 and rotated around an axis perpendicular to the image by 30 deg. For com-

parison, the optic flow on the left was produced by using Anandan’s SSD based pyramid
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Figure 4.2. Random dot sequence

scheme [3]. Note that the algorithm fails quite dramatically because of the large rotation.
This occurs because for correct matching the template also needs to be rotated by the same
angle. The SSD algorithm is created on the assumption that the deformation is small and
that the corresponding points in both images have not moved a lot. For small angles, the
template rotation can be ignored, but this cannot be done for large rotations. On the other
hand the results of running the algorithm described here are shown on the right-hand side.
The flow shown is clearly rotational. Note that the flow has been computed at every point
without fitting a global model. To the best of our knowledge no other existing algorithm
can compute the flow correctly in this situation. A histogram of the recovered scale values

peaks at 1.1 which is the correct value.
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Figure 4.3. Dollar bill

Figure (4.3) shows a dollar bill scaled by 1.4. The algorithm correctly recovers the scale

as 141.
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CHAPTER 5

SOLVING FOR THE GENERAL AFFINE TRANSFORM

The general affine transform between two image patches is specified by six parameters:
two translation and four deformation parameters. The increase in the number of parameters,
compared to the similarity case, has the following consequence: the technique used for
solving for similarity transforms does not work any more. That is, just using the Gaussian
equations at a single point over many scales does not suffice.

The affine transform may, however, be recovered by using additional constraint equa-
tions. This may be done in a number of ways, either by using the derivative equations,
or by using additional equations at additional points or by a combination of both. In the
following sections, all these approaches will be developed.

First, it is shown that the Gaussian equation can be linearized with respect to the affine
parameters. A similar approach can be used to linearize the derivatives of the Gaussian. By
filtering with the Gaussian and the first two derivatives of the Gaussian and then linearizing
the resulting equations with respect to the affine parameters, a linear system of equations
is obtained. It is shown, experimentally, that this linear system, first solved by Werkhoven
and Koenderink [75, 76], produces poor results (see Section 5.2.1). The poor performance
of the Werkhoven and Koenderink algorithm is due to a number of reasons. The two main

reasons are:

1. They attempt to solve a non-linear equation by approximating it with a linear equa-

tion and then solving for the resulting equations.

2. A minimal number of equations (six) are used. In practice, in the presence of noise,

this number of equations does not sufficiently constrain the equations.
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A number of procedures may be used to solve these problems and produce better al-
gorithms. Better linear approximations may be obtained by using coarse sampling and
linearizing the parameters with respect to the coarse samples. A solution which is closer to
the original non-linear equation may be obtained by iteratively refining the linear solution.
More equations may be obtained by using multiple scales, and solving the Gaussian and
Gaussian derivative equations at many points simultaneously. The use of these techniques
leads to two specific algorithms called GauArea and DGauArea. Experiments conducted

on these algorithms (see Chapter 6) show that they give good results.

5.1 Linearizing The Gaussian
The simplest approach is to linearize the Gaussian and its derivatives with respect to
the affine parameters as follows.

The Gaussian equation 3.17 is given by:

Fi(r) xG(r,0) = F5(Ar) « G(., 0> AAT) (5.1)

With translation included, this becomes

Fi(r) % G(r,0) = F(Ar + t) * G(Ar, 0’ AAT) (5.2)

which may be rewritten as:

Fi(r) * G(r,0) = Fy(Ar) « G(Ar — t,0?AAT). (5.3)

The Gaussian on the right hand side is given by:

Cr(AAT) 'y

202

1
G(ry,0?AAT) = exp(

(On)det(A)o? ) 54
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It is straightforward to show using the above equation that

det(A~")G(A™'ry,0) = G(r), 0 AAT) (5.5)

Thus equation 5.3 can, therefore, be rewritten as:

Fi(r) * G(r,0) = Fy(r)) * G(A™ (r; — t),0)det(A™). (5.6)

If B= A — Iis small, the A inverse inside the Gaussian may be linearly approximated

to give
G(I+B)'(r;—t),0) ~ G(I-B)(r;i—t),0)
~ G((r; —Br;—t),0)
~ G(ry,0)— (Br, +t)7G'(r,0) (5.7)
ie.
GAT (r1 —t),0) ~ G(r1,0) = [(buzi +biayr + 1,)Gyy (r1,0)

+ (bgll’l + b22y1 + ty)Gyl (1'1, 0')] (58)
where the b;; are elements of B, t = (¢,,t,) and ry = (z1,y;). Using the following
identities

—1Gy = 0°Ga+G (5.9)
—yG, = 0’Gy, +G (5.10)
—yGy = —2G, = 0°Gyy (5.11)

equation 5.8 may be rewritten as

GA ! (r; —t),0) = G(ry,0)+ 0*[(011Gaya, (v1,0) + b12Gayy, (11, 0)
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+ (bZlGl‘lyl (I‘l, U) + b22Gy1y1 (I‘l, U)]
— tmel (1'1, O') — tyGyl (I'l, O')

+ (but + bw)G(r1, 0). (5.12)

Substituting the above expression in equation 5.6 and simplifying gives:

Fi(r) «G(r,0) = Fo(r1) * G(r1,0) & 0*[(0iFy* Gopgy (11,0) + biaFy * Gy, (11, 0)
+ (b21F2 * G:v1y1 (1'1, O') + b22F2 * Gylyl (1'1, O')]

— By % Gy (r1,0) — t,Fo % Gy, (r1,0).  (5.13)

Note: the approximation det(A‘l) ~ 1 — by; — byy has been used in the above equation.
Thus, when an image patch and the affine transformed version of the image patch are
filtered with Gaussians of the same standard deviation, the difference between the two filter
outputs may be approximated by the expression given on the RHS. The expression on the
RHS is a sum of terms where each term is the product of an an affine parameter with the
second image filtered by a Gaussian derivative. The right hand side is linear in the affine

parameters and contains derivatives of Gaussians up to order 2.

5.2 Linearizing Gaussian Derivatives
Gaussian derivatives may similarly be linearized. This is done here by adapting a
method used by Werkhoven and Koenderink [75].

Let
d"G(r,0)

_— 5.14
dxn—mdym ( )

d)n—m,m(ra U) =o"

Note that the Gaussian derivatives have been normalized so that they all have the same

energy. Energy normalization can be done for circular Gaussian derivatives by multiplying
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each derivative by 0" where n is the order of the derivative. Now differentiating 5.6 with

respect to x (n-m) times and with respect to y m times gives:

/ Fy(r)bnym(r, o)dr = / Fo(r1)bnomm (A (r) — t), 0)dr 1det(A™Y).  (5.15)

As before if B = A — I is small, then

¢nfm,m(A71(r1 - t)a U)

Q

Q

Q

bn-mm((T+B) " (r; — t),0)

Fn—mm((I = B)(r; —t),0)

Gn—mm((r1 — Br; —t),0)

Gn—mm(T1,0) = [bnmi1m(r1, 0) b1z + bioy + t4]

Gr—mm+1(T1, 0)[barx + baoy + 1,]] /0 (5.16)

The above equation may be rewritten using the following recurrence equations A.10,A.11

(see Appendix A for a derivation).

Id)n—m,m (1‘1, U) =

y¢n—m,m(r17 U) =

—O'(TL - m)d)n—m—l,m (1'1, 0) - U¢n—m+1,m(r17 U) (517)

_0m¢n—m,m—1 (1'1, U) - U¢n—m,m+1 (1‘1, U) (518)

Applying the above recurrence relations to equation 5.16 gives

gbnfm,m(Ail(rl - t)a 0—)

Q

+ o+ 4+ o+

Pn—mm(T1,0)

bu[(n —m + 1)fp—mm(r1,0) + n-mi2m(ri, o)]
bia[Mmn—mi1,m-1(T1,0) + Pnmi1,m41(r1,0)]
bar[(n — m)Pp—m—1,m11(r1,0) + Pn_mi1mi1(r1,0)]

b22[(m + 1)¢n—m,m(r17 U) + ¢n—m,m+2(r1; U)]
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+ (tx¢nfm+1,m (1‘1, 0) + ty¢nfm,m+1(rla U))/U (519)

Using det(A™") =~ 1 — by, — byy and substituting the above expression in equation 5.15

gives

| Fi@)0nman(r,0)dr = [ Fo@1)én- (A~ (1 = ), o),
= bul[(n = m)gu-mm + Gr-m+2,m]

b12[MGn—m+1,m-1 + @n—m+1,m+1]

bor[(n — M) Gn—m—1,m+1 + Cn—m+1,m+1]

b22 [mqn—m,m + Qn—m,m+2]

+ o+ 4+ o+

(t:in—m-H,m + tyqn—m,m—i—l)/a (5 20)

where gy mm = [ Fo(r1)6nmm (1, 0)drs

The left hand side is again the difference between F} and F;, after they have been filtered
with a Gaussian derivative. The right hand side is again the sum of terms where each term
is the product of a Gaussian derivative and an affine parameter. Note that the order of the
Gaussian derivative on the right hand side is at most 2 more than that on the left hand side.

Werkhoven and Koenderink [75] used equation 5.20 to linearize the Gaussian and the
first and second derivatives at a single scale to obtain the following set of six equations in

six unknowns.
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loo — oo —q1o 420 qi —qo1 qi 02 te/o
l1o — q1o —G20 10 1 G30 q21 —qi1 o1 + g21 q12 bii
lo1 — qo | T g21 G0 +q12 —4qo2 q12 do1 + qo3 b1z
lao — q20 —q30  2G20 + qao 31 —q21 2q11 +g31 22 ty/o
li —aqn —@1 quit g3 Qo+ G2 —¢i2 Qo2+t G2 Gt i3 ba1
I loz — qo2 ] | T2 22 21+ 13 —qos q13 2G02 + qoa 11 baz ]
(5.21)

where l;; = [ F1¢; ;dr. The above equation is linear in the unknowns ¢;, bj.

Werkhoven and Koenderink experimented with the set of equations above and their
conclusion [76] noted that the errors were low if the affine transformation consisted of a
single deformation e.g. it consisted only of one of the following transformations - a scale
change, a shear, a rotation or a translation. If, however, the affine transformation was
composed of more than one of the above transformations, they found that for small relative
deformations (of the order of 1%), the errors were about 3-6 % in the presence of the other
transformations. On the other hand, they found that for a 1% relative translation (relative
to the scale of the Gaussian) the errors in the recovered translation were as high as 50 % in

the presence of other deformations. In the presence of noise, the performance was worse.

5.2.1 Experiments with the Werkhoven and Koenderink Algorithm

A 1% relative deformation is quite small. For many purposes, larger deformations
need to be recovered. In practical situations, the Werkhoven and Koenderink algorithm
performs quite poorly for large deformations and even for moderate translations. We have
carried out experiments using the Werkhoven and Koenderink algorithm. Figures 5.2(a)-
5.2(f) show the performance of the Werkhoven-Koenderink algorithm as the deformation
is increased. These experiments were carried out by scaling one image with respect to the
other in the presence of other transformations (the other transformations were kept small).
The performance for other deformations is not plotted here, but shows the same general

trend.
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(a) First Image (b) Second Image

Figure 5.1. Test images for Werkhoven-Koenderink algorithm. The second image is an
affine transformed version of the first. The affine transformation lies in the middle of the
deformation range in the graphs. The second image has been scaled with respect to the first
in the presence of other transformations; see text.

The figures show the results of an experiment conducted with two random dot images
(for examples see Figures 5.1(a) and 5.1(b)). Both images were of size 64 by 64 and
the intensity values varied between 0 and 255. The first image was created by choosing
the intensities uniformly between 0 and 255. The second image was obtained by affine
warping the first image about its center and then adding independent identically distributed
(IID) Gaussian noise. Two of the affine parameters b, and by; were kept fixed at 0.1. Since
performance under scaling is desired, the other two affine parameters b;; and byy were set
equal to each other and varied from 0.0 to 1.1 in steps of 0.1 (i.e. a;; and ass were varied
from 1.0 to 2.1).The variance of the noise for the results displayed in the figures was 30
(similar results are obtained for less noise). The translation was kept fixed at (0.5,0.5)
pixels. Figure 5.1(a) and Figure 5.1(b) show an example pair of images. In this particular
case, the affine deformation was set to a;; — a9y — 1.5

Figures 5.2(a)-5.2(f) display the RMS error in the recovered value of the affine param-
eters by1, b12, bat, bao, 14, t,, as the affine parameters (b1, by2) were varied (a single affine
transform was computed for each pair of images). The RMS error was computed by con-

ducting each experiment 100 times and adding random noise with a different seed each
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time. The RMS error is plotted using a log scale. The experiment was conducted using five
different scales for the Gaussian; adjacent scale steps differed by a factor of /2.

At the smallest scale used, 1.25, the performance is really poor. As the scale of the
Gaussian is increased, the performance improves. This improvement is due to the increase
in the size of the filter support. However, at large scales, performance again goes down.
This may be in part due to poorer localization in the translation parameters. The poorer
performance is more prominent for small values of by, by (this is visible in the plots for
scale 5.0). A second effect is due to the fact that Gaussian filtering blurs the image. If
the scale of the Gaussian is large, the blurring may cause the image to appear uniform.
Random dot images, are in particular, susceptible to such blurring because most of their
energies reside at high frequencies.

As the scale of the Gaussian is increased from 1.25, performance improves. For scale
1.77, the performance is good for low values of (b1, bao) but rapidly deteriorates for larger
values of (by1, bye) for most of the parameters. This is to be expected since the linearized
derivatives are a poor approximation for large affine deformations. For scale (2.5) the
performance is also good for larger values of by, bys. For scale (3.54), the performance
deteriorates at low values of b, by and this is again seen at scale (5.0). To some extent,
the scale dependence of the results is to be expected since information in the image is scale
dependent.

Figure 5.3 replots the same RMS errors in terms of percentages. At low values of
(by1, bao) the % error is large because percentages are computed by dividing by by;. How-
ever, even for larger values of (b, bys) the best results show an RMS error of roughly 10
% . This is a large error.

The number of equations equals the number of unknowns in the Werkhoven-Koenderink
algorithm. Thus, an equation count seems to imply that the linear system of equations
solved by Werkhoven-Koenderink is sufficiently constrained. However, as the experiments

above show, the algorithm produces large errors in the recovered affine parameters. This
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Figure 5.2. Performance of the Werkhoven-Koenderink algorithm for large deformations

as a function of by

implies that, in practice, the equations do not constrain the problem sufficiently and us-

ing more equations might help. We will use more equations to constrain the problem and

improve results.
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Figure 5.3. RMS percentage error in b;; as a function of scale change for the Werkhoven-
Koenderink algorithm

5.3 Strategies for Improving the Recovery of the Affine Parameters
The poor performance of the Werkhoven and Koenderink algorithm is due to a number

of reasons. The two main reasons are:

1. They attempt to solve a non-linear equation by approximating it with a linear equa-

tion and then solving for the resulting equations.

2. A minimal number of equations (six) are used. In practice in the presence of noise,

this number of equations does not sufficiently constrain the equations.

Algorithms much more robust than Werkhoven and Koenderink’s can be created by

using several different strategies. These include
1. The use of multiple scales to provide more equations.

2. Iterative refinement of the solution. The linear solution is iteratively refined to pro-

duce a solution closer to the solution of the original non-linear equation.
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3. The use of coarse sampling to handle larger affine transforms.

4. The linearization of higher order derivatives to provide additional equations.

5. Linearization at additional points in the image which again produces more equations.

These strategies will now be discussed. Werkhoven and Koenderink [76] did not consider

any of these options.

5.3.1 Use of Multiple Scales

Werkhoven and Koenderink used a single scale to compute the affine transform. How-
ever, information in an image is spread over a large number of scales. These scales provide
additional information to constrain the solution. Thus, by using multiple scales, the results
can be improved. Essentially the same set of equations derived earlier is obtained at each
scale and a least mean squares formulation is set up. This is then solved to obtain the affine

transform.

5.3.2 Iterative Refinement

The equations are linearized about the origin (i.e. the origin of the space of affine trans-
forms) with the implicit assumption that the affine transforms between the image are small.
Larger affine transforms may be solved for by linearizing the equations about a point close
to the correct (i.e. actual) affine transform. This can be done by either iteratively refining
the solution or by coarsely sampling the space of affine transforms. Iterative refinement

can be done in at least two diffferent ways:

1. The estimate of the affine transform obtained at each stage may be used to warp
the first image. The residual affine transform is then computed between the second
image and the warped version of the first image. This process is refined (repeated)

for a certain number of iterations.
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2. Equivalently, the first image is refilterd with an elliptical Gaussian whose parameters
are determined by the current estimate of the affine transform. The residual affine
transform is then computed between the second image and the refiltered version of

the first image.

Elliptical Gaussians are not separable except when they are aligned with the x and
y axes. Filtering with them is, therefore, an expensive operation. Although warping is
also an expensive operation, it is cheaper than filtering with elliptical Gaussians. Iterative

refinement using warping is, therefore, the strategy adopted here.

5.3.3 Coarse Sampling

The results may also be improved by coarsely sampling the space of affine transforms
and then linearizing the equations.

The expression in 5.20 is valid if B is small. It is straightforward to show that this
linearization can also be done when the o of the Gaussian derivative, about which the right

hand side of equation 5.15 is linearized, is different from that on the left hand side. i.e.

[ Fu)bn (5, 0)r = [ Fa(r) b mn(r1, 02)dry
= [1+bi)oz/o = 1[(n — m)Gn—mm + dn—m+2,m]

bi2(02/0)[M@n—m+1,m—1 + Gn—m+1,m+1]

bar(02/0)[(n — M) Gn—m—1m+1 + Gn-mt1,mt1]

[(1 + b22)0—2/0— - 1][anfm,m + anm,m+2]

+ o+ o+ o+

(tIannH»l,m + tanfm,m+1)/O—2 (5 22)
where ¢, —mm = [ Fo(r)Pp_mm(r, o2)dr and o # o. One advantage of this formulation

is that when the affine transform has large scale changes (but not large rotations or shears),

this expression may still be used to make B/o small even if B is not small.
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Thus a portion of the affine space maybe sampled by using different values of o, for the
right hand side. Note the resulting linearized Gaussian derivatives are still circular. It is not
clear whether the expressions can be linearized in terms of elliptical Gaussian derivatives
(essentially because it is not clear whether the recurrence relations still hold).

However, it is also possible to sample the space of affine transforms by warping the
first image using a set of predetermined affine parameters. For most practical purposes this
set can be small. For example, to allow for large rotations, one can warp the first image in
steps of 22.5 degrees. When the affine transform is solved for, the correct sample is the one
for which the lowest residual error is obtained. This procedure has been implemented and

used to solve for large rotations.

5.34 Linearization of Higher Order Derivatives

Additional equations may also be obtained by using higher order derivatives and then
linearizing them. They can be obtained from equation 5.20 by substituting for the appro-
priate order of the derivatives.

Higher order derivatives do provide additional equations although there are some dis-
advantages to using them. They tend to be more sensitive to noise. Although (in 1D) the
first and second derivative equations are uncorrelated with each other, derivatives of higher
orders are correlated with them and, therefore, do not provide much additional information.

Thus, higher order derivatives will not be considered further here.

5.3.5 Linearization at Additional Points
In the derivations above it is assumed that the Gaussian filtering is done at the origin
of the coordinate system (wherever it is chosen to be). Filtering at a point 1; modifies the

generalized gaussian equation 3.17 as follows:

/ Fi(t)G(r — L, o?T)dr = / Fy(Ar)G(A(r — 1)), 0> AAT)d(Ar) (5.23)
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Thus if the image is filtered at point 1; in the first image patch, it must be filtered at point
Al; in the second image patch. Note that this is similar to moving the translation point.
An overconstrained set of equations can be obtained from equation 5.23 by linearizing
it and choosing a number of different points 1;. The approach used in Section 5.1 may
be used to linearize equation 5.23. Here, a somewhat different approach will be used to
linearize this equation. The right hand side of equation 5.23 is first linearized about the

point 1; to give:

/ Fi(t)G(r — L, o2 T)dr ~ / Fy(Ar)G(Ar — L), 0?AAT)d(Ar)
~ [(A-DY / Fy(Ar)G'(Ar — L), 02 AAT)d(Ar)

(5.24)

where G’ is the derivative of G with respect to the image coordinates. The next step is to
approximate the deformed gaussian. Now
1 I (AAT) ',

Lo?AAT) = —
Glo ) (27r)”/zdet(A)ae:Ep( 202

) (5.25)

If B= A —Iissmall, the A inverses inside the exponential may be linearly approxi-
mated to give
1 r'B-I)(B-I)'r,

G(.,0’AAT) = -
(o ) (27r)”/zdet(A)ae:Ep( 202

). (5.26)

This may now be linearized with respect to the elements of B to give

G(., O'2AAT) ~ G(, O') + O'Z[bllGII(., O') + leGmy(., O') + bgley(., O') + bQQny(., O')]
(5.27)
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where the b;; are elements of B. Considering only the linear terms in B, equation (5.24)

can therefore be written as as:

Fi«Gr—1,0) ~ FxG(r,—1,0)— (BL) Fx+G'(r;, —1;,0)
—+ 02[b11F2 X Gm(rl — lia O') + b22F2 * ny(rl — li; O')

+ (b12 + b21)F2 k ny(l‘l — li, 0')] (528)

The effect of the 1; is similar to that of a translation. Thus, with translation included,

the above equation may be written as:

Fl * G(I‘ — li, O') ~ FQ * G(I'1 — li, O') — (Bll)TFQ * G,(I'l — li, O')
+ UQ[ang*Gm(rl —li,U)—f—bngQ*ny(rl —li,O')
+ (b12 + b21)F2 * ny(l‘l — li, 0')]

— t'RxG'(r - 1;,0). (5.29)

For notational purposes the above equation may be rewritten as:

higo — gioo = bll(gi20 - %gﬂo/U) + 512(91'11 - ?Jigno/U) + b21(gi11 - Iigim/U)

+  ba2(Gio2 — YiGio1/0) — tzgio — tyGior (5.30)

where gipn = [ 0" T ELGpmyn (v1—1;,0), Rigpn, = [ 0" T FyG gy (v1-1, 0), (2, 13) = 1,
and Gzm,n denotes that G is differentiated m times with respect to x and n times with
respecttoy.

The above equation is linear in the affine parameters 0;;, t. A number of methods incor-
porate the idea of filtering at many points [6, 12, 64]. However, none of these compensate
for the deformation terms. In essence the difference between the traditional linearization

methods and the technique presented here are the additional second derivative terms.
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The above equation may also be compared to the first row of equation (5.21) with g;
and h;;), corresponding to g;;, and [, respectively. In equation (5.21) filtering is done only
at the origin. Filtering at points other than the origin introduces the extra terms (BL)” F, x
G'(r; — 1;,0) ie. it has the same effect as multiplying (Bl;)? by the coefficient of the

translation term.

5.3.5.1 First derivatives of a Gaussian

A similar derivation may be used to generate a linearized constraint equation for the
derivatives of a Gaussian filtered at a point 1;. Instead of using a formal derivation we note
that the the effect of filtering at other points 1; is equivalent to a translation Bl;. Thus a
linearized equation for filtering with any Gaussian derivative at a point 1; is obtained by
adding a term which is equal to the dot product of Bl; with the coefficient of the translation

term to equation (5.20). Thus filtering the image with GG, at a point 1; gives:

hil0 — gil0 = bll(gilo + giz0o — gi20$i/0) + b12(9i21 - giZOyi/U)
+ bo1(gior + gior — ginxi/o) + baa(gir2 — Gi11Yi/0)

tzg120 — 1y 911 (5.3D)

Filtering the image with the y derivative G, at a point 1; gives:

hi0l — gi01 = by1(gi21 — ginxi/0) + bi2(gito + g2 — GinYi/o) + ba1(gir2 — Gi2wi/0)

+  baa(Gior + Gios — Gioa¥i/0) — t2gitn — tyGioe (5.32)

5.4 Algorithms

The strategies discussed in the previous sections can be used to formulate practical
algorithms to recover affine transforms. Two algorithms are developed in this section.

GauArea is based on using the Gaussian equation at many points and DGauArea is based
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on using the first derivatives of the Gaussian at many points. More algorithms can be
formulated using higher derivatives of Gaussians or combinations of different orders of

derivatives of Gaussians, but these will not be discussed here.

54.1 GauArea
An algorithm may be devised by using the linearized version of the Gaussian equa-
tion 5.30 at many points. Using several points 1;, a least means square problem may be

formulated as follows:

E? = Z[hioo — Gioo — bll(gi20 - %gﬂo/U) - 512(91'11 - yigiIO/U)

3

—  bar(ginn — ©iGio1 /o) — ba2(Gio2 — YiGio1/0) + tzgiro + tygi01]2- (5.33)

The solution which minimizes the error £ with respect to the affine parameters is given

by the solution of the following overconstrained matrix equation:

2z — Mb, (5.34)
where the vector z is given by:
_ h100 — G100 _
L h200 — G200 (5.35)
I hioo — Gioo |

and the matrix M by:

(9120 - $19110/0) (9111 - 919110/0) (9111 - $19101/0) (9102 - 919101/0) —gi110 —4dio1
M — (9220 — w2g210/0) (9211 — Y29210/0) (g211 — 29201 /0) (9202 — Y29201/0) —g210 —g201

(gz'20 - fEigﬂo/U) (gm - yigﬂo/U) (gm - fEigzm/U) (9i02 - yigiOI/U) —gi10 —3gio1
(5.36)
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and by is a vector representing the affine parameters:

by = (5.37)

Equation (5.34) may be solved using Singular Value Decomposition (SVD). The so-
lution requires the computation of the SVD of M. The resulting affine parameters are the

solution of the equation (5.29).

54.1.1 Iterative Refinement

The linear equation (5.29) is derived by linearizing a non-linear equation. By iteratively
refining the solution, a better solution to the original non-linear equation (equation 5.23) is
obtained. At each iteration, the values of the affine parameters obtained from the previous
step (derived by solving equation (5.34)) are used to warp the first image. The warped
image is then used to recompute the parameters h;oo (the parameters g;;;, do not change
since they depend only on the second image). The value of z is then recomputed and
used to calculate the residual affine motion between the warped first image and the second
image.

The method of solution detailed above only requires a Gaussian convolution on the
warped image and z to be recomputed. The SVD does not have to be recomputed and this
is advantageous since the SVD is computationally expensive.

Small translations may also be computed by sampling the translation (sampling is ex-
pensive if the translation is large). For each sample, the quantity h;o9 and hence the vector

z is recomputed and used to calculate both the affine motion and the residual error. The
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SVD does not need to be recalculated for the sampled translations. Note that translations of
a few pixels can be automatically recovered by the iterative refinement procedure without

having to sample it.

54.1.2 Multiple Scales

In the algorithm above, the scale of the Gaussians used is unspecified. Thus different
scales may be used to give additional equations. For example, h;o and g;;, may be obtained
by filtering with scale o while h(;41)00 and g;11);x may be filtered with the scale \ﬂ2)0.

Thus, the algorithm naturally lends itself to a multi-scale approach.

54.1.3 GauAreaN

A modified version of algorithm GauArea may be obtained by eliminating the sec-
ond order derivative terms (the deformation terms). Such an algorithm is similar to that
employed by [6] (with important differences). This modified algorithm will be called
GauAreaN. The performance of GauArea will be compared with that of GauAreaN to
show the importance of modelling deformations. GauAreaN 1is obtained by minimizing

the following least mean squares error measure:

E? = Z[hiOO — gioo — b11(—2igi10/0) — bra(—¥igiro/0) — ba1 (—Tigio1 /o)

3

— baa(—Yigio1 /o) + tugino + tygion]”. (5.38)

Note that the only terms left are terms corresponding to the a translation of Bl;

54.2 DGauArea
Another algorithm DGauArea may be devised by using the linearized version of the
first derivative equations (5.31) and (5.32) at many points. Using several points 1;, a least

means square problem may be formulated as follows:
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E? > "[hil0 — gil0

)

— b11(gio + gizo — i2oTi/0) — bi2(gizr — Gizoyi/ o)

— bar(Gior + Giz1 — Gin1Ti/0) — baa(gin2 — gi1vi/0) — tugrao — tygin)?
+ [hi01 — gi01

— bi(gio1 — 9in1xi/0) — bi2(giro + gire — ginryi/ o)

— ba1(gin2 — Gioawi/0) — baz(gior + Gios — Gio2¥i/0) — tuginy — tyGioz)?

(5.39)
DGauArea has a solution similar in form to that of GauArea i.c.

z = Mby (5.40)

However, the vector z is given by:

hito — gio
z = (541)
h(i+1)01 — g@i+1)01
the i*" row of matrix M by:
(gﬂo + gizo — 91‘20%/0), (gm - giQO?Ji/U), (giOI + gio1 — ngEi/U),

(gm - giuyi/U), — 9120, —Yi11 (542)

the (7 + 1) row by:

(gm - gmiﬂi/U), (gilo + gi12 — 9i11yi/0), (gm - 91‘0236@'/0),
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(gio1 + Gios — Gio2Yi/ ), —Gi11, —Gio2 (543)

and by is again a vector representing the affine parameters.
As for GauArea, the solution for DGauArea can be iteratively refined. Multi-scale

versions of DGauArea can also be used.

54.2.1 DGauAreaN
As for GauArea, a modified version of DGauArea called DGauAreaN can be obtained

by dropping the higher order terms. DGauAreaN is obtained, therefore, by minimizing:

E? = > [hil0 — gil0

)

- bu(—gizol"i/(f) - b12(—gi2oyz’/0)
—  bar(—ginwi/o) — baa(—gi1vi/0) — tzgi20 — tygm]z

+ [h,i()l — gi01
- bu(—gml"i/(f) - b12(—gi11yi/0)

—  bar(—Gioewi/0) — baa(—gio2yi/0) — tugi1 — tygi02]2 (5.44)

54.3 Comments on the Algorithms

The algorithms GauArea and DGauArea have different properties. It is to be expected
that since GauArea uses the brightness information, it will be sensitive to changes in illu-
mination. DGauArea on the other hand only uses derivative information and is, therefore,
less likely to be sensitive to illumination changes.

We have also implemented an algorithm similar to DGauArea but derived by linearizing
the second derivative of the Gaussian. From the limited experiments performed (not shown
in this dissertation), it seems to perform worse then GauArea and DGauArea. Algorithms
which use combinations of the Gaussian, first and second derivative equations also do not

seem to perform better.
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CHAPTER 6

EXPERIMENTS

This chapter details experiments conducted on both synthetic and real images using
algorithms based on both the Gaussian and the Gaussian derivative equations. The exper-
iments (in particular the ones on real images) demonstrate that algorithms which account
for deformations perform better than those which do not.

Four different algorithms were tested. These were GauArea based on using the Gaus-
sian equation at many points, DGauArea based on using the first derivative equation at
many points and GauAreaN and DGauAreaN which are versions of the GauArea and
DGauArea algorithms respectively that do not account for deformations. The synthetic
experiments were conducted on a pair of random dot images. Clearly, the results depend
on the choice of images. At one extreme, if the images are uniformly bright everywhere,
there is no information present in the images and the affine transforms cannot be recov-
ered. On the other hand, if the images have derivatives everywhere and these are large, the
algorithms will perform well. Random dot images have information available everywhere
and thus are a good indicator of the performance of the algorithms. Thus the synthetic
experiments were done on random dot images. Experiments are also shown on some real
images (i.e. both images were obtained using viewpoint changes of the camera).

The algorithms here do not use coarse sampling. The idea here is to characterize the
basic algorithms. Adding coarse sampling adds to the range and in some cases accuracy
of the algorithms. For example, we have verified that any rotation in the image plane can
be recovered by coarsely sampling the rotation space at eight points 45 degrees apart. We

leave to the future more detailed work on coarse sampling.
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6.1 Overview of Experiments

The experiments tested not only the performance of the algorithms, but also the effects
of some factors involved in practical implementations as well as the effect of choosing dif-
ferent parameters on the algorithms. Practical implementations need to take into account
the discrete nature of digital images (the derivations in Chapter 5 assumed continuous im-
ages and continuous functions). To apply the algorithms discussed above to digital images,
the Gaussian and its derivatives need to be discretized. Further, to save computational
speed, finite versions of the filters need to be used i.e. the filters need to be truncated. Thus,
two factors that need to be investigated are the appropriate technique for discretizing the
Gaussian and its derivatives and how they can be truncated (i.e. what filter widths should
be used).

Algorithms GauArea and DGauArea employ a wide variety of parameters and the ef-
fects of these parameters on the algorithms are also investigated. The parameters tested
include the scale of the filters used, the number of filters of different scales and the window
size of the filters. In addition the effect of noise is also tested on these algorithms.

It is impractical to test the algorithms on the entire 6 dimensional parameter space.
Even if only the affine deformations are considered, a 4 dimensional space is involved.
A practical choice is to test the algorithms by varying one of the affine parameters while
holding the others constant. Here, the algorithms are tested for various scalings, rotations
and shears while holding the other affine parameters constant (although some of the other
affine parameters are non-zero). Thus, the effects of varying the algorithms’ parameters are
tested using a set of differently transformed images. The images are generated by synthet-
ically transforming a random dot image over a range of scalings, rotations and shears. A
comparison of the four algorithms GauArea, DGauArea, GauAreaN and DGauAreaN on

the scalings, rotations and shears is also performed.
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The performance of the four algorithms is also compared when more than one affine
transformation is large. That is, they are also tested on images which simultaneously un-
dergo large amounts of scaling, shear and rotation. These transformations are generated by
a 3D transformation of a planar random dot image.

Finally, the algorithms are also tested on a set of real images which undergo large
transformations. These images are of a variety of different kinds of scenes. Some of the
tests are run on images of scenes with large planar objects, while others are run on images
containing non-planar objects. The algorithms are, therefore, tested on a variety of different
images.

Table 6.1 lists for convenience the experiments conducted and where they are to be

found.

6.1.1 Summary of Experimental Results

Here, a brief summary of the experimental results is presented.

1. For the filter scales used in the experiments (o > 1.25 pixels), the Gaussian and its
derivatives may be discretized by sampling the continuous function at each pixel.
Discretizing the Gaussian derivative by sampling the Gaussian and then convolving

with a discrete version of the derivative leads to larger errors.

2. The filter truncation radius must be at least +40, i.e. the filter widths must be at
least 80. Lower widths can lead to large errors in both qualitative and quantitative

estimates of function derivatives.

3. For synthetic random dot images, the lower the filter scale the better the performance
of GauArea and DGauArea in terms of RMS error. However, the range of DGauArea
increases when large scales are used for both scalings and rotations. The range of
GauArea increased with scale for rotations and decreased with scale for scalings.
For real images, performance is poor with small filter scales (less then o = 2). Per-

formance then increases with filter scale up to a certain point (roughly ¢ = 5). The
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difference is attributable to the fact that random dot images have texture everywhere
while real images may often have large areas with little texture which have little

information.

. For synthetic images using more than one filter did not make any perceptible differ-

ence.

. For both synthetic and real images, performance improved with increasing window
size. For real images, the optimum window size varied between 30 x 30 pixels and
50 x 50 pixels. Larger windows may not correspond to planar objects in the scene

and may, therefore, give rise to large errors.

. For synthetic images, the best performance in terms of RMS error was shown by
the derivative algorithms DGauArea and DGauAreaN. In terms of range (i.e. the
range of affine parameters recovered), the best performance was shown by GauArea.
GauAreaN performed poorly, especially when moderately large filter scales were

used.

With real images, the best performance (in terms of registration) was shown by
DGauArea followed by GauArea. DGauAreaN came next and GauAreaN performed

especially poorly.

6.2 Methodology for Experiments on Synthetic Images

The performance of the algorithms was tested using synthetic experiments where the

experimental conditions could be controlled. Here, a description is presented of how the

synthetic images and transformations were generated and the experiments were carried out.

The effects of varying the algorithm parameters and of varying the noise (i.e. the first

five sets of experiments in Table 6.1) were tested with three kinds of deformations - scaling,

rotation and shear. The scaling experiments were conducted by covarying b;; and by while

holding the other affine parameters constant i.e. this is essentially a test of the algorithms
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while the image is scaled. The rotation experiments were conducted by varying the rotation
while the other affine parameters were held constant. The shear experiments were done by
holding the shear angle constant while the shear deformation was varied. Although only
one parameter was varied in the above experiments, small values of the other parameters
were used.

The four algorithms were also compared when more than one kind of large deformation
is present at the same time. The details of how the images were constructed, the affine

parameters varied and the errors computed are described in the next few sections.

6.2.1 Experimental Details

In all cases both images were of size 64 by 64. For the random dot images the first image
was generated using a uniform random variable and the intensity values varied between 0
and 255. The second image was obtained by affine warping the first image and then adding
independent identically distributed (IID) Gaussian noise. The variance of the noise for the
results displayed in the figures was 40 (similar results are obtained for less noise). The

signal to noise ratio (SNR) was computed as

SNR = IOZoglo(varmnce stgna ) (61)

variance noise

For this particular image and a noise variance of 40, the SNR is 49 dB. This SNR value is
typical of many CCD cameras.

Unless otherwise specified, all synthetic experiments with the algorithms GauArea,
DGauArea, GauAreaN and DGauAreaN were carried out using a window of size 13 by 13
!"and every point within this window. Two scales were used, differing by a factor of /2 i.e.

scales 1.25 and 1.25 x /2 were simultaneously used.

! All window size measurements and filter scales are in terms of pixel units.
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The details of how the second image was affine warped for scaling, rotation and shear

experiments will be listed.

6.2.1.1 Scaling Experiments

For the scaling experiments, the translation was kept fixed at (0.5,0.5). Two of the
affine parameters by5 and by; were kept fixed at 0.1. The other two affine parameters by,
and by were set equal to each other and varied from 0.0 to 1.1 in steps of 0.1 (that is ay;
and aqy were varied from 1.0 to 2.1). Essentially this amounts to scaling the image. Figure
6.1 shows what happens to a black square as it undergoes the transformation. Figure 6.1a
shows the initial square, 6.1b shows the effects of an intermediate transformation on the

square and 6.1c shows the square as it appears when the maximum scaling is applied to it.

(a) Original image (b) Mid-range scale change (c) Maximum scale change

Figure 6.1. Examples of scaling

6.2.1.2 Rotation Experiments
For the second set of experiments, the translation was kept fixed at (0.5,0.5). The second

image was scaled by a factor of 1.2 and rotated i.e. the transformation used was

A = sR(f) (6.2)
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(a) Original image (b) Maximum Rotation

Figure 6.2. Examples of rotation

where R(#) is the 2 by 2 rotation matrix given by:

cos(f) —sin(0)
sin(f)  cos(h)

(6.3)

The rotation angle 6 was varied in steps of 5 deg from -45 degrees to 45 degrees. Figure
6.2 shows what happens to a black square as it undergoes the transformation. Figure 6.2a

shows the initial square, 6.2b shows the effects of the maximum rotation.

6.2.1.3 Shear Experiments
For the fourth set of experiments, the translation was kept fixed at (0.5,0.5). The shear

applied to the second image is specified by the following affine transformation [75]:

1 0
A =1+ 1/2defR()) R 1(0) (6.4)
0 —1

where def is the shear deformation and ¢ is the shear angle. The shear angle & was kept
constant at 30 degrees. The shear deformation def was varied from 0 to 0.60 in steps of

0.04. The shear may be interpreted as “a contraction in a certain direction and an expansion
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in the orthogonal direction with the axis of contraction and expansion determined by ¢”

[75].

[ _—

(a) Original image (b) Mid-range shear (c) Maximum shear

Figure 6.3. Examples of shear

Figure 6.3 shows what happens to a black square as it undergoes a shear transformation.
Figure 6.3a shows the initial square, 6.3b shows the effects of a transformation in the middle
of the range on the square and 6.3c shows the square as it appears when the maximum

amount of shear is applied (a staircase edge appears on the figure because of aliasing).

6.2.14 Large Simultaneous Transformations in More than One Parameter

(a) Original image (b) Mid-range (c) Maximum

Figure 6.4. Examples of images with simultaneous changes in scale, slant and tilt.
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The previous experiments allowed for a large variation of one parameter and small
variations of the other parameters. In this set of experiments, a number of parameters are
co-varied simultaneously and by large amounts. The translation was again fixed at (0.5,0.5).
Assume that the initial image is created from a fronto-parallel surface and the second image
from a plane inclined to the camera at slant « and tilt 3 and scaled s times with respect to the
first plane. Then assuming weak perspective projection, there is an affine transformation

between the two planes which is given by [9]:

A = sR(f) R'(B) (6.5)

The slant o was varied from 0 deg. to 56.6 deg (cos(«) was varied from 1.0 to 0.55 in steps
of 0.05). The scale s was simultaneously co-varied from 1.0 to 1.9 in steps of 0.1 and the
angle 3 was co-varied from O deg. to 45 deg. in steps of 5 deg.

Figure 6.4 shows what happens to a black square transformed in the above manner.
Figure 6.4a shows the initial square, Figure 6.4b shows the effects of a transformation in
the middle of the range on the square and Figure 6.4c shows the square as it appears at the

end of the range.

6.2.2 Presentation and Interpretation of Results

The performance of the algorithms is displayed using the root mean square (RMS) error
for each of the affine parameters as a function of the deformation. Percentage errors are
not plotted as these are misleading. When computing percentage errors, they are large for
low values of the affine parameters. This happens because percentage errors are computed
by taking the ratio of the error to the value of the affine parameter. For small values of the
affine parameters, the percentage errors are, therefore, large. On the other hand, the RMS
error is roughly constant over a large range of affine parameters, thus establishing that the

varying percentage error is an artifact of computation. The RMS error was computed by
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conducting each experiment 30 times and adding Gaussianly distributed random noise with
a different seed each time.

The results are evaluated in terms of both the RMS error and the range of the algorithms.
The range of the algorithms will be defined here as that set of deformations for which the
RMS error in all affine deformation parameters (i.e. b1, bio, bo1, bas) is less than 0.1. For
convenience only graphs for the affine parameter b;; will be shown in the main body of
the text. In most cases, RMS errors for the other affine parameters show similar trends.
In situations where a different affine deformation parameter would lead to a smaller range,
the graph for it is displayed in place of the graph for b,;. For completeness the rest of the

graphs for the affine parameters are displayed in Appendix C.
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Figure 6.5. RMS error in b5 versus rotation angle for the GauArea algorithm as a function
of noise.

Figure 6.5 shows an example of an RMS error plot. Here, the RMS error in b5 for
algorithm GauArea is plotted against rotation angle (see Figure 6.2 for examples of what
a rotated image looks like). The performance of GauArea is plotted for different amounts
of noise. When there is no noise, the range is from -40 deg to 45 deg. As the noise is
increased to 63 db the range drops to -35 deg to 45 deg. At higher noise levels, the plots

show an interesting phenomenon. For noise > 56 dB, the RMS error increases dramatically
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for a rotation angle of 35 degrees and then falls back with increasing rotation angle. A
conservative evaluation requires that we assume that the algorithm is unstable once the
error becomes large. Hence, for noise > 56 dB, the algorithm’s range will be considered to
be from -35 deg. to 30 deg and the algorithm will be regarded as unstable for angles greater
than 30 degrees. This phenomenon (where the RMS error becomes really large and then
falls) happens occasionally in some of the experiments. In this experiment, the spike at 35
degrees is caused by increasing the amount of noise. In other situations, the spike may also
be caused by other factors (it may converge with a particular image but not with others). In

all such situations, the range will be estimated in a conservative manner.

6.3 Discretizing Gaussians and Gaussian Derivatives

The derivations of the algorithms in the previous sections have assumed that the Gaus-
sians and Gaussian derivatives were continuous functions. To apply them, they first need to
be discretized. Errors arise due to the discretization process [23,37]. A number of different

procedures have been suggested in the literature. These include:

1. Block Averaging: Block averaging the continuous kernel over each pixel 1.e. the

filter value is integrated over each pixel and then sampled [23].

2. Discrete Derivative: The Gaussian is first sampled. The image is convolved first
with the sampled Gaussian and the output convolved with a discrete version of the

derivative. This approach is widely used.

3. Sampled Gaussian Derivatives: The continuous version of the Gaussian or Gaussian
derivative is directly sampled at each pixel and the sample values used for the discrete

version of the filter.

4. Discrete Scale-Space: The values of the discrete Gaussian are computed using a
discrete scale space. The image is filtered with the discrete Gaussian and then filtered

with a discrete version of the derivative [37].
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It may be argued that block averaging takes account of the imaging process and can,
therefore, be assumed to be the best discretization [23, 37]. When a scene is imaged by
a charge coupled device (CCD) camera, the output of each pixel is proportional to the
total light falling over the entire area of each pixel 2. It will be assumed here that block
averaging is the best technique for discretizing Gaussian derivatives and other techniques
will be compared with it.

Figure 6.6 compares derivative approximations for the first derivative of a Gaussian and
Figure 6.7 for the second derivative of a Gaussian. Figure 6.6a compares discrete approxi-
mations to the first derivative of a Gaussian using discrete derivatives with the discretization
obtained using block averaging, while Figure 6.6b compares first derivative approximations
using sampled derivatives and block averaging. Similarly, Figure 6.7a compares the errors
obtained using discrete derivatives instead of block averaging for approximating the sec-
ond derivative of a Gaussian, while Figure 6.7b compares sampled derivatives with block
averaging. In the figures, block averaging of the first derivative is denoted by [ 0,.¢, the
discrete first derivative by d, ¢ and the sampled first derivative by d,g. A similar notation
is used for the second derivative. The errors are computed by taking the difference of the
respective quantities and than dividing by the filter width. The number of points used for
computing the error is proportional to the filter width. Dividing by the filter width, there-
fore, eliminates this dependence. In the figure, all errors are plotted against the filter scale
o. For o > 0.4, the sampled derivatives are a better approximation to block averaging
than the discrete derivatives. As o increases, the errors fall quite rapidly especially for
the sampled derivatives. Thus, for moderately large o, the errors are sufficiently low that
sampled derivatives may be used instead of block averaging. In this dissertation, sampled

derivatives with o > 1.25 will, therefore, be used.

’The area is actually better approximated as a weighted integral - the weight being a Gaussian [37].
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Figure 6.6. Comparison of different discretization approximations for the first derivative
of a Gaussian. The top graph compares discrete derivatives with block averaging while
the bottom graph compares sampled Gaussian derivatives with block averaging. Block
averaging is denoted by [ 0,¢, the discrete first derivative by d,¢ and the sampled first
derivative by 0,.g.
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Figure 6.7. Comparison of different discretization approximations for the second deriva-
tive of a Gaussian. The top graph compares discrete derivatives with block averaging. The
bottom graph compares sampled Gaussian derivatives with block averaging. Block aver-
aging is denoted by [ 0,9, the discrete derivative by d,,¢ and the sampled derivative by

Ozzg.
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Lindeberg derived a similar set of figures in [37] although he did not normalize them for
filter width (Figures 5.9 and 5.10 in [37]). He also compared the discrete scale space with
block averaging. The discrete scale space gives a poorer approximation to block averaging
than the sampled derivative (see Lindeberg’s figures). Thus, it will not be considered any

further here.

6.4 Truncating Gaussians and Gaussian Derivatives

Gaussians and Gaussian derivatives are infinite in extent. However, most of their en-
ergies reside in a small region around the origin. Thus, for all practical purposes they can
be truncated. Truncation also reduces the time taken to filter the images since the resulting
kernel sizes are smaller. There has been some discussion about where Gaussians and Lapla-
cian of Gaussians should be truncated [20, 23], but a general discussion of how Gaussian
derivatives should be truncated seems to be absent in the literature.

Figure 6.8 shows the truncation errors for different values of the truncation radius. The
truncation error is computed as follows:

250 |G iz, 0)|de — ffgg |Gyi(z, 0)|dx
[0 |Gai(z,0)|dx

TruncationError = (6.6)

where Gi(x, o) is the ith order Gaussian derivatives (with G denoting the Gaussian) and
k is the truncation radius. In the above equation, the difference between the areas of the
absolute values of the truncated function and the untruncated function is first computed.
Then this difference is divided by the area of the absolute values of the untruncated filter
to give the truncation error as a proportion of the area of the untruncated filter. Note that
the truncation error is independent of 0. The truncation errors in Figure 6.8 were computed
by summing over discrete versions of the filter using large o’s instead of computing the
integrals analytically (the difference should be insignificant).

As Figure 6.8 shows, for a given truncation radius, the error increases with the order of

the derivative. Many researchers assume that it suffices to truncate Gaussians such that the
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Figure 6.8. Truncation errors as a function of the truncation radius for Gaussians and
Gaussian derivative filters. G denotes the Gaussian and G, G, Gz and Gy, denoting
the first, second, third and fourth Gaussian derivatives respectively. The truncation errors
are taken as a proportion of the total area of the absolute value of filter.

truncation radius is +=20 i.e. the filter width = 4o. For a truncation radius of 20, 96% of the
energy of the Gaussian is contained within the filter width (i.e. the truncation error is 0.04).
But for the same truncation radius, Gaussian derivatives have a much larger truncation
error. For example, the first derivative of the Gaussian has an error of about 12 % if it is
truncated to within £20 while higher derivatives have a much larger error. The question
arises as to what level of error is significant.

We shall argue here that a truncation radius of 40 should be used for Gaussian deriva-
tives up to order 4. As the graph (Figure 6.8) shows that at 4o, the truncation error is less

than 0.5 % even for the 4th derivative. The following graphs show that a truncation ra-
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dius of 20 or even 30 causes not only quantitative errors but large qualitative errors in the
appearance of the filtered signal.

The top row of Figure 6.9 shows a 1D intensity function. The other rows show succes-
sively the first, second, third and fourth derivatives of Gaussians of the intensity function
on the top row. The Gaussian derivatives are computed for o = 10 and a truncation radius
of +40 (similar figures are produced for other values of o). Qualitatively, the (n + 1)
derivative has zero crossings wherever the n'" derivative has a maximum or minimum. For
example, the first derivative (second row) has zero crossings wherever the intensity func-
tion (zeroth row) has a maximum or minimum. The signals in this graph are examples of

the kind of results desired.
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Figure 6.9. Plots of Gaussian derivatives computed for a truncation radius of +40

Figure 6.10 shows the same plots as for 6.9 but plotted for a smaller truncation radius

of +20. The second and fourth derivatives are computed incorrectly and are different from
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those in Figure 6.9. Wherever the first derivative has an extremum, the second deriva-
tive should have a zero crossing. Similarly, wherever the third derivative has a maxima
or minima, a zero crossing should occur in the fourth derivative. In Figure 6.10, how-
ever the second and fourth Gaussian derivatives are always negative and hence computed
incorrectly. Although the first derivative appears qualitatively correct (has the same zero
crossings as before), it does show quantitative differences. The peaks in Figure 6.10 are

larger than those in Figure 6.9. It is clear that a truncation radius of £2¢ gives poor results.
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Figure 6.10. Plots of Gaussian derivatives computed for a truncation radius of +20

Figure 6.11 shows the same plots as for 6.9 but for a truncation radius of £30. There
is some improvement in the computation of the zero crossings of the second and fourth
Gaussian derivatives. Notice that now the second and fourth derivatives have zero crossings
wherever the first and third derivatives respectively show maxima and minima. However,

the positive portions of the second and fourth derivatives are small compared to the negative
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Figure 6.11. Plots of Gaussian derivatives computed for a truncation radius of £30

portions (and small compared to the correct answers). Thus, a truncation radius of £30
causes errors in the computation of the derivatives.

As a further example, the effect of truncation errors is demonstrated on the algorithm
GauArea. The performance of the algorithm is plotted (Figure 6.12) for different filter
widths 40, 60 and 8¢ (i.e. truncation radius of 20, =30 and £4o0 respectively). The
RMS error for by, is plotted, RMS errors for the other parameters are shown in Figures
C.1(a)-C.1(f) in Appendix C. The experiment is performed on two random dot images, one
of which is scaled by different amounts with respect to the other. (see 6.2.1.1). It is clear
that at width 40, the algorithm has less than half the range at the other widths. At width 8¢
gives a slightly larger range than at radius 60 (although it is surprising that the errors are

not larger). Similar results were obtained with other affine transformations.
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Figure 6.12. RMS error in by; versus by; for the GauArea algorithm as a function of filter
widths.

In this dissertation, Gaussian derivatives of order 3 or less are computed. Thus all

further experiments will be carried out with a truncation radius of +40 (filter width of 8¢).

6.5 Effect of Varying the Filter Scale

The following experiments test the effects of varying the filter scales on the algorithms.
The algorithms used Gaussian and Gaussian derivative filters at two different scales, differ-
ing by a factor of /2 For example, one set of scales used was ¢ = 1.25 and 0 = 1.25 x /2.

In all four different sets of filter scales were used. They were
1. c=125and o = 1.25 x /2 = 1.768
2. 0 =1.768 and 0 = 1.768 x /2 = 2.5
3.0=25and o = 2.5 x /2 =3.54

4. 0 =3.54and 0 = 3.54 x /2 = 5.0

The scale sets will be referred to by the base (lowest) scales used. For example, the first

scale set will be referred to as scale set 0 = 1.25. Three sets of experiments were con-
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ducted; the first experiment varies the scaling (see Section 6.2.1.1) of the images, the sec-
ond the rotation (see Section 6.2.1.2) and the third the shear (see Section 6.2.1.3). Graphs

are plotted for four different sets of scales for the algorithms GauArea and DGauArea.

6.5.1 GauArea: Performance as a Function of Filter Scale

Figures 6.13-6.15 show the performance of GauArea (see 5.4.1) for scalings, rotations
and shears (see Figures 6.1-6.3 for examples of these transformations) respectively as the
filter scale is varied. In two of the figures, the RMS error in the affine parameter b;; is
plotted against scale change (i.e b1, bs2), and shear deformation respectively while the
parameter b5 is plotted against rotation (see Figure 6.14) since it shows larger errors than
b1 in this case. The other affine parameters show similar trends. For completeness, the
plots for all the affine parameters are shown in Figures C.2(a)-C.4(f) in Appendix C. With
random dot images the algorithm GauArea shows an increase in error with scale for all
transformations. This may be attributed to the poorer accuracy in localization as the scale

is increased.
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Figure 6.13. RMS error in b;; versus scale change (b;,) for the GauArea algorithm as a
function of filter scale.
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There is also a trend towards a decrease in range with increasing filter scale for scalings
and shears, while for rotations the trend is towards an increase in range with scale. For
image scalings (Figure 6.13) at scale 1.25 the range is 0 < b;; < 1.2. It increases slightly
for filter scales 1.768 and 2.50 to 0 < b;; < 1.4. For filter scale 3.54 the range falls
to 0 < b;; < 0.8. Notice that at scale 3.54, the error rises dramatically and then drops.
As discussed before (Section 6.2.2), the algorithm is interpreted as being unstable beyond
b1 = 0.8. We use the criterion that the algorithm’s useful range occurs when the RMS
error is less than 0.1 (see Section 6.2.2). Clearly with some other criterion the range would
be much larger.

For rotations (Figure 6.14), the range is from -35 deg. to 30 deg. at the smallest scale
(1.25). It increases to -45 deg. to 45 deg. for the intermediate scales before dropping to -35
deg. to 45 deg. for the largest scale (3.54).

The range of shear deformations handled by GauArea (Figure 6.15) is (0-0.48) for the
smallest scale (1.25), it decreases to (0-0.40) for the next scale (1.768) before dropping to

(0-0.32) for the two largest scales.
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Figure 6.14. RMS error in by, versus rotation angle for the GauArea algorithm as a function
of filter scale.
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Figure 6.15. RMS error in b;; versus shear deformation for the GauArea algorithm as a
function of filter scale.

6.5.2 DGauArea: Performance as a Function of Filter Scale

The experiments are repeated with algorithm DGauArea (i.e. the using the first deriva-
tives of the Gaussian). The RMS errors for by, are displayed in Figures 6.16-6.18 and the
errors for all the affine parameters are displayed in Figures C.5(a)-C.7(a) in Appendix C.

For scalings (Figure 6.16), DGauArea has a much lower error than GauArea (less than
half the error). However, for the lower scales the range of DGauArea is much smaller than
GauArea (the range is 0-0.5). For the largest scale (3.54) on the other hand, the range for
DGauArea is (0-1) and is larger than for GauArea. It will turn out later (see Section 6.11
that for real images, the ability to use large scales is useful and, therefore, DGauArea will
in general be a more useful algorithm than GauArea.

For rotations (Figure 6.17), DGauArea shows a trend for range to increase with filter
scale. At scale 1.25, the range is (—25 deg,25 deg), it increases to (—35 deg,45 deg) for
scale 1.768 and further increases to (—40 deg.,45 deg) for scale 2.50. At the largest scale
the range is (—45 deg,40 deg).

DGauArea handles shear deformations (Figure 6.17) from O to 0.48 for the first three

scales and from O to 0.32 for the largest scale.
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Figure 6.16. RMS error in the b;; versus scale change (b;;) for the DGauArea algorithm
as a function of filter scale.
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Figure 6.17. RMS error in b;; versus rotation angle for the DGauArea algorithm as a

function of filter scale.

6.5.3 Comments on Varying the Filter Scale

As the scale of the filters 1s increased, their range increases. This is true for defor-
mations which are composed of scale changes and rotations. For shear deformations, the
filter range is actually smaller for the largest scale set used. The increase in range due to

larger scales may be attributed to the use of larger support regions. The accuracy of the
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Figure 6.18. RMS error in by; versus shear deformation for the DGauArea algorithm as a
function of filter scale.

algorithms, however, goes down with scale and maybe attributed to the poorer localization
(i.e. translation estimates) obtained at higher scales.

Overall DGauArea is more accurate than GauArea for rotations and shears. For scal-
ings, DGauArea has a much lower range than GauArea for the smaller scales while for the

largest scale it has a higher range. The RMS error of DGauArea is in general much lower

than for GauArea.

6.6 Effect of Varying the Number of Filters Used
The following experiments will test the effect of varying the number of filters on the

algorithms. The following three sets of filters were tried.
1. Just one filter at 0 = 1.25.
2. Two filters, one at 0 = 1.25 and one at o = 1.25 x /2 = 1.768

3. Three filters, the first at 0 = 1.25, the second at ¢ = 1.768 and the third at 0 =

1.25 x2=20
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In the following experiments, a window of size 13 by 13 was used and every point
within this window was used. The filter widths were set to 80. As before three sets of
experiments will be conducted; the first experiment varies the scaling of the images, the
second the rotation and the third the shear. Graphs are plotted for the three different sets of

filter scales for both algorithms GauArea and DGauArea.

6.6.1 GauArea: Performance as a Function of Number of Filters Used

The performance of GauArea as a function of the number of filters used is shown in
Figures 6.19-6.21 for scalings, rotations and shears (see Figures 6.1-6.3 for examples of
these transformations). It is clear from the figures that the accuracy of the algorithm re-
mains the same even with additional filters. The range of the algorithm increases slightly
(for scalings and rotations) with the number of filters used. For completeness, the plots for

all the affine parameters are shown in Figures C.8(a)-C.10(f) in Appendix C.
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Figure 6.19. RMS error in b;; versus scale change (b;,) for the GauArea algorithm as a
function of the number of filters used.
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Figure 6.20. RMS error in b;; versus rotation angle for the GauArea algorithm as a function

of the number of filters used.
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Figure 6.21. RMS error in b;; versus shear deformation for the GauArea algorithm as a

function of the number of filters used.

6.6.2 DGauArea: Performance as a Function of Number of Filters Used
The effect of varying the number of filters on the performance of DGauArea is shown
in Figures 6.22-6.24 for scalings, rotations and shears (see Figures 6.1-6.3 for examples of

these transformations). The figures show that there is a slight advantage to using at least
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Figure 6.22. RMS error in by, versus scale change (b,,) for the DGauArea algorithm as a
function of the number of filters used.
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Figure 6.23. RMS error in 0;; versus rotation angle for the DGauArea algorithm as a
function of number of scales used simultaneously.

2 filters but there is not much advantage to using more than 2 filters. As before algorithm

DGauArea is much more accurate than GauArea within its effective range.

For completeness, the plots for all the affine parameters are shown in Figures C.11(a)-

C.13(f) in Appendix C.
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Figure 6.24. RMS error in by, versus shear deformation for the DGauArea algorithm as a
function of number of scales used simultaneously.

6.7 Effect of Window Size

The effect of changing the window size on the performance of the algorithms is dis-
cussed in this section. As the experiments show using many more points for computing
the affine transform usually gives more accuracy. However, for some kinds of transforms -
principally rotations - larger window sizes reduce the range. As before three sets of exper-
iments will be conducted; the first experiment varies the scaling of the images, the second
the rotation and the third the shear (see Figures 6.1-6.3 for examples of these transforma-
tions). Graphs are plotted for three different window sizes 9x9, 13x13 and 17x17.

In the following experiments, unless otherwise stated, filters at two scales were used

o=1.25and o =1.25 x \ﬂ2) = 1.768. The filter widths were set to 8c.

6.7.1 GauArea: Effect of Window Size

Figures 6.25-6.27 show the effect of changing window size on algorithm GauArea. The
figures show graphs for three different window sizes 9x9, 13x13 and 17x17.

For scalings (Figures 6.25), it is clear that increasing the window size improves the

accuracy of GauArea. Thus for example, the 17x17 window measures affine transforms
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Figure 6.26. RMS error in by, versus rotation angle for the GauArea algorithm as a function

of window size.

almost twice as accurately as the 9x9 window. The increase in accuracy is due both to the

larger number of points used and the larger region used to estimate the affine transform.

Increasing the window size also increases the range of the algorithms.

For rotations (Figures 6.26), increasing window size also increases the accuracy. How-

ever, the range falls with increasing window size. The decrease in range may be understood
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Figure 6.27. RMS error in b;; versus shear deformation for the GauArea algorithm as a
function of window size.

as follows: Since the algorithm is iterative, it is essential that the initial estimate be not far
from the correct answer. As the rotations increase the corresponding points in the second
image are further away and this distance increases with window size. This leads to the
decrease in range with increasing window size.

For shears (Figures 6.27), again there is an increase in accuracy (as expected). When
the affine transform is small, the error at a window size of 17 by 17 is 1/4 that at a window
size of 9 by 9. For larger affine transforms a window size 17 by 17 has an error rate 1/2 that
at a window size of 9 by 9. There is also a slight increase in range with window size.

As before, plots for all the affine parameters are shown in Figures C.14(a)-C.16(f) in

Appendix C.

6.7.2 DGauArea: Effect of Window Size

For scalings, Figure 6.28 shows the effect of window size on DGauArea. Appendix C
contains a complete set of plots (Figures C.17(a)-C.17(f))for all affine parameters. As for
GauArea, the accuracy of DGauArea increases with window size. The range of DGauArea

seems to show anomalous behaviour - the range is the same at window sizes of 9 by 9 and
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Figure 6.28. RMS error in by, versus scale change (b,,) for the DGauArea algorithm as a

function of window size.

17 by 17 but is smaller at an intermediate range. This anamoly is present even if the noise

is removed and is probably an artifact of the particular image used.
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Figure 6.29. RMS error in b;; versus scale change (b;;) for the DGauArea algorithm as
a function of window size at filter scale 1.25. A different random dot image is used as

compared to Figure 6.28
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To clarify the range behaviour of DGauArea further experiments were conducted using
a different random dot image (generated with a different seed). Figure 6.29 shows the
performance of DGauArea on a different image but with the same parameters as before.
With increasing window size, a clear decrease in range occurs.

DGauArea’s behaviour is ;however, different when much larger filter scales are used.
Figure 6.30 shows the performance of DGauArea as a function of window size for filter
scale 2.5. It is seen that the range now increases with window size ( a reversal of the
previous behaviour). As we have noted before (Section 6.5), the performance of DGauArea

is better at larger scales and the experiments here confirm the trend.
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Figure 6.30. RMS error in by, versus scale change (b,1) for the DGauArea algorithm as a
function of window size at filter scale 2.5.

For rotations (Figures 6.31), DGauArea behaves the same way as GauArea. The ac-
curacy improves with window size and the range decreases with window size. For the
same rotation angle and the same window size, DGauArea is roughly twice as accurate
as GauArea. As before, a complete set of plots (Figures C.18(a)-C.18(f)) for all affine
parameters is availabe in Appendix C.

For shears (Figures 6.32), again there is an increase in accuracy (as expected). The

error at a window size of 17 by 17 is 1/4 that at a window size of 9 by 9. The range is more
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or less the same for all window sizes. Appendix C contains plots (Figures C.19(a)-C.19(f))

for all the affine parameters.
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Figure 6.31. RMS error in by; versus rotation angle for the DGauArea algorithm as a
function of window size.
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Figure 6.32. RMS error in by; versus shear deformation for the DGauArea algorithm as a

function of window size.
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6.8 Noise Performance

The performance of GauArea and DGauArea with different levels of noise added is
investigated in this section. Experiments were done with scalings, rotations and shears (see
Figures 6.1-6.3 for examples of these transformations). Different amounts of noise were
added to the images as described in Section 6.2.1. The SNR was computed as in 6.1.

In the following experiments, filters at two scales were used 0 = 1.25 and 0 = 1.25 X

\ﬂ2) = 1.768. The filter widths were set to 8c.

6.8.1 GauArea: Noise Performance

Figures 6.33-6.35 show the effect of noise on the algorithm GauArea.
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Figure 6.33. RMS error in b;; versus scale change (b;,) for the GauArea algorithm as a
function of noise.

For scalings (Figure 6.33) without any noise, GauArea’s range is large (0 < by < 1.4)
and the RMS error is less than 0.001 for the most part. Adding noise decreases the range
to 1.2 and increases the error substantially. Larger amounts of noise cause the error rate to
increase. At 49 dB, the noise is roughly double that at 63 dB.

For rotations (Figure 6.34) without any noise, GauArea’s range is from -40 deg. to 45

deg and the RMS error is again less than 0.001 within the effective range. For higher noise
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Figure 6.34. RMS error in b,2 versus rotation angle for the GauArea algorithm as a function
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Figure 6.35. RMS error in b;; versus shear deformation for the GauArea algorithm as a
function of noise.

levels, the RMS error increases substantially. The range is slightly smaller for a SNR of 63

dB but falls to -35 deg. to 30 deg when the SNR < 56 dB.

For shears (Figure 6.35) even with no noise the error abruptly rises when the shear

deformation is greater than 0.24. For shear deformation less than 0.24, the RMS error is

much greater with noise but for values above 0.28 the performance with and without noise
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is comparable. The range is the same with and without noise (for all levels of noise < 49

dB).
Plots for all the affine parameters are shown in Figures C.23(a)-C.25(f) in Appendix C.

6.8.2 DGauArea: Noise Performance

The effect of noise on DGauArea is displayed in Figures 6.36-6.38.

1
{
— i
5 0.1 f { J
R
8
=
o
wn i
Z 001} :
I no noise
T e SNR =63 dB ---o--
po T e SNR =56 dB
Tonnoo” SNR=52dB =
SNR=49dB =
0001 L L L L L
0 0.2 04 0.6 0.8 1 1.2 1.4
by orby,

Figure 6.36. RMS error in by, versus scale change (b,,) for the DGauArea algorithm as a
function of noise.

For scalings, Figure 6.36 shows that even without noise DGauArea’s range is less than
0 to 0.6 while with noise the range is 0 to 0.5. Even with noise added the RMS error for
DGauArea is less than 0.06.

For rotations (Figure 6.37), DGauArea has a much smaller range than GauArea even
without any added noise. Thus, without noise the range of DGauArea is GauArea’s range
is from -40 deg. to 45 deg and the RMS error is again less than 0.001 within the effective
range. For higher noise levels, the RMS error increases substantially. The range is slightly
smaller for a SNR of 63 dB but falls to -35 deg. to 30 deg when the SNR < 56 dB.

For shears (Figures 6.32) even with no noise the error abruptly rises when the shear

deformation is greater than 0.32. For shear values below 0.32, the performance degrades
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Figure 6.37. RMS error in b5 versus rotation angle for the DGauArea algorithm as a
function of noise.
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Figure 6.38. RMS error in by; versus shear deformation for the DGauArea algorithm as a
function of noise.

with even small amounts of noise. Above deformations of 0.32 the performance with and
without noise is comparable. The range is the same with and without noise (for all levels
of noise < 49 dB).

As before, plots for all the affine parameters are shown in Figures C.23(a)-C.25(f) in

Appendix C.
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6.9 Comparison of the Four Algorithms

The four algorithms GauArea, DGauArea, GauAreaN and DGauAreaN (see Figure
6.39) are compared in this section. As in previous sections, the algorithms are compared
for scale changes, rotations and shears. (see Figures 6.1-6.3 for examples of these trans-
formations). In addition an experiment was run which compared the performance of the
algorithms with the image simultaneously undergoing large multiple transformations. This
was achieved by (synthetically) imaging a random dot plane whose slant, tilt and distance
from the camera were simultaneously co-varied (see 6.2.1.4 for a detailed explanation and
some examples of such transformations).

The experiments show that GauArea has a larger range over which it operates while
DGauArea is much more accurate. GauArea has a larger range than GauAreaN while
DGauArea has a larger range than DGauAreaN (the additional higher order terms in GauArea
and DGauArea are responsible for the larger ranges). In addition, both GauArea and
DGauArea converge faster than the corresponding algorithms GauAreaN and DGauAreaN.

In the following experiments, unless otherwise noted, a window of size 13 by 13 was

used and every point within this window was used. The filter widths were set to 8c.

6.9.1 Comparison on Scalings

First, the algorithms were compared on scaled images. The first experiment (Figure
6.39; for plots of the other affine parameters see Figures C.26(a)-C.26(f) in Appendix C)
was run with two filters (scales 0 = 1.25 and 0 = 1.768).

Clearly, GauArea and GauAreaN have more than double the range of the derivative
algorithms DGauArea and DGauAreaN. However, the derivative algorithms are twice as
accurate as GauArea and GauAreaN. GauArea has the largest range b; = (0,1.2), i.e.
a;; = (1.0,2.2). GauAreaN has a range of b;; = (0,1.0). DGauArea’s range is b;; =

(0,0.5) while DGauAreaN has a range of b;; = (0,0.4).
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Figure 6.39. RMS error in b;; versus scale change (b;1) for four different algorithms for

filter scale 1.25.

RMS error in by

! 0

001 ¥

9 L - Ga},}:Al’ffﬁ

- DGduArea) — =
iy GauAreaN ‘o
i DGauAreaN -~ -=---

0.001

0.2

04

0.6 0.8 1.4

b, or by,

Figure 6.40. RMS error in b,; versus scale change (b;1) for four different algorithms for

filter scale 1.768.

Since GauAreaN does not model the deformation, its performance deteriotates with

increasing filter scale (see Figure 6.40 which uses filters at 0 = 1.768 and 0 = 2.5). In

Figure 6.40 the error for GauAreaN rises and then falls, but we assume (see discussion in
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Section 6.2.2) that for values of b;; > 0.1 it is unstable. Thus, the range of GauAreaN
may be assumed to be b;; < 0.1. The poor performance of GauAreaN at larger scales is
to be expected, since it is more critical to model the deformation of the Gaussian when
its standard deviation is larger. The derivative algorithm DGauAreaN, which also does
not model the deformation does not suffer any significant degradation with scale. Other
experiments (not shown here) show that at much higher scales, DGauAreaN suffers more
degradation than DGauArea (the latter models deformations).

For all other algorithms, although their accuracy goes down with scale (probably due

to poorer localization), their range increases.

6.9.2 Comparison on Rotations

This experiment compares the four algorithms GauArea, DGauArea, GauAreaN and
DGauAreaN under rotation (see Figure 6.41; plots for the other affine parameters are shown
in Figures C.27(a)-C.27(f) in Appendix C). Two filters, o0 = 1.25, 1.768 were used. Both
GauArea and GauAreaN have larger ranges than DGauArea and DGauAreaN. GauArea
has the largest range (-35,30) degrees. GauAreaN’s range is somewhat smaller (-35,20)
degrees. DGauArea has a range of (-25,25) degrees while DGauAreaN has the smallest
range at (-25,20) degrees. DGauArea and DGauAreaN are approximately twice as accurate
as GauArea and GauAreaN. The performance of the derivative algorithms DGauArea (see
6.5 for experiments on DGauArea) and DGauAreaN (experiments not shown) improves
with scale (see 6.5 for experiments on DGauArea) while the performance of GauAreaN

drops dramatically with scale.

6.9.3 Comparison on Shear Deformations
This experiment compares the four algorithms GauArea, DGauArea, GauAreaN and
DGauAreaN on shear deformations (see Figure 6.42 and Figures C.28(a)-C.28(f) in Ap-

pendix C. Two filters, 0 = 1.25,1.768 were used. The range for all four algorithms is
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Figure 6.41. RMS error in by versus rotation angle for four different algorithms.

roughly the same. However, the derivative algorithms are twice as accurate as GauArea

and GauAreaN.
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Figure 6.42. RMS error in b, versus shear deformation for four different algorithms.

694 Comparison on a Plane Moving in Space - Multiple Covarying Parameters
The next experiment (Figure 6.43) is conducted by assuming that a plane covered with

a random dot pattern is moving in space and its slant, tilt and distance from the camera
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co-vary simultaneously. The details of how the images were created is discussed in Section
6.2.1.4. It suffices to note here that the slant & was varied from 0 deg. to 56.6 deg (cos(«)
was varied from 1.0 to 0.55 in steps of 0.05). The scale s was simultaneously co-varied
from 1.0 to 1.9 in steps of 0.1 and the angle 3 was co-varied from 0 deg. to 45 deg. in steps
of 5 deg.

If two filters (o = 1.25, 1.768) are used, the Gaussian algorithms GauArea and GauAreaN
converge for all transformations while the derivative algorithms converge when the slant is
less than 49 degrees (cos(o) > 0.65). However, the derivative algorithms have less than
half the error of the Gaussian algorithms.

For comparison, plots of all the affine parameters are shown in Figures C.29(a)-C.29(f)

in Appendix C.
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Figure 6.43. Comparison RMS errors for four different algorithms for a plane moving in
space. The error in the affine parameters is plotted against the cosine of the slant angle.
The scale s was simultaneously co-varied from 1.0 to 1.9 in steps of 0.1 and the angle 3
was co-varied from O deg. to 45 deg. in steps of 5 deg.

If the filter scales are increased to (o = 2.5, 3.54) then the performance of GauAreaN
drops dramatically while the other three algorithms work over the entire range of transfor-
mations. The derivative algorithms still perform better than the Gaussian algorithm in terms

of error (although the error for all algorithms is higher than in the previous experiment).
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6.10 Comments on Experiments with Synthetic Images

The results from the experiments are briefly summarized here. The Gaussian and its
derivatives can be discretized by sampling the continuous functions, provided the filter’s
scale is not too small (> 0.5 pixels). The discretized filters may be truncated but the
truncation radius must be at least +40.

For small values of scale, GauArea has the largest range followed by GauAreaN. The
derivative algorithms DGauArea and DGauAreaN have much smaller ranges especially for
scalings and rotations. As the scale is increased, the range of the derivative algorithm im-
proves dramatically and they perform better than GauArea and GauAreaN. The derivative
algorithms are more accurate over their effective range by at least a factor of 2 over algo-
rithms which use only the Gaussian equation.

It is also seen that as filter scales are increased, deformation is more important (see
Section 6.11 for a more detailed discussion). Thus, GauAreaN fails for filter scales which
are 1.768 or larger while GauArea works even for much larger filter scales. The derivative
algorithm DGauAreaN breaks down only at really large filter scales (=~ 5). DGauArea on
the other hand works quite well even at such large scales.

The experiments also show that the algorithms are able to recover the affine transform
when multiple simultaneous transformations are involved. GauAreaN as before does poorly
when the filter scales are large, but the other three algorithms perform quite well over a

range of filter scales.

6.11 Tests with Real Images

The performance of the algorithms was also tested with real images in a number of
experiments. Each experiment was performed on a pair of real images; the second image
in the pair was obtained by either moving the camera or by moving one of the objects in

the scene and keeping the camera stationary.
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The experiments were carried out on scenes containing a wide variety of objects and

different kinds of surfaces. The six experiments conducted were:

1. Face Images (Section 6.11.1): A human face is clearly not planar. But for small

motions, frontal views of the face can be well approximated by an affine transform.

2. Monet Images (Section 6.11.2): The scene is a poster by the artist Monet. The scene
is planar and is richly textured. In this sense, it has information almost everywhere
(in the textured areas) like the synthetic random dot images used before. The trans-

formation between the two images has a large scale change as well as shear.

3. Bookcase Images (Section 6.11.4): The books in the bookcase may be approximated
by a planar surface. However, there is a strong perspective effect - notice that lines
parallel to adjacent shelves appear to converge in in the picture. There is considerable

rotation between the two images.

4. Blackboard Images (Section 6.11.3): The scene includes a blackboard and some
books in the foreground. The blackboard forms one planar object while the books
in the foreground clearly cannot be modelled using the same planar object. The two

images differ by a large scale change and a rotation.

5. Pepsi Can Images (Section 6.11.5): A pepsi can is cylindrical. Locally, however, it
may be well approximated as an affine. Three images of the pepsi can are shown.
Between the first two, there is a large scale change. Between the first and third
pepsi images, there is both a large scale change, a rotation as well as some shear

deformation.

6. Elephant Images: These two frames of an elephant were obtained from a video se-
quence of a moving elephant. The elephant’s head and body make a large sideways
motion. The side of the head forms an approximately planar object and its motion

can be modelled as an affine.
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6.11.1 Face Images

In this section, we demonstrate that images of objects which are not strictly planar can
also be matched using the algorithms. A picture of a face was taken from a roughly frontal
position Figure 6.44(a). A second picture was taken from a slightly different viewpoint

Figure 6.44(b). Clearly, the face is a non-planar object.

(a) Image face0. (b) Image facel.

(c) Facel warped using recov- (d) Difference between a and
ered affine transform. c.

Figure 6.44. Matching of face0 and facel using algorithm DGauArea.

No prior translation estimates were provided in this case. Instead the algorithms were
run at the center of the image. All the algorithms gave roughly the same result. Figure
6.44(c) 1s obtained by warping facel according to the resulting affine transform. Figure
6.44(d) is the difference between face0O and the warped version of facel. Notice the excel-
lent registration between the two faces. The white areas are due to portions on the body or
the mid-section of the head which cannot be modelled using the same plane as the face.

Table 6.2 shows the affine parameters computed by DGauArea Similar results were

obtained using the other algorithms. The good quality of the registration results obtained
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Table 6.2. Recovered affine parameters for Face Image.

Algorithm a1l 12 a21 929 tm ty
DGauArea | 0.980 | -0.016 | 0.020 | 0.990 | -2.02 | 4.64

using all the algorithms is not surprising because of the small affine transformation (see
Table 6.2) between the two images.

The registered image in Figure 6.44(c) was obtained with window sizes of 41 by 41.
Similar results were obtained with smaller window sizes. With larger window sizes, the
registration quality was poorer. The importance of not using large patches is emphasized

by this result.

6.11.2 Monet Images

This experiment is performed on a pair of images of a flat Monet poster. One image
(Monetl Figure 6.45(b)) was taken frontally while the other image (MonetO Figure 6.45(a))
was taken from the side. There are large scale change as well as shear between the two
images.

The algorithms were applied at the point shown in Figure 6.45(a). Figure 6.45(c) shows
the image obtained by warping Monetl using the recovered affine transform (see Table 6.3
- this was obtained with a window size of 41 by 41). Figure 6.45(d) shows the difference
between the warped image and the first image Monet0O. Notice that the region used for run-
ning the algorithms is well registered. Other areas of the image are not perfectly registered
(although for example the bridge is in the right place). The imperfect registration is due to
the steep slant of the first image with respect to the second.

Table 6.3 lists the affine parameters obtained for the algorithm DGauArea. From the
table, we can estimate that the two images differ by a shear angle of roughly 6 deg, a shear
deformation of 0.256 and a scale change of 0.67.

Table 6.4 shows how the four different algorithms compare. The table lists, for a partic-

ular window size, the range of filter scales for which each algorithm produces good results.
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(b) Image Monetl.

(c) Monetl warped using recovered affine (d) Difference between a and c.
transform.

Figure 6.45. Matching of MonetO and Monet1 using algorithm DGauArea.

For example, at window size 41 by 41 DGauArea converges for a range of filter scales from
0 = 2to o = 5. Only filter sizes from 0 = 2 to o = 5 were tried. From the table it is clear
that DGauArea is the most robust algorithm in the sense of producing good results over
the widest range of scales. The other algorithms in order of robustness are DGauArealN,

GauArea and GauAreaN.

6.11.3 Blackboard Images
The algorithms work well with planar surfaces. This is demonstrated by the following

experiment conducted on an office scene containing a planar blackboard along with some
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Table 6.3. Recovered affine parameters for the Monet images.

t

Algorlthm a1 12 a21 a929 t y
-37.56

DGauArea | 0.559 | 0.000 | 0.056 | 0.809 | 9.57

Table 6.4. Effective performance in terms of filter size for four different algorithms on the
Monet images.

| Window Size | GauArea | GauAreaN | DGauArea| DGauAreal

41 x 41 Poor Poor 2to5 2t05
results results
81 x 81 3.54t05 2t05 354t05 5

(a) Image blackboard0O with point marked (b) Image blackboard]1.
onit.

i

{
B\ |

(c) Blackboardl warped using recovered (d) Difference between a and c.
affine transform.

Figure 6.46. Matching of blackboardO and blackboard1 using algorithm DGauArea
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Table 6.5. Effective performance in terms of filter sizes for four different algorithms on the

Board images.

| Window Size | GauArea

GauAreaN | DGauArea | DGauAreal

11x11 Does not | Does not | Does not | Does not
converge | converge | converge | converge

21x21 2 Does not | 3to5 Does not
converge converge

41 x 41 2t05 2t03 3t05 5

61 x 61 3t05 Does not | 5 5
converge

81 by 81 5 Does not | Does not | Does not
converge | converge | converge

non-planar objects. Figure 6.46(a) (referred to as blackboard0) is the original image with
a point marked on it. Figure 6.46(b) (referred to as blackboardl) is a second image taken
from a different viewpoint. There is a large scale change (roughly a factor of 2) as well as
a rotation of 18 degrees.

A translation estimate is provided (see Appendix B for an example of how to obtain
an estimate). Figure 6.46(c) shows the image obtained by affine warping blackboardl
by the recovered affine transform (see Table 6.5); the window size used was 41 by 41.
Figure 6.47(d) is the difference between the warped image of blackboard1 and blackboardO.
The blackboard is well registered. The surfaces of objects right next to the blackboard
are registered well if these surfaces are roughly parallel to the blackboard’s surface. For
example the duster and the tin can are registered well. On the other hand, the top surface
of the box of chalk shows some mis-registration. The books are sufficiently far away from
the blackboard that the same affine transformation does not model their deformation, hence
they are not registered.

Table 6.5 lists, for a given window size, the range of filter scales for which the different
algorithms give good results. Filter scales from o0 = 2 to 0 = 5 were tried. It is clear that
GauArealN performed poorly - it worked only when the window size was 41 x 41. The

best performance is shown by the algorithms which account for deformation i.e. GauArea
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and DGauArea. It is to be noted that GauArea tends to work for smaller filter scales while

DGauArea works better when the filter scales are larger.

6.114 BookCase Images

:
g
-
|

(c) Bookcasel warped using recovered (d) Difference between a and c.
affine transform.

Figure 6.47. Matching of bookcase0 and bookcasel using algorithm DGauArea.

The algorithms work well even in situations where there are strong perspective effects
and reasonably large rotations. The experiment was performed on images of a bookcase
which shows strong perspective effects. Figure 6.47(a) (referred to as bookcase0) shows
the original image with a point marked on it. Figure 6.47(b) (referred to as bookcasel) is

a second image taken from a different viewpoint. There is about 21 degrees of rotation
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Table 6.6. Recovered affine parameters for the bookcase images.

Algorithm a1l 12 921 929 tI ty
DGauArea | 0958 | 0.372 | -0.368 | 0.924 | -28.82 | 29.46

Table 6.7. Recovered affine parameters for PepsiO and Pepsil around point 1.

Algorithm a1 12 a21 929 tm ty
GauArea | 141 | -0.01 | -0.067 | 1.36 | 25.08 | 9.24
DGauArea | 1.40 | -0.02 | -0.067 | 1.38 | 25.08 | 9.30

between the two images as well as small amounts of other deformations. Notice that some
of the parallel lines in the image converge, indicating a strong perspective effect.

For a window size of 81 by 81, all the algorithms converged for scales from o = 1.25 to
o = 3.54. However, for scales of 0 = 5, only GauArea and DGauArea converged on this
image but not GauAreaN or DGauAreaN i.e. for large scales the algorithms using defor-
mation converged. Figure 6.47(c) shows the image obtained by affine warping bookcasel
by the recovered affine transform (see Table 6.6 obtained using o = 5). Figure 6.47(d) is
the difference between the warped image of bookcasel and bookcase0. The registration is

good but the strong perspective effect is noticeable in the white areas on some of the books.

6.11.5 Pepsi

In this section, tests on real images of a Pepsi can are shown. The Pepsi can images are
the same ones that were used to test the gross translation algorithm in Appendix B.

The first experiment uses images PepsiO (Figure 6.48(a)) and Pepsil (Figure 6.48(b)).
Pepsil was created by moving the camera towards the Pepsi can. The region around the part
marked in Figures 6.48(a) 1s sought to be matched. The can is cylindrical and, therefore,
the transformation between two images of the entire Pepsi can cannot be described by a
single affine transform. Note also that the transformation between the two images of the
background is considerably different from that of the Pepsi can. However, a part of the can

may be described by using a single affine transform.
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(a) Image PepsiO with Point 0 marked on it. (b) Image Pepsi3.

(c) Pepsi0 warped using recovered affine (d) Difference of b and ¢
transform.

Figure 6.48. Matching of PepsiO and Pepsil using algorithm GauArea

A point (Point 0) is marked on the PepsiO image. The algorithm in Section B is used to
recover an estimate of the translation. Using this estimate, all four algorithms (GauArea,
GauAreaN, DGauArea and DGauAreaN) were run on the images. As the first row of Table

6.8 shows, for this pair of images, all algorithms converged for a wide set of parameters.
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The following pairs of scales (0 = 1.25 and o = 1.251/2 = 1.768) were used. The first row
of Table 6.8 lists the window sizes for which the different algorithms converged. GauArea
converged for window sizes ranging from 11x11 3 to more than 173x173 while GauAreaN
converged for window sizes from 13x13 to more than 173x173. Thus GauArea performed
slightly better than GauAreaN. The derivative algorithms needed larger window sizes to
converge. DGauArea and DGauAreaN converged for window sizes ranging from 21x21 to
larger than 173x173. However, the images were not properly registered by DGauAreaN
unless the windows were at least of size 31x31. Thus, DGauArea which accounts for
deformations performs better than DGauAreaN.

Note that the Pepsi image regions were correctly registered only at the smaller window
sizes. At many of the large window sizes, large portions of the image which do not belong
to the Pepsi can are included. These portions are further from the camera and the transfor-
mations they undergo due to viewpoint change are considerably different. Thus, at large
window sizes, the Pepsi can image regions were not properly registered.

Figure 6.48(c) shows the image PepsiO warped by the recovered affine transform while
Figure 6.48(d) shows the difference between this warped image and the Pepsil image. No-
tice that the region around Point O is well described by the affine transform while portions
of the can much further away are not described as well. These images were created using
GauArea with a window size of 23x23.

The affine parameters recovered by the algorithm GauArea are listed in Table 6.7. Table
6.7 also lists the affine parameters recovered using DGauArea with the same window sizes.

The second experiment is done using images PepsiO (Figure 6.49(a)) and Pepsi3 (Figure
6.49(b)). Notice the considerable rotation of Pepsi3 with respect to PepsiO. There is also

a shear component caused by an artifact of the imaging process. The camera’s scale in the

3 All window sizes in pixel units.
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Table 6.8. Effective performance in terms of filter sizes for four different algorithms on the
Pepsi images.

| Transformation | GauArea | GauAreaN | DGauArea | DGauAreaN| Scales Used |

Scale Change | 11 x I1to | 13 x13to | 21 x21to | 31x31tov. | 1.25and 1.77
~14 v. large v. large v. large large

25x25t0 | Does not | 21 x 21 to | 21 x 21 to | 2.5 and 3.54
Scale Change 31x31 converge | 25x 25 25x 25
+ 45 def Converges | Does not | Converges | Does  not | 3.54 and 5.0
rotation + converge Converge
shear 21x21 Does not | 19 x 19 to | Does  not | 5.0 and 7.07

converge | 39x 39 Converge

Table 6.9. Recovered affine parameters for PepsiO and Pepsi3 around Point 3.

Algorithm a1l 12 a21 929 tm ty
GauArea | 1.26 | -0.73 | 1.06 | 1.13 | 0.90 | 30.30
DGauArea | 1.27 | -0.69 | 1.10 | 1.15 | 0.98 | 30.27

x and y direction are in the ratio of 0.7/1. Thus, rotating the camera causes shear between
two 1mages.

The region around the part (point 3) marked in Figures 6.49(a) is sought to be matched.
The algorithm in Appendix B is again used to recover an estimate of the translation. Using
this estimate, all four algorithms (GauArea, GauAreaN, DGauArea and DGauAreaN) were
run on the images. As Table 6.8 shows GauAreaN did not converge for any set of parame-
ters that were used. As the table clearly shows, DGauArea works over the widest range of
window sizes and filter scales followed by GauArea. DGauAreaN works only for one set
of filter scales. *

Figure 6.49(c) shows the image PepsiO warped by the recovered affine transform while
Figure 6.49(d) shows the difference between this warped image and the Pepsi3 image. No-

tice that the region around Point 3 is well described by the affine transform while portions

4The recovered affine transform tends to be less accurate at the larger window sizes because for large
window sizes, the contribution of portions of the image outside the can is significant.
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(a) Image PepsiO with Point 3 marked on it. (b) Image Pepsi3.

(c) Pepsi0 warped using recovered affine (d) Difference of b and c.
transform.

Figure 6.49. Matching of PepsiO and Pepsi3 using algorithm GauArea

of the can much further away are not described as well. These images were produced using
algorithm GauArea with a window size of 25x25.
The affine parameters recovered by the algorithm GauArea are listed in Table 6.9. Table

6.9 also lists the affine parameters recovered using DGauArea with the same window sizes.
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6.11.6 Elephant

(a) Image elephantO with point marked on (b) Image elephantl.

(c) Elephantl warped using recovered (d) Difference between a and c.
affine transform.

Figure 6.50. Matching of elephant0 and elephant] using algorithm DGauArea

An experiment was performed on images of a elephant obtained from a video (Figure
6.50(a) referred to as elephant0) is the the original image with a point marked on it. Figure
6.50(b) (referred to as elephantl) is the second image obtained after the elephant has moved

sideways. Although the elephant is not planar, the side of the head can be modelled as a
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Table 6.10. Recovered affine parameters for the elephant images.

Algorithm a1l 12 921 929 tI ty
DGauArea | 0.755 | 0.343 | -0.043 | 1.036 | 44.23 | -23.91

planar surface and matched using an affine transform. Note that a sideways motion amounts
to a shear deformation.

A translation estimate was provided (see Appendix B) on how to generate such esti-
mates). On this pair of images, only DGauArea successfully registered images. Figure
6.50(c) shows the image obtained by affine warping elephantl by the recovered affine
transform (see Table 6.10). Figure 6.50(d) is the difference between the warped image
of elephantl and elephant0. The elephant’s head is well registered except for the tusks, as
expected. However, the rest of the body is not since they are clearly not part of the same
planar approximation.

Table 6.10 shows the affine parameters recovered by the DGauArea algorithm using a
window size of 41 x 41. From these deformation parameters it can be estimated that there
is a shear deformation between the two images specified by a deformation angle of 10.5

deg. and a deformation of 0.16.

6.11.7 Comments on the Real Image Experiments

The experiments show that when large affine transforms must be recovered, accounting
for deformations is important. The experiments also show that deformations play a much
more crucial role when the affine transforms are composed of shears or rotations. The
importance of using small window sizes is emphasized by the fact that the algorithms may
not converge when large window sizes are involved.

The experiments shows that as the filter scale is increased, it is essential to account
for deformation; the break even point depends on the order of the derivative. Thus, for
algorithms which linearize the Gaussian (GauArea and GauAreaN), deformation must be

accounted for at filter scales as small as ¢ = 1.768. Algorithms which linearize the first
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derivative of the Gaussians must take deformation into consideration when the filter scales
exceed 0 = 3.54.

Most of the energy of the Gaussian filter is concentrated within =20 of the origin.
Thus for small affine transforms and small scales, the deformation is barely noticeable.
For example, consider a similarity transform with a scale change of 1.2. Also, consider a
Gaussian of scale 1.0 pixel. Due to the scale change, the second image needs to be filtered
with a Gaussian of scale 1.2 x 1.0 = 1.2 pixels. At a distance of about 20, the change is
less than 1.2 x 2 —1 x 2 = (0.4 pixels. Since the change is less than 1 pixel, the deformation
does not need to be accounted for. As the filter scale or the affine transform is increased,
deformation becomes increasingly important.

The derivative algorithms show similar behaviour. Thus, DGauAreaN breaks down at
larger filter scales (although these are much larger than the ones for GauAreaN) because it
does not account for filter deformations. DGauArea on the other hand is well behaved even
for large filter scales.

Thus, one may conclude that accounting for filter deformations gives rise to better algo-
rithms than when the deformations are not taken into consideration. The best performance
on real images is shown by DGauArea followed by GauArea - both algorithms which ac-
count for deformations. DGauArea tends to work better when larger filter widths are used
while GauArea works better for smaller filter widths. The algorithm DGauAreaN comes
next in performance, while the algorithm GauAreaN often performs poorly. In the next

chapter we show how DGauArea performs on a real application.
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CHAPTER 7

APPLICATIONS OF AFFINE MATCHING ALGORITHMS

7.1 Introduction

Matching images under affine transforms is useful in many practical applications. These
include registration, bootstrapping visual tracking, the detection of objects and logos and
the indexing of historical manuscripts (word spotting). Methods for recovering large affine
transforms may be used to bootstrap the visual tracking process. Most of the time visual
tracking involves finding matches between closely spaced frames. However, in certain
situations, closely spaced frames may not be available or may have been lost. In such
cases, images between which substantial motion of the camera has occurred may need to
be matched. The experiments on real images of the Pepsi can described in Chapter 6 show
how the Pepsi can may be tracked even over large affine changes. Other applications where
widely spaced frames need to be matched include the detection of objects or logos. The
experiments on the Pepsi can again illustrate the potential for detecting objects and logos.
The GauArea algorithm derived here has also been applied to the problem of matching a
pair of images where one of them is defocused [51].

Affine matching has also been used for the problem of indexing historical manuscripts
written by the same person [45, 44, 42]. The index is prepared by finding words similar to
a given word. The set of similar words is obtained by matching word images. This process
has been called “word spotting” [45, 44, 42], since it is similar to techniges in speech for
locating words by matching them [29]. Previously, [42] two algorithms, Euclidean Distance
Matching (EDM) which matches words under translation, and an algorithm by Scott and

Longuet-Higgins [61] (see Chapter 2 for a description of the latter) which matches words
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under an affine transformation, have been applied to the problem and it has been shown that
the affine matching algorithm performs well on the standard information retrieval measures
of recall and precision (see Section 7.5.3 for definitions of recall and precision).

The rest of this chapter is devoted to the discussion of the application of affine matching
to the problem of word spotting. First, a brief motivation of the problem is provided (most
of this material is taken from [42]). Then the matching aspects of the paper are briefly
discussed and it is shown how the Scott and Longuet Higgins (SLH) [61] algorithm, and
the DGauArea algorithm developed in Chapter 5, may be applied to the problem. Note that
most of the discussion in this chapter is confined to the matching aspects of this process
and the reader is referred to [42] for other aspects. The difficulty of the matching process
may be seen by the following statistic. If one page is to be indexed, there are a possible
words — per — page? matches where words — per — page is the number of words in a page.
Thus, if there are 300 words in a page, the number of possible matches is roughly 90,000
for just one page (this number may be pruned using certain heuristics). It is shown that

DGauArea performs better than SLH in terms of speed, recall and precision and stability.

7.2 Motivation

There are many historical manuscripts written in a single hand which it would be useful
to index. Examples include the W. B. DuBois collection at the University of Massachusetts,
Margaret Sanger’s collected works at Smith College and the early Presidential libraries at
the Library of Congress. These manuscripts are largely written in a single hand. Such
manuscripts are valuable resources for scholars as well as others who wish to consult the
original manuscripts and considerable effort has gone into manually producing indices for
them. For example, a substantial collection of Margaret Sanger’s work has been recently
put on microfilm (see http://MEP.cla.sc.edu/Sanger/SangBase. HTM) with an item by item
index. These indices were created manually. The indexing scheme proposed here will help

in the automatic creation and production of indices and concordances for such archives.
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One solution is to use Optical Character Recognition (OCR) to convert scanned paper
documents into ASCII and then use a text based retrieval engine [70]. Existing OCR tech-
nology works well with standard machine printed fonts against clean backgrounds [8]. It
works poorly if the originals are of poor quality or if the text is handwritten. Since Optical
Character Recognition (OCR) does not work well on handwriting, an alternative scheme
based on matching the images of the words was proposed in [45, 44, 42] for indexing such
texts.

Since the document is written by a single person, the assumption is that the variation
in the word images will be small. The proposed solution will first segment the page into
words and then match the actual word images against each other to create equivalence
classes. Each equivalence class will consist of multiple instances of the same word. Each
word will have a link to the page it came from. The number of words in each equivalence
class will be tabulated. Those classes with the largest numbers of words will probably be
stopwords, i.e. conjunctions such as “and” or articles such as “the”. Classes containing
stopwords are eliminated (since they are not very useful for indexing). A list is made of
the remaining classes. This list is ordered according to the number of words contained in
each of the classes. The user provides ASCII equivalents for a representative word in each
of the top m (say m = 2000) classes. The words in these classes can now be indexed.

The proposed solution completely avoids machine recognition of handwritten words
as this is a difficult task [50]. Robustness is achieved compared to OCR systems for two

reasons:

1. Matching is based on entire words. This is in contrast to conventional OCR systems

which essentially recognize characters rather than words.

2. Recognition is avoided. Instead a human is placed in the loop when ASCII equiva-

lents of the words must be provided.
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105.0_105ps 105.1_165ps 105.2_165x0rps

Figure 7.1. Two examples of the word “Lloyd” and the XOR image

The matching phase of the problem is the most difficult part of the problem. Image
matching of words has been used to recognize words in documents which use machine
fonts [32]. Recognition rates are much higher than when the OCR is used directly [32].
Machine fonts are simpler to match than handwritten fonts since the variation is much
smaller; multiple instances of a given word printed in the same font are identical except for
noise. In handwriting, however, multiple instances of the same word on the same page by
the same writer show variations. This variation is difficult to model. Figure (7.1) shows
two examples of the word “Lloyd” written by the same person. The last image is produced
by XOR’ing these two images. The white areas in the XOR image indicate where the two
versions of “Lloyd” differ. This result is not unusual. In fact, the differences are sometimes
even larger.

Here, it will be assumed that the transformation between words may be modelled using
an affine transform (see [42] which shows that a translational algorithm is insufficient).
The actual transformation between words is likely to be more complicated but is difficult
to model. However, it is not necessary to recover the correct affine transform for good
ranking. Instead, for word spotting, it is important that the words be correctly ranked (in a
statistical sense). The accuracy of this ranking is measured by recall and precision.

Results on previous experiments with the SLH algorithm [61] are compared with exper-
iments done using DGauArea. Both algorithms model the transformation between words
as an affine. The SLH algorithm assumes that two sets of token points are available to it

and attempts to find the best affine transformation which relates the two sets of points (see
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Figure 7.3. The Hudson document.
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Chapter 2). It can handle occlusions as well as cases where points do not have a match.

The DGuaArea algorithm treats the word images as greylevel images and then tries to find

the best affine match between the two algorithms. DGauArea is not meant to handle oc-

clusions or missing points. Despite that, it will be shown here that DGauArea performs

slightly better than SLH on recall precision measures. In addition, an unoptimized version

of DGauArea is about 4 times faster than SLH and is more stable.

7.3

1.

Outline of Algorithm

A scanned greylevel image of the document is obtained.

. The image is first reduced by half by Gaussian filtering and subsampling (this reduces

the processing time).

. The reduced image is then binarized by thresholding the image.

. The binary image is now segmented into words. This is done by a process of smooth-

ing and thresholding (see [45, 42]).

. A given word image (i.e. the image of a word) is used as a template and matched

against all the other word images. This is repeated for every word in the document.
The matching is done in two phases. First, the number of words to be matched is
pruned using the areas and aspect ratios of the word images - the word to be matched
cannot have an area or aspect ratio which is too different from the template. Next,
the actual matching is done by using a matching algorithm. Two different matching
algorithms are tried here. One of them only accounts for translation shifts, while
the other accounts for affine matches. The matching divides the word images into
equivalence classes - each class presumably containing other instances of the same

word.
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6. Indexing may be done as follows. For each equivalence class, the number of elements
in it is counted. The top n equivalence classes are then determined from this list.
The equivalence classes with the highest number of words (elements) are likely to
be stopwords (i.e. conjunctions like ‘and’ , articles like ‘the’, and prepositions like
‘of”’) and may therefore be eliminated from further consideration. Let us assume
that of the top n, m are left after the stopwords have been eliminated. The user
then displays one member of each of these m equivalence classes and assigns their
ASCII interpretation. These m words can now be indexed anywhere they appear in

the document.

In the experiments performed here, our main interest was in determining the feasi-

bilty of the matching phase and hence the indexing phase was not carried out.

We will now discuss the matching techniques in detail.

7.4 Determination of Equivalence Classes
The list of words to be matched is first pruned using the areas and aspect ratios of the

word images. The pruned list of words is then matched using a matching algorithm.

7.4.1 Pruning

It is assumed that

1 A’U}OT‘
— < <a (7.1)
« Atemplate

where Ajepnpiate 1S the area of the template and A,,,,4 is the area of the word to be matched.
The value of o used in the experiments was 1.3. A similar filtering step is performed using

aspect ratios (ie. the width/height ratio). It is assumed that

1 < M < 8. (7.2)
ﬁ ASpeCttemplate
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The value of 3 used in the experiments was 1.7. In both the above equations, the exact
factors are not important, but it should not be so large so that valid words are omitted, nor
so small so that too many words are passed onto the matching phase. For more details on
how the values for the area and aspect ratios are selected, the reader is referred to [42].
The use of the two matching algorithms SLH and DGauArea will now be briefly dis-

cussed.

7.4.1.1 SLH Algorithm for Matching

Two sets of points I and J are created as follows. Let the word be composed of white
pixels and the background be made of black pixels. Every white pixel in the first image
is a member of the set I. Similarly, every white pixel in the second image is a member of
set J. First, the centroids of the point sets are computed and the origins of each coordinate
system is set at the respective centroid. The SLH algorithm (see Chapter 2) is now applied
to these point sets and a correspondence between the two point sets is recovered. Note that
some points may have no correspondence.

Given the correspondence between point sets I and J, the affine transform (A, t) can be

determined by minimizing the following least mean squares criterion:

Espy = le([l —AJ —t)? (7.3)
where [, J; are the (x,y) coordinates of point /; and .J; respectively.

The values are then plugged back into the above equation to compute the error Egyp.
The error Eg; g is an estimate of how dissimilar two words are and the words can, therefore,
be ranked accordingly.

It will be assumed that the variation for valid words is not too large. This implies that
if @11 and ayy are considerably different from 1, the word is probably not a valid match. If
either of a1 or ass is less than 0.8 or greater than 1/0.8, that word is eliminated from the

rankings.
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Note: The SLH algorithm assumes that pruning on the basis of the area and aspect ratio

thresholds is performed.

74.1.2 DGauArea

The DGauArea algorithm assumes greyscale images. Running the DGauArea algo-
rithm directly on the input greyscale images did not work. This occurs because of noise,
ink fading and other problems with the original data. The binary image created by thresh-
olding has the words emphasized while eliminating noise artifacts. To apply DGauArea on
this image requires that the binary images be converted into greylevel images by rescaling
their intensities to the range (0-255). Otherwise, the DGauArea algorithm is the same as
described in Chapter 5. To apply the DGauArea algorithm, an initial translation estimate is

computed using the centroids of the images. The residual error is used to rank the words.

7.5 Experiments

The two matching techniques were tested on two handwritten pages, each written by
a different writer. The first page (Figure 7.2) can be obtained from the DIMUND doc-
ument server on the internet http://documents.cfar.umd.edu/resources/database/ handwrit-
ing.database.html. This page will be referred to as the Senior document. The handwriting
on this page is fairly neat (see Figure 7.2). The second page is from an actual archival col-
lection - the Hudson collection from the library of the University of Massachusetts (part of
the page is shown in Figure (7.3). This page is part of a letter written by James S. Gibbons
to Erasmus Darwin Hudson in 1842. The handwriting on this page is difficult to read and
the indexing technique helped in deciphering some of the words.

Both pages were segmented into words (see [45] for details). The algorithm was then
run on the segmented words. In the following figures, the first word shown is the template.

After the template, the other words are ranked according to the match error. Note that only
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the first few results of the matching are shown although the template has been matched

with every word on the page.

7.5.1 Experiments Using the SLH Algorithm
Experiments were performed on both the Senior and Hudson documents. A few exam-
ples are shown here (for more details see [43]). The value of o depends on the expected
translation; since it is small, o = 2.0. A lower value of o = 1.5 yielded poorer results.
The matches for the template “Lloyd” are shown in Figure (7.4). The entries are ranked
according to the match error Esz ;. There are five instances of the word “Lloyd” in the

document and they are ranked ahead of all other words.

C_0077.4f C_0175if C_01134f C_0207.4f C_0252 if

Figure 7.4. Rankings for template “Lloyd” for the SLH algorithm.

The algorithm was also tested on the Hudson document (Figure (7.3)). An example of
this ranking is shown below. Figure 7.5 shows the first 5 matches. There are two instances
of the word “Standard” in this document (the first and third images in Figure 7.5). The
transformation between the two instances is not affine and the word is, therefore, a difficult
one to deal with. Notice that the two instances of “Standard” look somewhat different. The
second instance (the third image in Figure 7.5) has spaces between the “t” and the “a” and
also between the “d” and the “a” which are missing in the first image. In spite of that, the
second instance of “Standard” is ranked 3rd in the document (there are about 300 words in

this document).

7.5.2 Experiments Using the DGauArea Algorithm

The performance of DGauArea on the same words is displayed here.
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C_0276 Hf C_0050 it C_01RS Aif C_0ng4tif C_no7ati

Figure 7.5. Rankings for template “Standard” for the SLH algorithm.

The rankings for the template “Lloyd” from the Senior document are shown in Figure

7.6. The performance is similar to that of SLH.

C_0077.tif C_017131f C_0252.tif C_0175.tif C_0207 tif

Figure 7.6. Rankings for template “Lloyd” for the DGauArea algorithm.

The DGauArea algorithm’s ranking when the word “Standard” is used as a template is
shown in Figure 7.7. As discussed in the previous section, the transformation between the

two instances of “Standard” is not affine. Inspite of that the second “Standard” is ranked

3rd (as for the SLH algorithm).

'
o | p—; vy
C_027B.tif C_0034tif C_D165.4f C_0291.tif

Figure 7.7. Rankings for template “Standard” for the DGauAreaalgorithm (the rankings
are ordered from left to right).

7.5.3 Recall-Precision Results

Recall-Precision results are now shown for both the SLH and the DGauArea algorithms
on both documents. Recall is defined as the “proportion of relevant documents actually
retrieved” while precision is defined as the “proportion of retrieved documents that are

relevant” [72]. Figure 7.8 shows the recall-precision results for both algorithms on the
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Hudson document. The average precision for DGauArea and SLH on the Hudson document
i1s 87.5 % and 86.6 % respectively. On the Senior document, the average precision for
DGauArea and SLH is 93.1 % and 94.4 % respectively 7.9. We believe, that the difference
between the values is statistically significant. DGauArea performs slightly worse than SLH
on the Senior document but performs slightly better on the Hudson document. Note that

the Hudson document is difficult for even people to decipher.

Hudson Document
100 5 F——] . . .

80

60

40

Precision in %

20

0 1 1 1 1
0 20 40 60 80 100
Recall in %

Figure 7.8. Recall-Precision for the SLH and DGauArea algorithms on the Hudson docu-
ment.

7.54 Comparison of DGauArea and SLH

DGauArea also has other advantages compared to SLH. A non-optimized version of it
takes about 1 hr/page compared to about 5.5 hrs/page for SLH. There is considerable room
for improving the speed of the DGauArea algorithm applied to this problem, while it is
doubtful that the speed of SLH can be significantly improved. In addition, DGauArea is
more stable than SLH. The latter requires the computation of the singular value decompo-

sition of large (200 by 200) matrices which are often poorly conditioned.
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Senior Document
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Figure 7.9. Recall-Precision for the SLH and DGauArea algorithms on the Senior docu-
ment.

Currently, DGauArea computes an error measure over all points in both images. For the
problem of word spotting, two images (obtained by taking different instances of the same
word) may have many points which are not common to the two images. It may be desirable
to detect and eliminate outliers to improve the error measure and hence the ranking of

DGauArea.
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CHAPTER 8

POINTS AND LINES

The discussion in the previous chapters centered on using image features for recovering
affine transforms. The same framework may be extended to recovering affine transforms
from point and line tokens. That is, given a set of points in one image and an affine trans-
formed version in the second, the affine transform may be recovered. The main advantage
of this technique is that explicit point-wise correspondence is not required; this 1s automati-
cally obtained while measuring the affine transform. Since a set of points does not represent
a continuous function, the actual equations and expressions will be slightly different than
for brightnesses. For this method to work satisfactorily, a large number of points must be
available otherwise incorrect solutions will be obtained. Further, no occlusion may occur
(this may be relaxed by picking the largest subset of non-occluded points).

In this chapter, the same framework will be used to recover affine transforms and cor-
respondences for points and lines. Consider the following equation for brightnesses first
derived in Chapter 3.

/Fl(r)dr — Fy(r))dridet(AY) 8.1)

This equation needs to be modified when points are used because there is a difference
between integrating a continuous function and a discrete function. To simplify matters,
consider the 1D case. Let there be a function f(z) = 1 (see Figure 8.1a). Now if the

function is bounded from x; to z; then:

/O:o f(z)dz = /:k f(z)dzr =« (8.2)
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where « is the area under the function. Consider also the discrete valued function u =
u(z;) = 1fori = 1,2, .., k (see Figure 8.2a). In this case, the integration is replaced by a
summation process. Thus,

ZU(%) =k (8.3)

1=1

Now let there be a scale change s so that
' = sz (8.4)

where ' is the new coordinate. Then consider the function f(z') = f(sz) = 1 (Figure

8.1b) for all sz; < 2’ < sz, and

/_O:o f(2")ds' = /s:jk f(sx)d(sz) = sa (8.5)

However, for the discrete function (Figure 8.2b) the sum remains the same under the scale

change (since the sum is exactly the number of points).

i=k

Zu(sx,) =k (8.6)

=1

Thus, under a scale change the discrete and continuous versions behave differently. There-
fore, the algorithms need to be modified to account for the difference. In 2D the discrete
and continuous versions are represented by point tokens and (continuous) images respec-
tively. Line tokens behave like point tokens perpendicular to the line and like images along

the line.

8.1 Points

A set of points may be represented using delta functions. i.e

Fi(r) 226(r—bi) (8.7)
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f(x)

1
0 X X X X X X
1 2 3 4 5
f(sx) (@)
1
X, X, X, X, X X

(b)

Figure 8.1. A continuous function.

The affine transformed version will therefore be
Fy(r) = Zé(Ar+t —by) (8.8)

Again, translation can be assumed to be zero. It can be recovered as discussed before.
For points, translation can also be recovered by matching the centroids of the set of points
defining F| and F5.

As discussed in chapter 3, it is desirable to filter F} and F5. Since F} and F5 are discrete
functions, they are not Riemann integrable. Instead the integrals must be interpreted as
Stieltjes integrals. Then it may be shown that if un-normalized Gaussians H (r, 0%I) are

used, equality is again obtained between the filter outputs of F} and F5. i.e.
/ Fi(t)H(r, 0*T)dr = / Fy(Ar)H(Ar, RSRY)d(Ar) (8.9)

where H is a an un-normalized generalized (elliptical) Gaussian defined by H(r, M) =

exp(—rTM'r/2) and M is a symmetric positive semi-definite matrix.
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u(x)

u(sx)

0 xl\ X, X, X, x\s o

Figure 8.2. A discrete set of points.

8.1.1 Linearization for the Points Case

The solution of the above equation, though slightly different from the brightness case,
may be obtained in the same way as for the brightness case. All the considerations that
apply to the brightness case - the use of multiple scales and the use of different operating
points - also apply here. These considerations will therefore not be discussed here. The

linearized equation for the similarity and general affine cases are derived below.

8.1.1.1 Case A = sR(f)
As in chapter 4, by linearizing with respect to o, the solution for the similarity case

with known translation may be shown to be:

FixH(.,o)~ Fy+«H(.,0)+ (s —1)0*Fy « [V*H(.,0) + nH(.,0)/0?] (8.10)

where n is the number of dimensions. Note the extra term as compared to the brightness

equation (4.4).

8.1.1.2 General Affine Transforms

Under a general affine transform, the Gaussian equation may be written as:
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Fi(r) * H(r,0) =~ Fy(Ar)H(Ar,0c?AAT) (8.11)

where the H on the right is an elliptical (un-normalized) Gaussian.
Linearized equations may be derived by following the same procedure in Section 5.1.

The main difference is that instead of equation 5.5 we have:

H(A 'rj,0) = H(r;,0*AAT) (8.12)

Unlike equation 5.5 there is no determinant term in this equation. Using this relationshop,

equation 8.11 may be rewritten as:

Fi(r)« H(r,0) = Fy(r)) * HA '(r; — t),0) (8.13)

The linearization procedure and the identities in Section 5.1 all hold if G is replaced by

H. Thus, the linearized version of H (obtained by substituting H for G in 5.12) is:

H(A ™ (r; —t),0)

Q

H(ry,0) + 0?[(b11 Hyyo, (11, 0)
+ bipHryi(r1,0)

+ (bZIHm1y1 (r1,0)

+ bypHy,, (r1,0)]

— toHy (r1,0) =ty Hy, (r1,0)

+ (biy + ) H(r1,0). (8.14)

Substituting this expression in equation 8.13 gives:

FI(I') * H(I’,O’) — FQ(I’I) * H(I'I,O') ~ bll[O'QFg * Hxlxl(rl,o) + F2 * H(I‘l,O')]

+ bpoo?Fy Hy\y (r1,0)
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+ (62102F2 % Hyyy (11, 0)
+ b22[02F2 s« Hy,y (r1,0) + H(ry,0)]

— thQ * Hml(rl,a) — tsz * Hyl(rl,a)(S.IS)

Note the extra terms by H (r1, o) and by H (1, 0) as compared to equation 5.13.

If the filtering is done not only at the origin but at a point 1;, then

Fi(r) « H(r,0) — Fy(r1) * H(r,0) =~ by[0?Fy % Hyo, (v1,0) + Fy + H(ry, 0)]
+ b0’ Fy % Hyyy, (v1,0) + bo10?Fy x Hy y, (T1, 0)
+  byl[o?Fy x Hy,y, (v1,0) + H(ry,0)]
— tuFyx Hy (r1,0) — t,Fy « Hy, (r,0)

— (BL) H'(ry,0) (8.16)

where the H' denotes the first derivative of H i.e H,,, H,, .
It is straightforward to use this equation to derive an algorithm for points similar to
GauArea for image features. Derivative of Gaussian equations similar to those for image

features may also be derived.

8.1.2 Experiments

To demonstrate that the theory derived above is sound, an experiment was conducted
to show that the algorithm for the point tokens retrieves the correct affine transform and
correspondence.

Six point tokens were input to the algorithm. The (x,y) coordinates of the point tokens

were (1,2),(-3,6),(5,-4),(-7,-8),(4,3),(5,6). The points were synthetically affine transformed

1.1 0.2
using the following affine transformation A = ,t = (0,0). The correct affine

0.2 1.1
transform was recovered in 3 iterations.
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The experiment was repeated after adding random noise to the point coordinates. The

noise was uniformly distributed between O and 0.5. The recovered affine transform was

1.11 0.19
A= .t = (0.27,0.27).

0.21 1.09
Thus, it is clear that the algorithm works. Versions of the algorithm which do not take

into account the deformation, i.e. algorithms for points similar to GauAreaN for images
( see chapter 5), do not converge. The algorithms for recovering the affine transform and
correspondence from point tokens is likely to be sensitive to occlusions and missing points.

This will not be investigated here.

8.2 Lines

Equations may also be derived for the case of lines. The advantage of using this frame-
work for lines is that the method can deal with both closed and open curves as well as
straight and curved lines. The method will also work on a collection of line segments. No
correspondence is required, although it is assumed that if line segments are used, the same
segments are used in both images.

In the case of lines, Riemann integration must be performed along the line and Stieltjes
integration perpendicular to the line. This makes the equations somewhat messy for the
case of the general affine since the local line orientation must be factored in. However, for
the similarity case, the local line orientation does not enter into the equations. In this case,

the Gaussian filter equation may be shown to be

FyxH(.,0)/oc=F,xH(.,s0)/(s0) (8.17)

where it is assumed that /7 and F;, are defined in 2-D dimensions (the general case is a

straightforward extension).
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The point, line and brightness cases may now be contrasted. In the point case (equation
(8.10)), both the o's required for normalizing a 2-D Gaussian are absent ; in the line case
only one is absent (equation (8.17)), while in the brightness case both are present.

The solution for lines in the similarity case is again obtained by linearizing with respect

to o and is given by

FixH(. o)~ Fy«H(.,0)+ (s —1)0*Fy« [V*H(.,0) + H(.,0)/0] (8.18)

For the method to work well with lines, it is important to localize lines with sub-pixel
accuracy.
The general case for lines is messy since it depends on the local orientation of the line

segment. It will not be considered further here.

8.3 Comments on Points and Lines

Both points and lines are for the most part unaffected by illumination changes and
shading. So if this is a significant concern, they can be used. A number of man-made
scenes often consist of homogeneous regions surrounded by lines. In such situations where
there 1s minimal image texture, methods using image brightnesses will fail. However, line
based methods may still work. Note that filter sizes may need to be changed depending on

the size of the structures present in the image.

8.3.1 Combining Points, Lines and Brightnesses

One advantage of this framework is that it provides a natural mechanism to combine
points, lines and brightnesses (just put them all in one big matrix and use singular value
decomposition). For example, in regions in the images where there are strong boundaries

and corner points, they are weighted more heavily by using this technique.
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CHAPTER 9

CONCLUSIONS

In this dissertation, the problem of matching affine-transformed images has been inves-
tigated. Two image patches differing by an affine transformation are different in size and
shape; i.e. under an affine transformation an image patch undergoes a geometric distortion.

It was shown that this geometric distortion must be accounted for when two affine-
transformed images are matched, particularly if the affine transform is large. If the images
are filtered with Gaussians and the filter outputs are to be equal, then if the first image
patch is filtered with a Gaussian, the second must be filtered with a deformed Gaussian;
the deformation being precisely the affine transformation between the images. Similar
constraints hold when the image is filtered with derivatives of Gaussians.

The affine transform may be solved for by finding the deformation of the Gaussian such
that the two filter outputs are equal. This exhaustive approach is computationally expensive.
Instead, an alternative is proposed here, which consists of coarsely sampling the Gaussian
filter. Between samples, the Gaussian is linearized to solve for the affine transform. This
linearization takes the deformation into account.

It was shown that a set of linearized Gaussian and Gaussian derivative filters at a single
point in the image produced poor results. Instead by pooling the linearized filter outputs
from a number of points, iteratively refining the solution and using multiple scales, robust
algorithms may be produced. Two such algorithms are created. The first, GauArea uses
linearized Gaussian filters while the second, DGauArea uses linearized first derivative of

Gaussian filters.
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Experiments on both synthetic and real images showed that GauArea and DGauArea
performed better than versions of the algorithms which did not account for filter deforma-
tion. The difference is particularly noticeable for the experiments on real images. Large
affine transforms may be solved using these algorithms. It is shown that scale changes up
to about 2.5, in-plane rotations up to 35 degrees and shear deformations up to 0.8 may be
solved for using GauArea and DGauArea. The experiments showed that for real images,
moderate window sizes (roughly 24 by 24 pixels) are desirable and that the filter widths
must be at least 8 times the standard deviation of the filters.

The algorithms can recover translations of a few pixels. For larger translations, an initial
estimate must be provided. This estimate can be derived in different ways which depend
on the problem to be solved. Depending on the task, this estimates may be derived by by
comparing the centroids of images, by sampling or by using a coarse—to—fine strategy. In

Section B, a strategy to find large translations by comparing filter ouputs is suggested.

9.1 Future Work

Any complex study often creates more questions than it answers. This dissertation
leaves some of these questions for the future.

In Section B, a technique for computing gross translations was suggested. A similar
technique has also been applied to the problem of image retrieval [47]. However, there are
certain unresolved issues with the use of this technique. For example, the choice of scales
is an open issue. It is important to pick scales in both images which do not undergo scale
space transitions.

In the experiments, constraint equations from every point point within a window were
used. However, it is not necessary to obtain linearized equations at every point within a
window - for example, points in homogeneous regions may not contribute any information.
From a computational standpoint, it is cheaper to use fewer points. It would be useful to

derive measures which show which points may be omitted and which should be included.
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The algorithms suggested here used least means squares to solve the problem. It may
be desirable to use robust estimators instead in some of the situations. For example, the
word spotting application may benefit from estimators which reject outlier points.

Point based, line based and image based algorithms were suggested by the framework
used in this study. There is a need for more experimentation with the point based tech-
niques. It may also be useful to combine point and image based techniques for the same
pair of images. Depending on whether token points or image features are more reliable in

a particular context, the appropriate entity may be weighted more heavily.
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APPENDIX A

DERIVATION OF RECURRENCE RELATIONS

In this appendix the recurrence relation used in chapter 5 will be derived. It is easiest
to do this in the Fourier domain.

In the following discussion

g(r) < G(f) (A.1)

denotes a Fourier transform pair.
We start by noting that the following form of the Gaussian is its own Fourier transform.

([19D):
exp(—mz?) > exp(—mf?) (A2)

The Fourier transform of a normalized Gaussian is, therefore, given by

1

G(z,0) = exp(—1?/20%) « exp(—27 f20?) = G(f,0) (A3)

In 2D the Fourier transform of a normalized Gaussian may, therefore, be written as

Glr,y,0) = 5 exp[~(? +4)/(20)] & exp[-2n(f2 + £2)07]

G(fz, fy,0) (A4)

Using the derivative property of Fourier transforms gives ([19])

d’n

WG(% y,0) < (727 fo)" " (527 fy)) "G (fas [y, 0) (A.5)
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Differentiating the right hand side of the above equation with respect to f,, therefore, gives

the following Fourier transform pair:

dn
—j2ﬁme(x,y,a) — dfdf[(52m fu)" "™ (527 )G fus fy, 0)] (A.6)

The right hand side may be expanded as follows.
d/df;[(52m f2)" " (527 f)" G (fas Sy, 0)]

= j2n(n— m)(j27rfx)"*m*1(j27rfy)mG(fx, fy:0)

+ (g2rf) (G2 f,) (=470 £2) G (fas fyr O)] (A7)

The inverse Fourier transform of the right hand side of equation A.7 is equal to

dn—l . dn+1

mG(%y,O) +0 mG(%y,O) (A.8)

J27(n —m)

Using equation A.6 and simplifying gives the following recurrence equation

dn dnfl N dn+1

IWG(L%U) =—(n— m)mG(IayaU) -0 WG(Z’,%U)

(A9)
In terms of the quantity ¢ defined in chapter 4, the recurrence relation may be written as:
xgﬁnfm,m — —O'(TL - m)(ﬁnfmfl,m - O¢n7m+1,m (AlO)

A similar equation may be derived in the y direction:

yd)n—m,m — —O'md)n_m’m_l — O.¢n—m,m+1 (All)
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APPENDIX B

RECOVERING GROSS TRANSLATIONS

The approach adopted in Chapter 5 to recover affine transforms works for translations
of a few pixels. It does not work if larger translations are involved. This is due to two

reasons:

1. The support of the Gaussian derivatives determines the extent over which a linearized

estimate is valid.

2. Linearization is predicated on the assumption that the correct results are close to the

point about which linearization is performed.

Affine transforms with larger translations can be solved by providing an initial estimate

of the translation. This may be obtained by using one of several techniques:

1. Sampling the space of translations.

2. Using a pyramid.

3. Comparing the Gaussian derivative filter outputs (or equivalently differential invari-

ants) at corresponding points and requiring that they be similar.

Of these three techniques, only the last will be discussed in detail.
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B.1 Sampling the Space of Translations
A straightforward way to increase the range of translations that can be recovered is to

sample the space of translations. Consider the Gaussian constraint equation

Fi *G(r,0) = F5 * G(Ar + t,0) (B.1)

This may be rewritten as:

Fi xG(r —ty,0) = F, « G(Ar + t,,0) (B.2)

where t; is recovered by sampling and t,. is the residual left after sampling.

The main problem with sampling is that it gets expensive if the translations involved
are even moderately large. Let the maximum possible translation along the x or y axis be k.
Then k2 possible translation samples need to be examined. If k is small (say k¥ < 5) then it
may be reasonable to use the sampling scheme. However, for k large the computation may

be prohibitive.

B.2 Using a Pyramid

Large translations may also be computed using a coarse—to—fine strategy (see Section
2.4 for a more detailed discussion). A pyramid is effective if the translational motion of a
large portion of the image is being recovered. However, if the object in question occupies a
small portion of the image, then there are difficulties in recovering the object’s translation
using a pyramid. It is also difficult using pyramids to recover large translations (e.g. if
the object undergoes a motion which is > 50% of the image). It is also difficult to use
a pyramid if the size of the object changes considerably - although it may be possible to

handle such size changes by comparing different levels of the pyramid.
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B.3 Comparison of Gaussian Derivatives

Gross translation may also be recovered by comparing the outputs of images filtered
with Gaussian derivatives at several scales. Consider a point r in the first image F} and its
corresponding point r; in the affine transformed second image F3. The image intensities
at these points and in their neighborhoods will be similar. If illumination, shading and
shadowing are ignored, any difference will be due to geometric distortions caused by the
affine transforms. Thus if the affine deformations are small, the difference between the
filter outputs at the corresponding points will be small.

Kass [31] formulated a similar approach in the case of stereo where he computed dis-
parity by assuming that a small value of the following error function indicates a correspon-

dence.

YO |Fi(z) x Gi(x,0) — Fy(2)) x Gi(2', 0)]? (B.3)

T

where (G is the first derivative of a Gaussian. A small value of the error denotes correspon-
dence only if the geometric distortion is small.

A rationale for this approach can be derived by considering the local jet [33] at a point.
The local image irradiance pattern at a point can be expressed in the form of a Taylor series
expansion of the brightness convolved with a set of Gaussian derivatives (the local jet) [33].
An approximation to the local jet may be obtained by taking the first few terms in the Taylor
series. Two image irradiance patterns are the same if the corresponding terms in the Taylor
series match with each other. The intensity may also vary due to changes in illumination.
This can be avoided by considering only the filter outputs convolved with derivatives of
Gaussians. Let the image irradiance pattern at two points r and r’ be the same. Then at the

points r and r’ we have:

Lyiyi = F(r) « Giyi (o) =F(r) « G:v’iy’j (-,0) (B4)
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where G,y (., 0) denotes the energy normalized Gaussian differentiated i times with re-
spect to x and j times with respect to y; the dependence of I on the image coordinates and
o has been omitted for convenience.

Gaussian derivatives are sensitive to orientation. Orientation—independent estimates
may be obtained by combining the Gaussian derivatives into expressions invariant to 2D
rotation [16]. Up to order two, there are five ’irreducible’ invariants (irreducible implies

that no smaller set can be found).

do(r,o) = I Intensity (B.5)
di(r,o) = IZ+1; Magnitude
dy(r,o) = I, +1,, Laplacian

ds(r,0) = Ll T, + 2L, LI, + 1, 1,1,

dy(r,0) = 2, + 2[§y + ij

A orientation—invariant vector R (o) at a given scale may be constructed from the in-
variants. Since the first invariant is sensitive to greylevel shifts, it is omitted from this

invariant vector. Thus

R(0)(r) = [d(r,0), do(r, 0), ds(r, o), da(r, )] (B.6)

A multi-scale invariant vector I'(r) can be constructed by taking different o’s. Thus

['(r) = [R(o1)(r),R(02)(r),, ..., R(0y,) ()] B.7)

Schmid and Mohr [60] used a larger set of 9 invariants for object recognition. The
matching phase of their system can be described as follows. They computed corner points

in a set of images (which included a query image). They then found points in the set of
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images which were similar to the corner points in the query image. Similarity was decided
by comparing the first 9 invariants at a single scale using the Mahalanobis distance. Further
pruning was done by requiring that the spatial configuration of the points in the images be
similar to that in the query.

Schmid and Mohr’s requirement that all 9 invariants match is overly restrictive and may
not be satisfied in a number of cases. For example, repetitive textures where the texture
elements change slighly may not satisfy this criterion (see Figure B.1(b)). Their criterion
also may not be satisfied for images which differ by an affine transform. In their own
work, they assumed that their images differed by a similarity transform. However, when
the images are affine transformed with respect to each other, the invariants will not match
exactly. The nth order invariant differs from its affine transformed version by a factor which
is of the order of det(A)™ where A is the affine deformation. The larger the invariant, the
less likely it will be similar under affine changes. Thus, for general affine transforms it may
be more difficult to assure that large order invariants do not change much under an affine
transform.

It is, therefore, desirable to use lower order invariants. Using lower order invariants
causes more false matches. The false matches may be reduced by using multiple scales.
Such an algorithm to recover “similar” objects has been proposed in [47, 54]. The algorithm
proposed here is similar in spirit to that in [47] but for the purpose of finding the possible
correspondences for a given image feature point (for more detailed discussions see [47]).

Our algorithm uses only four invariants but at multiple scales. A multi-scale invariant
vector I'(r) of a point in one image is compared with the multi-scale invariant vectors
['(r') of all points in a neighboring image. If the difference is within a tolerance T'ol
then the two points are hypothesized to be from similar patterns. There may be a number
of points satisfying this criterion (either because the pattern is replicated) or because the

criterion is insufficient to filter out all points. In either case, a verification phase is required.
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The verification phase may be implemented using one of the affine transform algorithms
discussed earlier in the chapter.

Let r be the image feature whose correspondence is being sought and r’ be the image
feature being compared. Then r and r’ are hypothesized to have similar patterns if their

multi-scale invariant vectors are similar - the comparison being done term by term i.e.

ID(r) — I(¢')| < Tol (B.8)

if Vi, |d;(r,0) — d;(r',0)| < Tol where the d; are given by equation B.5.

The invariant vectors may be stored in a database and indexed by their value. If a binary
tree is used to store the invariants, they may be searched for the correct matches in time
proportional to log (number of pixels). For example, a 512 x 512 image which has 2'8
pixels can be searched in time 18 K where K is some constant.

Unlike Schmid and Mohr [60], we do not use corner points. Corner points are advan-
tageous because at certain scales many of the invariants have large values at those points.
However, Schmid and Mohr found that their corner point detector was not stable over a
large range of scales [60]. In addition, many situations require matching image features
which may not be as well defined as corner points (see for example Figure B .4(a)). It is
important that not all the invariants at a given image feature be small for correspondence
to be properly detected. However, it is not necessary for the image structures (or features)
used to have any geometric relationships with respect to the scene.

If a single scale is used, the number of hypothesized points is still quite large. Further
pruning can be done by considering more filter scales. By using more scales, the con-
straint that the two patterns must be similar at more than one scale is imposed. However,
if too many scales are used then no matching points may be found. By experimentation,
it was found that two or three scales worked best. Two scales were used to generate the

experiments in this section.
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It is also desirable to ensure that the image features match even if a scale (size) change
or an affine change occurs. Under a size change s, the Gaussian derivatives remain the
same if energy normalized derivatives are considered. The energy normalized Gaussian

derivatives may be defined as in equation 5.14 by:

d"G(r,0)
- =ot——. B.
Snmin(r,0) = 0" T (B9)
Under a size change s
¢nfm,m(r7 U) = ¢nfm,m(sr7 SU) (BIO)

Thus, if the invariants in equation B.5 are constructed from these energy normalized Gaus-
sian derivatives, they will also be invariant under a size change (this is similar to the work
done in Chapter 3 on similarity transforms).

It is not necessary to compute invariants for all possible values of s. A coarse sampling
suffices. The value of the Gaussian derivatives and hence the invariants change, for the most
part, slowly with scale. If the samples are chosen close enough, the value of the invariant
at the sample scale will be close to the correct scale. Thus it suffices to compare the sample
values. Let the invariants for the first feature be computed at o7 and let the invariants be

sampled at 0y, 09, 03. Where 0305 = 05 /0. Thus instead of making the comparison:

|di(r,01) — d;(r', s0)| < Tol (B.11)

the following comparisons are made:

d;(r,o0) — di(r',0;)| < Tol (B.12)
j

where j = 1,2,3. Assume now that so; is closest to o3. Then in equation B.12, the values

of the invariants are likely to be within the required tolerance. For practical purposes, it
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suffices to use scales at steps of \/22) 1.e. adjacent samples differ by a factor of half an
octave (these samples will be referred to as scale steps).

Affine transformations which are not similarity transforms can be handled by taking
samples using elliptical Gaussians. For small and even moderate shears, the use of elliptical
Gaussians can be avoided altogether and instead the nearest sampled filter with a circular
Gaussian may be used.

Not all scales can be used in all situations. It is possible that the image feature may
only have structure at a few scales. For example, some rapidly varying textures may only
have information at high frequencies. For such images, it is important to use scales where
the information is available. Again in certain situations, a scale space singularity may
occur (for example two maxima may coalesce into a single maxima) [37]. Near such scales
the invariants are not well behaved and it is necessary to avoid such scales. However,
characterizing which scales to use and which to avoid is a difficult task and will not be

done here.

B.3.1 Experiments on Finding Gross Translations

A set of experiments will now be described. The first experiment compares the use of 9
invariants at a single scale (the procedure used by Schmid and Mohr [60]) with 4 invariants
at two scales. Figure B.1(a) is a real image of a wall hanging. A point is marked on one
of the repeated circular textures on the bottom of the wall hanging. The aim is to find
all corresponding points in the same image - there are 9 similar structures in this image.
Figure B.1(b) shows the output using 9 invariants at a single scale of 4 pixels. Notice that
the same point has been recovered but all the similar texured structures on either side have
been missed. It is clear that using 9 invariants is overly restrictive. Figure B.1(c) shows
the output using 4 invariants at a two scales (4 and 4v/2 pixels). All 9 structures have
been detected. The tradeoff compared to using 9 invariants at a single scale is the smearing

(multiple matches) and the false match.
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The next set of experiments investigates how the algorithm performs when affine trans-
formed images are presented. Figure B.2(a) shows a photograph of a Pepsi can. The
camera was moved and the Pepsi can again imaged from three different viewpoints (Fig-
ures B.2(b)-B.2(d)). Notice that the Pepsi can in Figure B.2(b) (referred to as Pepsil) is
roughly 1.4 times the initial image Figure B.2(a) (referred to as PepsiO). The Pepsi can in
Figure B.2(c) (referred to as Pepsi2) is almost twice as large as PepsiO. The Pepsi can was
also rotated by a large amount and scaled by a factor of roughly 1.4 and this is shown in
Figure B.2(d) (referred to as Pepsi3).

Due to an artifact of the way digital images are taken, the scaling may be different in the
x and y directions. For example, for the images in the pictures shown the ratio of the scales
is approximately 0.7/1 (x/y). One consequence of this ratio not being equal to 1 is that a
circle will be imaged as an ellipse even when viewed head on. A similar situation occurs
in the two images Pepsi3 and PepsiO where the scaling along the two two perpendicular
directions is different.

Three points are chosen on the Pepsi can - shown in images Figure B.2(a), Figure B.3(a)
and Figure B 4(a). Image Pepsi0 is filtered at two scales (o, = 3 pixels, oo = 3%+/2 pixels)
and a multi-scale invariant vector computed for the chosen points. The other figures are also
filtered at a number of scales. The results for images Pepsil and Pepsi3 are shown after
filtering at scales v/2 larger while the result for Pepsi2 is shown after filtering at scales 2
times larger than those for PepsiO (these are the scales that would be expected given the
affine deformations.) At other scales, fewer points are usually obtained and none of these
are matches.

The multi-scale invariant vectors are then compared and a number of points hypothe-
sized to be matches. Figures B.2(b)-B.2(d) illustrate the results for point 0, Figures B.3(b)—
B.3(d) for point 2 and Figures B.4(b)-B.4(d) for point 3. Each figure also lists the number

of hypothesized points that were found.
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Notice that a number of points tend to clump together. Points close to a correspond-
ing point are also often marked as matches, because they have invariant values similar to
the correct match point. There are also some false matches which may be eliminated by
running the affine algorithm.

Figure B.5(a) shows a point (point 1) on PepsiO which is not on the pepsi can. Figures
B.5(b)-B.5(d) show the results of comparing the multi-scale invariant vectors for the cor-
responding images. Note that point 1 is on a structure whose size change is much smaller
than the pepsi can. In fact, the size change of the structure depends on its position in the
image (since it is not frontal). Thus there are points in the structure whose size changes are
of the order of 1.1 over all images while other points have size changes of the order of 1.3
in some images (noticebly in Pepsi3). It is to be, therefore, expected that some points on
this structure will be found by filtering at the same scale step while others will be found by
filtering one scale step higher and this is what occurs in practice. Figures B.5(b) and B.5(d)
are produced by using the same scale step while Figure B.5(c) is produced at one scale step
higher. Notice that although there are a large number of points - many of these are valid

since they correspond to features which are similar to the original feature in PepsiO.

B.3.2 Comments on Recovering Gross Translations

The technique described above recovers a set of possible correspondences for each
point by comparing the values of invariants. In all the experiments described, the correct
correspondence (or correspondences if there are multiple ones) is in the set of possible

correspondences. The set of possible correspondences is small. However, this
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(a) Initial image Krish with a (b) Image Krish with hypothe-

point marked on it. sized points using 9 invariants.
Number of points is 1. Note that
corresponding points in other
nearly identical textures have all
been missed.

(c) Image Krish with hypothe-
sized points using our technique.
Number of points is 49. Cor-
responding points have been lo-
cated in all similar image struc-
tures. There is also a false
match.

Figure B.1. Hypothesized corresponding points for point marked in Krish image.
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(a) Initial image PepsiO with the point 0. (b) Image Pepsil Number of points is 7.

(c) Image Pepsi2. Number of points is 18. (d) Image Pepsi3. Number of points is 9.

Figure B.2. Hypothesized corresponding points for point O.
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(a) Initial image PepsiO with the point 2. (b) Image Pepsil. Number of points is 4.

(c) Image Pepsi2. Number of points is 12. (d) Image Pepsi3. Number of points is 18.

Figure B.3. Hypothesized corresponding points for point 2.
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(a) Initial image PepsiO with the point 3. (b) Image Pepsil Number of points is 12.

(c) Image Pepsi2. Number of points is 6. (d) Image Pepsi3. Number of points is 12.

Figure B .4. Hypothesized corresponding points for point 3.
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(a) Initial image PepsiO with the point 1. (b) Image Pepsil .Number of points is 13.

(c) Image Pepsi2. Number of points is 14. (d) Image Pepsi3. Number of points is 26.

Figure B.5. Hypothesized corresponding points for point 1.
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APPENDIX C

ADDITIONAL GRAPHS

This Appendix contains additional plots for experiments conducted in Chapter 6. The

reader is referred to Chapter 6 for details of these plots.
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Figure C.6. RMS error in the affine parameters versus rotation angle for the DGauArea

algorithm as a function of filter scale.

201



RMS error in by,

RMS error in b,,

RMS error in t,

o
T

o
=)
;

-~ scale = 1.77

scale = 1.25

B scale = 2.50
scale = 3.54 Ly

0.001
0

008 0.16 024 032 04
Shear deformation

048 0.56

(a) RMS error in by

o

o
o

0.001

scale = 1.25 /
et scale = 1.77 i

B scale = 2.50
scale = 3.54

0

008 0.16 024 032 04 048 0.56

Shear deformation

(c) RMS error in by

e

0.01

scale = 1.25
""" == scale = 1.77
scale = 2.50
scale = 3.54

o

0

0.08 0.56

024 032 04 048

Shear deformation

0.16

(e) RMS error in ¢,

algorithm as a function of filter scale.

RMS errorin b,

202

RMS error in b,,

RMS error in ty

o

o
o

e

scale = 1.25
scale = 1.77
® scale =2.50

- scale =3.54

0.001
0

0.08 048 0.56

0.16 024 032 04
Shear deformation

(b) RMS error in b5

o

o
o

scale = 1.25
- scale = 1.77
® scale =2.50

- scale =3.54

0.001
0

0.08 048 0.56

0.16 024 032 04
Shear deformation

(d) RMS error in bos

scale = 1.25 .

o scale = 1.77 I
e scale = 2.50 i
---=-— scale = 3.54 [

0.08 048 0.56

0.16 024 032 04
Shear deformation

(f) RMS error in ¢,

Figure C.7. RMS error in the affine parameters versus shear deformation for the DGauArea
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Figure C.9. RMS error in the affine parameters versus rotation angle for the GauArea
algorithm as a function of the number of filters used.
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Figure C.12. RMS error in the affine parameters versus rotation angle for the DGauArea
algorithm as a function of the number of filters used.
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Figure C.13. RMS error in the affine parameters versus shear deformation for the
DGauArea algorithm as a function of the number of filters used.
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algorithm as a function of windowsize.
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Figure C.17. RMS error in the affine parameters versus scale change (b;;) for the
DGauArea algorithm as a function of windowsize.
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Figure C.18. RMS error in the affine parameters versus rotation angle for the DGauArea
algorithm as a function of windowsize.
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Figure C.19. RMS error in the affine parameters versus shear deformation for the

DGauArea algorithm as a function of windowsize.

214



RMS error in by,

1 ; ; ; 1 ‘ ‘ ‘ ‘
no noise no noise i
---o-- SNR = 63 dB ~--o-~ SNR =63 dB :
-~ SNR=56dB & | [ +— SNR =56 dB
= SNR =52 dB s SNR =52 dB
-—-—-=-— SNR =49 dB o -—-—-=-— SNR =49 dB
0.1 ¢ 1 & 0.1 E
=
g
5
22}
001 ¢ ] 2 o014 4
0.001 : : : 0.001 : : :
0 02 04 06 08 1 12 14 0 02 04 06 08 1 12 14
by orb,, by orb,,
(a) RMS error in by (b) RMS error in b5
1 - ; . 1 - ‘ ‘ y
no noise i no noise i
-~ SNR =63 dB i ---o-- SNR =63 dB {
——=- SNR =56 dB N +— SNR =56 dB i
= SNR =52 dB i s SNR =52 dB |
_ -—--=-— SNR =49 dB [ o --—-=-— SNR =49 dB |
& 0.1 ¢ i 3 & 0.1 ¢ H 1
£ f = {
5 1 5 H
E 14 £
15 H 15
(2} 't: 172]
2 oot ] 2 ook 1
PSSP
0.001 : : : : 0.001 : : :
0 02 04 06 08 1 12 14 0 02 04 06 08 1 12 14
by orb,, by orb,,
(c) RMS error in by (d) RMS error in bos
10 - ‘ 10 - ; e
no noise no noise [.
---e-- SNR = 63 dB ---e-- SNR = 63 dB J2
————— +— SNR =56 dB ——=-— SNR = 56 dB i
s SNR =52 dB = SNR =52 dB i
- SNR =49 dB -—-—-a-— SNR =49 dB i/
o 1 F e 1 i
£ £ i
= = l};
g g ‘
5] o ¢
2] 2] H
> = H
~ 0.1 | ~ i E
i
!
i
3
0.01 s \ >
0 02 04 06 08 12 14 12 14
by orb,,

(e) RMS error in ¢,

(f) RMS error in ¢,

Figure C.20. RMS error in the affine parameters versus scale change (b, ) for the GauArea

algorithm as a function of the noise.
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Figure C.21. RMS error in the affine parameters versus rotation angle for the GauArea
algorithm as a function of the noise.
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Figure C.22. RMS error in the affine parameters versus shear deformation for the GauArea
algorithm as a function of the noise.
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DGauArea algorithm as a function of the noise.
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Figure C.24. RMS error in the affine parameters versus rotation angle for the DGauArea

algorithm as a function of the noise.
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Figure C.25. RMS error in the affine parameters versus shear deformation for the
DGauArea algorithm as a function of the noise.
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Figure C.26. Comparison of RMS errors for four different algorithms when the image
undergoes a scale change. The error in the affine parameters is plotted against (by;).
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mations. The error in the affine parameters is plotted against shear deformation.
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space. The error in the affine parameters is plotted against the cosine of the slant angle.
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