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The eyes are the window of the mind

Young cat, if you keep your eyes open enough, oh, the stuff
you would learn! The most wonderful stuff!

Dr. Seuss

Living is easy with eyes closed, misunderstanding all you see.

John Lennon

A major problem with AI research then was that Ph.D.
dissertations were huge programs, and only the writer knew
how they worked.

Marvin Minsky
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Abstract

Vision is a fundamental ability for humans. It is essential to a wide range of
activities. The ability to see underpins almost all tasks of our day to day life.
It is also an ability exercised by people almost effortlessly. Yet, in spite of
this it is an ability that is still poorly understood, and has been possible to

reproduce in machines only to a very limited degree.

This work grows out of a belief that substantial progress is currently being
made in understanding visual recognition processes. Advances in algorithms
and computer power have recently resulted in clear and measurable
progress in recognition performance. Many of the key advances in
recoghizing objects have related to recognition of key points or interest
points. Such image primitives now underpin a wide array of tasks in
computer vision such as object recognition, structure from motion,
navigation. The object of this thesis is to find ways to improve the

performance of such interest point methods.

The most popular interest point methods such as SIFT (Scale Invariant
Feature Transform) consist of a descriptor, a feature detector and a
standard distance metric. This thesis outlines methods whereby all of these
elements can be varied to deliver higher performance in some situations.

SIFT is a performance standard to which we often refer herein.

Typically, the standard Euclidean distance metric is used as a distance
measure with interest points. This metric fails to take account of the specific
geometric nature of the information in the descriptor vector. By varying this
distance measure in a way that accounts for its geometry we show that
performance improvements can be obtained. We investigate whether this

can be done in an effective and computationally efficient way.
Use of sparse detectors or feature points is a mainstay of current interest
point methods. Yet such an approach is questionable for class recognition

since the most discriminative points may not be selected by the detector.
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We therefore develop a dense interest point method, whereby interest
points are calculated at every point. This requires a low dimensional
descriptor to be computationally feasible. Also, we use aggressive
approximate nearest neighbour methods. These dense features can be used
for both point matching and class recognition, and we provide experimental
results for each. These results show that it is competitive with, and in some

cases superior to, traditional interest point methods.

Having formed dense descriptors, we then have a multi-dimensional
quantity at every point. Each of these can be regarded as a new image and
descriptors can be applied to them again. Thus we have higher level
descriptors - ‘descriptors upon descriptors’. Experimental results are
obtained demonstrating that this provides an improvement to matching

performance.

Standard image databases are used for experiments. The application of
these methods to several tasks, such as navigation (or structure from

motion) and object class recognition is discussed.
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Chapter 1 Introduction

1.1 Motivation

The urge to understand our environment is one if the most basic instincts
we have. The primary information source we use for that is the visual
information presented to our eyes. These images represent an extremely
rich and complex source of information. We use them to recognize objects
and people, know our location, navigate and perform tasks. We also use
this visual information as the base on which higher level cognition tasks are

built — such as interpreting events or intentions.

In computer vision we seek to understand these visual recognition
processes and replicate them on a computer. To do this has been the goal
of researchers in computer vision for over a generation now; yet it is still a
goal that is far from completion. Within computer vision there are a range
of challenges that are generally treated with quite different methods. Some
of these topics are 3-dimensional reconstruction, stereo matching and
object recognition. Object recognition is thus considered one of the primary

problems in computer vision and is the topic of this thesis.

Automatic object recognition is gaining in importance as more and more
information becomes available online and in other digital forums. The
proliferation of digital cameras and camcorders ensures that this process

will only increase.

Object recognition tasks can be treated as falling into 2 separate parts -
specific object recognition and object class recognition. Both types of
recognition have proven to be very challenging to achieve, due to the
viewing variations that may exist between images. Some of these variations

include

»= scale changes from viewing distance change
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» viewing perspective (this is sometimes approximated by an affine or
projective transform)

= changes within an object class, i.e. intra-class variation, such as
changes in color or texture

= occlusion or blocking from other objects

= clutter from background or other objects

» jllumination or lighting variation

*= image resolution or blur inconsistency due to the image acquisition
technology

Some of these variations are illustrated in Figures 1-1 and 1-2.

Figure 1-1: Examples of images of the same class.

These images illustrate some of the range of shape and color

variation that can occur for images of a class.

The human vision system seems to possess complex methods to deal with
such variations easily. However, reproducing such performance artificially
has proved much more difficult. Computers vision still lags far behind

human vision on most recognition tasks.

Over the last 10 years interest point methods have become very popular in
computer vision and have been widely applied to both specific object and
class recognition. Interest points are currently the major method for non-
class object recognition, structure from motion and navigation.
Improvement in basic image primitives has generally brought improvements

to a wide array of tasks in computer vision.
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For simple point-to-point matching, or object specific recognition, matching
rates of up to 40% are now consistently achievable based on a single point-
region (point and connected region surrounding it). Thus very high object
matching certainty (e.g. > 95%) can be achieved by a small group of
points. Moreover this rate is achievable for hundreds or thousands of points
in an image. For class recognition, the performance achieved depends
greatly on the degree of variation in the class, and the amount of training
information available. For relatively simple classes, such as faces, matching
rates of ~90% are achievable under good conditions. For more complex
classes matching rates of only 30-40% are possible, and this normally
requires large numbers of points or the entire image information. The

variability within object classes results in a great reduction in performance.

| | .

Figure 1-2: Even for quite similar class images, corresponding

image regions may be quite different

The main goal of this thesis is to improve the performance of interest point
recognition methods. We pursue 3 main strategies - finding new matching
metrics, finding better points and finding new point descriptors. The
purpose of these is to increase the robustness and flexibility of the final

descriptor to give it a higher performance.

Successful recognition need to strike a balance between specificity and
flexibility — specificity to distinguish between points, and flexibility to allow
for viewing and within class variation. The most popular interest point
method for some time now is the SIFT descriptor [62, 63]. For a typical
matching task on a standard dataset (e.g. the Oxford set) SIFT can obtain a

point-to-point matching rate of ~ 30%. This is the benchmark against which
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much of this thesis is measured. For low dimensional descriptors, steerable
filters [36] can be used as a benchmark since they have achieved excellent
performance. Gabor wavelet filters are similar to steerable filters and we
use them extensively. For a review of interest point matching on this image
set see [73].

What’s New in This Thesis?

€ A'‘geometric match’ descriptor distance which takes account of the
geometric setting of an interest point descriptor in a way that the
Euclidean metric does not. Experimental results show that this
provides a clear improvement in matching performance for

correlation and SIFT descriptors, compared to the Euclidean distance.

¢ A dense detector that does not rely on Difference of Gaussian (DoG)
or Laplace of Gaussian (LoG). It is therefore much more flexible and
suitable for object class recognition. Experimental results show that
this provides an interest point with good class recognition capability
for some classes. It brings some of the power of the Viola-Jones
method to a general interest point setting. It also gives a high
performance, low dimensional descriptor that performs competitively

with the best low dimensional point matching descriptors.

€ A multi-level descriptor or 'descriptor upon descriptor'. This differs
from traditional descriptors which could be described as 'descriptor
upon pixels'. Experimental results that this allows a substantial
increase in matching rate compared to traditional single-level

descriptors

¢ Experimental results show that several of these methods outperform

previously documented methods for some recognition tasks.

Part I Introduction 8




1.2 Thesis Outline

After introductory comments the thesis begins by discussing previous object
recognition methods and background ideas. This work builds on these
previous ideas. Some key ones are that of a detector, a descriptor, scale
space and scale invariance, class discrimination, Gabor wavelets and stereo

matching methods.

The main body of the thesis then begins with the introduction of the
geometric match concept. This is then applied to several different
descriptors and tested on standard image sets. We see an improvement in

matching performance.

We then introduce the dense detector concept. We choose a suitable flexible
detector and discuss how it can be used for point-to-point or object specific
matching. We test this on standard image sets and show its performance is
superior to that of traditional detector methods while being more flexible.
From this we move to the topic of class recognition which is the original
purpose for which it is developed. The implementation for class recognition
has some differences from that of point matching and we discuss this.
Discussion of why and how it was designed is conducted. We show its
performance on standard databases and compare that to other class

recognition methods.

Then we discuss the concept of a 'descriptor on a descriptor' and how this

improves point-to-point-matching.

We then show example applications involving camera navigation and class

determination.

Finally we conclude with a discussion, noting its strengths and limitations,

and future improvements that can be made to it. Thesis results and

summary are available online at www.visionwurx.com/PhD .
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1.3 Sketch of 3 Main Concepts

¢ Concept 1: Geometric match distance: this differs from the standard
Euclidean distance and takes more account of the geometric setting
of the descriptor. In computer vision feature data is often provided as
a vector of values. Instead of simply matching corresponding values
in a feature vector, the geometric match tries matching to the spatial
neighbors of each feature vector entry. This is similar to established
stereo methods. These are generally not the sequential neighbors of
the data in the vector. Thus, knowledge of the geometric layout of
the data and vector arrangement is necessary for correct matching.

See Chapter 3 for further information.

€ Concept 2: The dense point detector: This differs from DoG
(Difference of Gaussian) and LoG (Laplace of Gaussian) and provides
a more flexible point detection framework. DoG and LoG are scale-
space based detectors; we believe that only a descriptor-based point
detector gives high performance for class recognition. Therefore for
each image pixel we calculate the descriptor value, and perform a
lookup into the database space of points. The key aspect is
descriptors are calculated for all pixels, and that points can be
enrolled in the database by any criteria. This increases flexibility and
is asymmetric in the processes of point selection and recognition. The
final detector is has some features of the traditional detector
framework, and the Viola-Jones detector concept. See Chapter 7 for

further information.

€4 Concept 3: Multi-level descriptors: Although many different
descriptors have been previously proposed, there is one thing that all
these descriptors have in common: they are all applied directly to
image pixel data. Here we present the idea of multi-level descriptors,

where the lowest level is constructed from image pixels as usual, but
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each successive level is constructed from the previous level of
interest points. This has 2 objectives: to allow more robustness in the
descriptor, and to form 'meta-descriptors' that are aggregations of

normal descriptors. See Chapter 9 for further information.
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Chapter 2 Background and Related Work

2.1 Early Object Recognition Ideas

Formal work in computer vision began in the 1960’s and developed slowly
initially. Perhaps the earliest formal work, of which this thesis can be said to
be descended, is the work of Marr [65] on edge extraction. This used
‘Mexican hat’ wavelets (see Figure 2-1); thus the usage of wavelets in
computer vision is already very old. This work was primarily concerned with
edge detection rather than object recognition per se, but demonstrated the

use of wavelet convolution to achieve vision tasks.

(20" 25) (3°.5))) (1) exp(212)

Figure 2-1: Example of Gabor wavelet
(a) a 1-D Gabor wavelet; (b) a 2-D Gabor wavelet.

In the mid to late 1980’s the concept of alignment was proposed [47]. This
is based on matching simple point sets e.g. triplets of points, or 3 line
directions and a corner point (Figure 2-2). Such methods do not possess
high robustness to changing viewing conditions. However, they do

demonstrate the use of local features for recognition.
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Figure 2-2: Example of line extraction on which typical ‘alignment’

methods worked.

Other concepts that became popular at that time were indexing by hash
tables and pose clustering. This consists of hypothesizing pose changes
between a given object and a model object. For each hypothesis a vote for
that pose is made, and the pose with the majority is adopted. In some
sense, this idea has remained widely used in computer vision, e.g. in such
algorithms as the Hough line detector and RANSAC. A practical difficulty is

to identify robust image primitives to form the initial pose hypothesis.

In the early 1990’'s ideas of geometric invariance became prominent in
vision [76]. These have their origin in mathematical invariants of geometric
systems. For example, under affine transforms the ratio of distances
between points is invariant; under projective transforms the cross ratio is
preserved; under Lorentz transforms, the Minkowski metric remains
invariant. After an initial burst of enthusiasm, such methods have been
found to have only restricted usage. This is primarily because such
invariants only exist in planar spaces, and in the difficulty in reliably

identifying point sets and lines.

It is also possible to perform matching using contours and contour chain
approximations, as was illustrated in [35]. Around the same time it was
shown that color histograms are also effective in some situations [100].
Such methods generally rely on good quality segmentation and are
therefore not robust against occlusion; also they lack high invariance

against viewing changes.
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Another influential object recognition method is the eigenface or eigenobject
method [105] (Figure 2-3). This method relies on the consistent correlation
structure between pixels in an image window, and performs Principal
Component Analysis (PCA) on that structure. It also depends on good global
segmentation and therefore is not robust against occlusion. Also, principal
components relate to variation, not discrimination; recognition is more

closely related to discrimination.

Figure 2-3: The first 10 ‘Eigenfaces’ extracted by using PCA on pixel
correlation.

(from Google Images)

2.2 Scale Space

Scale space is a concept that dates from the 1980’s [112], was developed
by Lindeberg [60] and has remained of key importance. The scale space of
an image is the representation of the image under convolution kernels of
increasing size (see Figure 2-4). It can be shown from mathematical
consistency (e.g. the semi-group property) that the only possible kernel is
the Gaussian kernel. By decimating the images, the information to pixel

ratio is maintained and a pyramid is obtained
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Figure 2-4: Example of scale space.
To maintain a proper information:pixel ratio at different sizes,

Gaussian filtering and decimation must occur.

For practical object recognition systems, the scale space concept
determines that we must perform object recognition on all the images of

the scale space pyramid.

2.3 Interest Points

If we could identify propitious points in the image to apply further

recognition processing, this would have several benefits

e Matching on subsets of image points is computationally more efficient
than matching all points

e Matching a subset reduces the false positive match number

e A subset may have desirable properties e.g. be more stable or

discriminating.
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The challenge of this paradigm is to be able to identify points in a reliable
and robust manner. Specifically we seek a means to identify the same

points under the image transformations listed in Sec. 1.1.

A method to identify keypoints or interest points was outlined by Harris [42]
in the context of navigation. This was based on corner points and used a
maxima function of the 2" moment quantity (see Sec. 2.3.3). This point
detector was not scale invariant and therefore did not perform well under
practical situations which involve scale change. Nonetheless, it
demonstrated that reliable point extraction was possible at modest

computation (see Figure 2-5).

Figure 2-5: Image corner points, such as those returned by the

Harris operator.

The next major advance that occurred was the concept of the interest point
descriptor [88]. This descriptor was a ‘grayvalue’ vector of Gaussian
convolution derivates around a point (see Sec. 2.3.3). This provided a point
descriptor but did not present a means for reliable detection within scale
space (under scale variations). The descriptor is given as a vector of values,
which was adopted by later approaches-

Descriptor =(ug, U2, U3, ..., Up)
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2.3.1 Scale Invariant Feature Transform (SIFT)

A breakthrough occurred in 1999 with Lowe’s [62, 63] conception of the
Scale Invariant Image Transform (SIFT). This presented a simple method
whereby points could be repeatably located within scale-space (space and
scale). It also presented a descriptor for interest point matching which has
been proven to be more robust to image transforms than almost any other

descriptor.

SIFT Detector: The SIFT scheme uses maxima of the Difference of
Gaussians (DoG) as the point detector. Gaussian kernels of different sizes
are convolved to obtain the image at different scales. These are then
subtracted from one another. Those points that are maxima compared to
their 3x3 image neighbors, and also to their neighbors in the adjacent
scaled images are selected (see Figure 2.6). A quadratic fit through space
and scale is used to find the maxima. Points of low contrast and near edges

are rejected.

In a typical 500x500 pixel image, this could extract of the order of 1000
points. Whereas the Harris detector finds corner points, the DoG tends to
find ‘blob’ like points.

Figure 2-6: Multi-scale DoG scheme.
The image is obtained at different scales, and those pixels
selected which are maxima of differences in space and scale
(from [63]).
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SIFT Descriptor: The SIFT descriptor divides the pixel region around a point
into 4x4 sub-regions. At each pixel a gradient direction and value is

computed. Typically 8 orientations are used. Within each of the 16 regions,
a histogram of these gradient orientations is formed (see Figure 2-7). Thus

a histogram vector of 4x4x8 = 128 dimensions is obtained.

> | ¥

Figure 2-7: SIFT descriptor.
The SIFT descriptor divides the area around a point into a number
of spatial regions, and then obtains orientation histograms for
each bin. Although this diagram has 2x2 spatial regions, SIFT

usually uses 4x4.

Additionally the maximum value of a histogram of gradient directions

around the keypoint is used to allocate an orientation for the point.

Operation: In applications the detector is used to extract keypoints from an
image, and descriptors are computed for each point. These are then stored
in a database. Then for a new test image, the same detector and descriptor
application is made i.e. there is a symmetry between point selection in the
initial point enrolment stage, and in the image recognition stage. The
selected point descriptors are then matched to the database by Euclidean
nearest neighbour matching (L, norm, see Sec. 2.7). This has been found to

have excellent robustness and matching performance in [70].
In recent years SIFT has become very widely used in computer vision, for
tasks such as object recognition [33, 62], robot navigation [91], structure

from motion [3], panorama stitching [17].
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2.3.2 Affine Invariant Interest Points

The SIFT scheme provides for invariance to x-y translational motion, scale
change (movement in z direction), rotation in the x-y plane but there are
other possible viewing changes. In particular SIFT does not allow for affine
deformation in the x-y plane. Such an affine transform corresponds to the
transform of a plane under an affine projection model; it therefore

approximates many local viewing changes.

A method to adapt the detector/descriptor framework to allow for affine
changes was demonstrated in [69], based on ideas of [61]. This involves
repeated interest point detection and image affine adaption. It is not clear
that affine covariance is worthwhile since it involves increased computation
and delivers modest improvements in matching. For a typical application on
standard images (Oxford database [2]) it could increase the matching

performance from ~30% to ~37%.

Other affine invariant methods are [9, 41, 56, 74, 85, 86]. More recent
affine invariant ideas include [106, 101, 84].
2.3.3 Other and Recent Detectors & Descriptors

Following the success of SIFT, a host of other invariant interest point
schemes were proposed. These retain the dichotomy of first using a
detector to select points, then applying a descriptor to the region around
them. These detectors have received widespread use in object recognition.
A key characteristic of them is that they select points without regard to

class discriminative properties.

Detectors: Some interest point detectors are-
a) Difference of Gaussian (DoG) [62]. See Sec. 2.3.1

b) Laplace of Gaussian (LoG) [68]. This identifies points which are maxima

of the quantity ‘SZ(LXX(X,S)"‘ Lyy (X,S)X where s is scale.
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Scale Scale

Figure 2-8: The Laplacian of Gaussian (LoG) at a pixel.
Taken at different scales provides the same profile or shape but

multiplied by a relative scale factor.

The LoG is a very stable detector and is similar to the DoG. For this reason
we will refer to it. Figure 2-8 illustrates the key property of scale invariance

- that the maxima are preserved under a scale change.

¢) Harris or Hessian matrix detector [42]

Hiy o Hyp 2 If(XsO'D) ley(xao'D)
M = ulX,0,,0,)= =o50(o, )* 2.1
( I D) lel ﬂ22:| ? ( I) l:lxly(xi'GD) I;(X’O-D) (2.1)

where ¢ is the Gaussian function.

This is the 2nd moment matrix of a point region. The Harris detector seeks
points that maximize the difference between the determinant and the trace?
of this 2nd moment matrix.

A similar detector can be made instead using the Hessian matrix which uses

2nd derivatives
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H:L(X,a.,ao)={ ! 12}=0.§9(0.)*LXX(§"7D) ny(xa%)

L21 22

d) Harris-Affine or Hessian-Affine [69]. The Harris affine detector uses
Harris points for initialization but then also uses the M matrix (above)
for affine region normalization. This process is applied iteratively until
convergence. The Hessian affine method is similar but uses the Hessian

matrix instead.

e) Entropy or salient based detector [52, 53]

H(x,s)= —ZI: p(x,s)log p(x,s) (2.2)

This detector is based on ideas from information theory. It calculates (2.2)
at all points and some scales. This is then multiplied by the gradient of p,
and maximum points are selected. Another entropy based method was
described in [57].

f) FAST (Features from Accelerated Segment Test) [83]. This detector
considers the distribution of pixel brightness in a circle around a point.
If n contiguous pixels are sufficiently brighter or darker than the centre
point it is considered an interest point. It is a fast detector and is useful

for navigation.

g) Maximally Stable Extremal Regions [67]. This detector looks for those
point regions which are most stable when the image is thresholded at

continuously increasing values.

Descriptors: Some point descriptors are-
a) SIFT [62]. See Sec. 2.3.1.

b) Steerable filters [36], Differential Invariants [34], grayvalue [87]. These
involve computing the /ocal jet which is the set of local Gaussian

derivatives up to a certain order. These are then can be made rotation
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invariant or to vary in a predictable way with rotation change. See Figure
2-9 (a).

1(x,y)*G(o)

(X, y)*G, (o)

(X, y)*G, (o)

V(X y)={ 1(X,¥)*G, (o)

1(X,¥)*G,,(0) (2.3)

(X, y)*G,, (o)
M

G is the Gaussian function.
V’- . -\‘
.
BN S
(a) (b)

Figure 2-9: Derivative based filters

J

a

(@) Gaussian jet derivatives and (b) complex filters
(from [70]).

c) Histograms [59, 100]. Histograms are a simple statistical descriptor of a
set of data. They have been found to be useful for recognition in many

cases, particularly involving color or texture.

d) Moment Invariants [107].

a _ 1 a
Ileq =X—yZXpyq[|d(X, y)] (2.4)
X’y

These give a signature of the shape and intensity around the point. They

have been used are more effectively with color images.

e) PCA SIFT [54]. This combines the SIFT descriptor with a subsequent
application of Principal Component Analysis (PCA). This can reduce the
dimensionality of the descriptor from 128 to ~30 dimensions; however it

is not clear that it consistently improves matching performance.
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f) Shape Context [11]. This creates a histogram of edge points in a log-
polar space around the point (Figure 2-10). It has been shown to be

effective for OCR (optical character recognition).

Count the number of
in n each bin

Figure 2-10: Example of shape context construction.

g) GLOH (Gradient Location and Orientation Histogram) [70]. This is similar

to SIFT but uses a log-polar space and is of higher dimension.

h) SURF (Speeded Up Robust Features) [10]. This is a fast descriptor that
uses Haar wavelets and gives high matching performance. This has

become popular and has an OpenCV implementation.

i) HoG (Histogram of Gradient) [24]. This calculates a histogram of

gradients but does so using a dense grid of cells and some overlap.
j) DAISY (Dense rapidly computed Gaussian scale variant gradients) [104].

k) SUSAN (Smallest Univalue Segment Assimilating Nucleus) [98]. This

forms a circle around a point and for every other point within the circle

(1 (m)=1(my))°
C(m) =€ ! (t is the radius) is calculated and summed. A

further linear function of this is used to form the final descriptor.
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I) Cross Correlation. This is the simplest descriptor, consisting of a
Gaussian blur followed by a sub-sampling. This is very efficient since this

will normally computed anyway for scale invariance.

m) Gabor wavelets [38]. See Sec. 2.3.4.

Other notable interest point methods are explored in [13, 14, 55, 82, 84,
24, 25, 31].

In general these methods only offer modest improvement, or only better in
some situations, compared to SIFT. In the majority of cases they are

inferior. Thus since SIFT was first described only incremental improvement
in point-to-point matching capability has taken place. An example of point-

to-point matching is given in Figure 2-11.
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(b)
Figure 2-11: Mismatching problem.

(a) An example of interest point extraction or enrolment, from an
image and (b) recognition or matching to another image. This
example indicates that many enrolled points may not have a

match or may be matched incorrectly.

2.3.4 Gabor Wavelets

Gabor wavelets are used extensively in this thesis therefore we will describe
them separately. They have extensive uses in general signal processing and

can also be used as a type of descriptor.
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For image processing we are generally concerned with 2-dimensional Gabor
wavelets. Such a 2-dimensional Gabor wavelet is a function described by
the equation

U?+n°? 27
Gabor(X, y)=exp(— 5! jxexp(JTUj (2.5)

U =Xcosé + ysiné
V =—xsinf+ ycosd

where o is the Gaussian envelope sigma, y is the skew, @ is the

orientation and A is the wavelength. Normally we only use the real part of
this.

Figure 2-12: A set of 2-D Gabor wavelets.

This example has 4 orientations and 2 phases.

The Gabor wavelet has been adopted in this work for several reasons

= It has been found to be used within the human visual system at a low
level

= It achieves the maximum resolution of both spatial and frequency
information i.e it satisfies the Heisenberg condition
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0,0, 2 % where o, is the spatial variance and O, is the frequency
variation [64].

= The Gabor kernel has been shown to optimize some information
theoretic criteria related to the extraction of information from an image
[80].

= Gabor wavelets have achieved excellent results in practice [95]. For
example, in the Face Verification Competition FVC2004, the top 2

methods used Gabor wavelets.

For a practical descriptor, Gabor wavelets are applied as a filter bank, at
different orientations, phase and frequencies. For example, in part of this
work we use a bank of 16 Gabor wavelets at 4 orientations, 2 phases and 2
frequencies. If the entire image is convolved with these, a 16 dimensional
descriptor is obtained at each point. A set of Gabor wavelets is shown in
Figure 2-12.

One useful property of this function is that it is separable. This can be seen
in that Eq. (2.5) can be written as f(U)g(V). Separability is useful in
accelerating the numerical implementation of convolution, since it allows
each dimension to be convolved separately. In practical image processing it

can speed up the convolution by a factor of ~ 4-5.

2.3.5 Interest Point Learning and Class Recognition
Techniques

Recently some learning techniques related to interest points have been
shown to offer some substantial improvements in performance, at the cost
of greater prior processing. These involve fitting a classifier to the points
[45, 81]. In this thesis we are interested in methods that do not require

extensive pre-training.
Some interest point methods have explicitly used groups of points or meta-

descriptors rather than individual points as the matching object [18, 23, 20,
40].
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There has also been a lot of work on adapting interest points for class
recognition. These include [30, 32, 51, 58, 72, 71, 90, 96, 79, 114, 77,
109, 103, 15].

2.4 The 'Biological” Model

A variation to the standard Detector/Descriptor framework is the ‘biological’
model developed over 10 years at MIT [93]. It is so-called because it
explicitly attempts to model visual processing in the primate visual cortex
area of the brain. Since it has influenced this work we will describe it in

some detail.
This model involves

= Applying a bank of Gabor wavelets of 4 different orientations and a
range of different scales

= 2 adjacent scales are treated as a ‘band’

= In each band, the maximum of an 8x8 pixel region, and across each
of the 2 images in the band, is selected. These are called the C1

points.

= Previously a set of k patches, P, of varying sizes nix n; i=1.K has
been selected from training images

= For each of the C1 points, let X be the pixel region around it. We then

2
Y= eXp(_ KX =P ) for each P, .These then are the S2

calculate
maps.

= For each training patch P; find the maximum over all positions and
scales. We thereby obtain k C2 features, for a final k-dimensional

feature vector.

Compared to the descriptors described earlier this model has some
advantages for class recognition has been shown to outperform SIFT points
for this purpose. This is partially because the maxima operation allows the
shape to vary over a greater region, and partially because it does not rely

on scale space based detectors (e.g. DoG). As we will see in Chapter 9, this
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can be considered to be a Level 2 descriptor. The first level is the Gabor

descriptor, the second is the maxima operation.

2.5 Viola-Jones Object Detection Framework

A fast object detection framework was described by Viola and Jones [108]
in 2001. This was proposed in the context of face detection although it can
be generalized to a wide range of classes. For single object class detection
applications it generally achieves faster, more accurate operation than any
previously described methods. In particular, it differs fundamentally from
the detector/descriptor framework and can outperform it for class
recognition tasks. The detector method presented in Part III attempts to
bridge some aspects of the gap between the Viola-Jones method and the

detector/descriptor framework.

The Viola-Jones method uses features similar to Haar wavelets as its

geometric primitives (see Figure 2-13).

Figure 2-13: An example of face detection using Viola-Jones

filters.

Using these primitives of different sizes and positions within a window of
24x24 pixels provides for 45,396 possible features. A learning algorithm,
Adaboost is used to select the most discriminative ones for a given object
class. Using these discriminative features, a linear threshold is used as the
classifier function i.e. a lookup into a 1-dimensional space is performed for
discrimination. This process is applied efficiently by using a cascading

structure, with the most discriminative features being applied first.
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Such a detector applies a descriptor, then ‘looksup’ its value into a space to
determine acceptance or rejection. It does so for every point in the image.
Thus it is a dense point method, unlike DoG or LoG methods (such as SIFT)
which use sparse points in the image. We will call such a method a ‘dense
point detector’. It is a descriptor-based detector, unlike DoG or LoG for

example, which use a quantity extraneous to the descriptor as detector.

2.6 Testing and Performance Measurement

To determine how effective an object recognition method is, it is critical to
have clear, relevant and objective standards of performance assessment.

For interest points, some assessment methodologies were developed very
soon after they were conceived. We use similar criteria to those developed
in [21], [70] and [73]. These relate to interest point performance between

2 images that have a known relationship e.g. a homography, H.

The 2 main indices used are repeatability, which is a measure of detector
consistency, and the matching score, which is a measure of descriptor
performance. Herein we will make more use of the matching score since we
are concerned with descriptor performance. We will also use ROC graphs,
and recall-precision graphs. These are also measures of descriptor matching

performance.

Suppose interest point detectors have been applied to 2 images with a
known homography H between the 2 images. Thus a set of interest points
exist for each image. Figure 2.12 provides an example of a pair of images

with known homography that have interest points extracted. Then-

o #corresponding points
a) repeatability = ——— — : — (2.6)
min(#int. points imagel,#int. points image2)

The repeatability is a measure of detector consistency or reliability. It is the

proportion of points from the 1% image that are in the corresponding
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position in the 2"%. We regard points from each image as corresponding if,

for positions a and b, |ja—Hb|<4.

# correct matches

b) matching score = (2.7)

min(#int. points imagel, #int. points image?2)

The simplest matching measure between the 2 image sets of interest points

is by the Euclidean nearest neighbour. A correct match is one for which

|]a - Hb|| < 4. Note that this measure relates matches to the minimum

number of interest points in the images, rather than the number in the
original image. Thus in some sense it gives a misleadingly positive

indication of matching.

# correct matches

c) recall= (2.8)

# corresponding points

This is another measure of matching performance. It compares matches to
the number of correspondences and therefore gives a descriptor matching

indicator more independent of the detector.

# false matches

d) 1-precision = (2.10)

#correct matches + #false matches

The precision is a measure of how likely a descriptor match is to be correct,

compared to all matches.

Recall is generally graphed against 1-precision. In this case, rather than use
the nearest neighbour, a match is defined as

(desc,-desc,)< d. d is allowed to vary to generate the graph.

e) Receiver Operating Characteristic (ROC) is a graph of the true positive
rate vs. the false positive rate. The true positive rate is the same as the
recall. It is more easily used as a metric for class recognition, rather than

point-to-point matching, and this is how we use it here.
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) # correct matches
f) matching rate = (2.11)

#int. points imagel

Compared to the matching score, the matching rate gives a more complete
measure of the matching system. It encompasses not only the effect of the
descriptor matching, but also the effect of the detector. It is therefore more

a measure of the whole system, rather than the descriptor per se.

2.6.1 Image Data Sets

The main datasets used in this work are -

= the Oxford affine features dataset [2] at

http://www.robots.ox.ac.uk/~vgg/research/affine/index.html

» the Caltech classes dataset [1] at

http://www.vision.caltech.edu/Image Datasets

We make considerable use of these since they facilitate comparison with
other published work. Several examples of these images are given in

Figures 2-14 and 2-15, more complete examples are given in Appendix I.

The Oxford set is well established to compare performance of point-to-point
matching. Some Matlab scripts and homography calculation tools are
available for it. It has sequences of image variation by viewpoint change,
scale, blur, illumination, and JPEG compression. It draws a distinction
between more ‘textured’ images and more ‘structured’ images. The Caltech
databases consist of collections of images of various object classes; it is
widely used to assess class recognition performance. It includes the ‘Caltech
101’ dataset of 101 object classes, and other individual class collections. We
also obtained a small number of images from other sources, such as Google
Images. These are ascribed where used.
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Figure 2-14: Oxford graffiti wall sequence - structured viewpoint
change.

These are 2 examples from this sequence of 6 images which show
a graffiti wall from differing viewpoint positions. This is considered
to be a ‘structured’ type of image, rather than a ‘textured’ one.
The matching rate is the number of correct interest points
detected in the 2nd image relative to the 1st. Correctness is

determined by the homography between the images.

Figure 2-15: Caltech Cars Collection.

These are 2 examples from the ‘cars_markus’ collection. Although
to human eyes these images look very similar, even such small

changes can present problems for matching algorithms.
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2.7 Distance Measures

When features are obtained from the image, we need to compare these to
database or enrolled features. Normally the feature information exists as an
n-dimensional vector, and we are determining the distance between 2

vectors. That is, we are calculating a distance metric or norm.

There are a variety of standard mathematical metrics for doing this-

In general,
1
LP Norm: for p> 1K || :Qx1|p +[%,” +K +|xn|p)E (2.12)
Specifically,
L1 or Manhattan metric: |x| :(|x1|+|x2|+K +|xn|) (2.13)
1
L2 or Euclidean metric: |x|, = Qx1|2 +%,|” +K +|xn|2)2 (2.14)

Sometimes variations of these are used [49], [113]. Other metrics, such as
the Mahalanobis, Hausdorrf [48], or Chamfer distances [102] are used in
computer vision, but not used in this thesis. In Part II we will develop
further metrics which are particularly suitable for interest point descriptor

vectors.

2.8 Machine Learning Techniques

Ideas from statistics or machine learning are now used throughout

computer vision.

Linear Discrimination:
In this work we make use of linear discrimination algorithms. The object of
linear discrimination is to separate 2 classes of data points using linear

functions (see Figure 2-16).
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Figure 2-16: Example of 2D linear discrimination.
The 2 datasets in this image are separated by a linear function.

We use the same idea with higher dimensional data.

There are a variety of algorithms for this such as conjugate gradient
descent, least squares, etc. Here we have used linear Support Vector
Machines (SVM’s) [22, 50, 111, 113] for this purpose, using a Matlab
statistical library [5]. Linear SVM’s will maximize the distance between

nearest points of different classes on convex, separable data sets.

Clustering:

Another function widely used in visual recognition is clustering. The purpose
of this is to separate data points into groups that are close to one another
by some metric (see Figure 2-17). In class recognition tasks, it is presumed
that such points will be of the same class. There are a variety of popular

algorithms for this such as k-means and agglomerative methods.

Part I Introduction

e

36




Figure 2-17: Example of clustering.
The 2D data in this image begins unlabelled, but has been

clustered into 5 groups that have been colored differently.

2.9 Problems with Existing Approaches

Although the methods described in this chapter have constituted a

significant step forward for computer vision, they still retain clear limits.

Lack of a general theory:

In so far as SIFT has achieved good recognition performance, this has been
established empirically. No general theory exists to predict the performance
of a detector/descriptor combination. Such a theory could illustrate better
descriptors or show that better descriptors do not exist. This thesis does not

present such a theory, but its absence motivates this work.

Matching performance:

The detector/descriptor framework has clear limits to its matching
performance. For example, for the modest matching task involving scale
and rotation change in images of Figure 2.12, SIFT achieves matching of <
40%. It may be that methods exist with substantially higher matching
ability. Also, descriptors generally increase their performance as their
dimensionality increases (since this provides a more detailed descriptor).

However, a limit is reached beyond which performance will degrade. For
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example, for the GLOH descriptor (which is very similar to SIFT)
performance degrades after ~ 200 dimensions [70]. Thus, an ultimate limit

to descriptor performance has been reached.

Detector Limitations:

The most established detectors such as DoG (Difference of Gaussian) or LoG
(Laplace of Gaussian) select points without regard to their descriptor’s
discriminative properties. For example, the LoG selects points that are at a
repeatable position within scale-space based on gradient. However, the
descriptor at that point may a very weak response, or one that is very
unstable. Also, for class recognition, DoG or LoG points may have little or

no discriminative power.

For example, Figure 2.18 shows DoG points overlaid for these images.
These points do not correspond to what other methods would identify as the
key points of the face for recognition. For example, in Figure 2.16(b), the
eyes are almost completely ignored by interest points (other methods have

identified the eyes as among the most discriminative).

Figure 2-18: Example of DoG interest point extraction.

DoG points are selected for scale space repeatability — they do
not necessarily correspond to the most class-discriminative

regions of the image.
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Points selected by the ‘biological’ model are an improvement since they are
based on descriptor properties. However, such points are still selected by
criteria only loosely related to class discriminative power (they are selected
primarily by length, see Sec. 2.14). Also selecting 1 point from a fixed
window size may be too inflexible for some classes. The Viola-Jones method
is better in this regard, since it allows any point to be potential match, and
selection of points for further processing is done by descriptor properties

not by extraneous quantities such as DoG or LoG.

Viola-Jones Limitations:

The Viola-Jones method is substantially better for class recognition since the
descriptor is the detector. However it has severe limitations in that a
specifically selected sequence of descriptors must be used for each object
class. Humans are thought to be able to distinguish between 1000’s of
object classes. Although the Viola-Jones method is real time for a single
class, it is not fast enough to simultaneously detect a large number of
classes. In this sense a DoG detector is superior, since it can be applied
unchanged to all points or classes. Also, often it requires a very large
number of training examples, which may not always be available, and

training is often very slow.

Inflexible Descriptors:

Although the Viola-Jones method has demonstrated good performance for
face recognition, this is related to the fact that faces have a more consistent
shape than many other classes. For example, to recognize a dog in images
would probably require a method that could deal with greater variation. A
more capable method would allow this greater flexibility, and would
probably incorporate situation or scene specific information. Issues of scene

understanding are however not the subject of this thesis.

Limits to Point-based Matching

Point based matching is the subject of this thesis and has been shown to be
effective for many tasks. However, simple point regions may not be ideal
for all tasks and may be unsuitable for some. Although we do not explore

alternative 2D geometries hereafter, in most cases it is straightforward to
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do so. The basic descriptor operation remains the same with some shape
change. For example, line descriptors could be formed along the line by

elongating the descriptor to fit the line region-

Figure 2-19: Example of descriptors stretched (compare Fig 2-12) to fit a

line along the longer axis.

For some objects, recognition by 2D descriptors may be inherently unsuited.
For example, recognizing a chair by 2D descriptors is very difficult due to
the wide variety of possible appearances. However, 3D descriptors may be
more suited. In many cases the descriptors detailed in this thesis could be
extended to 3D, although to do so would be much more computationally
demanding. For example, 3D Gabor wavelets are easy to conceive but are
likely to be very slow to apply. 3D descriptors will likely be a feature of

computer vision in the future.
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Chapter 3 Geometric Matching for
Correlation

3.1 Introduction

In this chapter we introduce the concept of geometric matching, and use

the correlation descriptor to illustrate it, since that is the simplest example.

Most popular point matching techniques rely on a ‘descriptor’ formed in
relation to a specific point (see Sec. 2.3). This is generally represented as a
vector data structure; the number of vector dimensions depends on the
specific type of descriptor. Matching is performed by obtaining the distance
between 2 vectors, and for this we need to choose a distance measure (see
Figure 3-1). In this chapter we introduce a new distance measure as an
alternative to current popular measures. The primary motivation for this is

to increase the flexibility of interest point matching.

Various distance measures are commonly used in computer vision (as
described in Sec. 2.7). Of these, the simplest and most commonly used one

is the Euclidean distance, or L,.

The Euclidean distance finds the distance between 2 vectors in a ‘flat’ space
(e.g. unlike a Riemannian metric, or a metric on a set). It is a generic
distance measure in that it does not take account of the specific properties
of the data vector. It can be used to find the distance between any 2
arbitrary vectors. It treats all dimensions of the vector as being equal and
independent dimensions. Since it does not take account of the particular
characteristics of the data on hand, it may not be the optimal performing

distance measure for a particular application.
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Descriptorl = (ug, Uz, U3, ..., Up)

Descriptor2 = (vg, V2, V3, ..., Va)

Figure 3-1: Descriptors relate to an image patch and are
represented by vectors.

Patches are compared by differencing the vectors.

A region descriptor is a data vector that is designed for a particular purpose.
Ideally, it very efficiently characterizes data that has a specific geometric
meaning. It typically encodes information including spatial, orientation and
frequency information. Since it has a specific and consistent geometric
meaning it is reasonable that we could find a better distance metric for it

than the Euclidean metric.

In matching descriptors obtained from interest points, often the underlying
image has been distorted by viewpoint change, occlusion, etc. Also, the
point the descriptor is centered on may not be perfectly located due to
detector limitations. For these reasons the Euclidean distance may not be

the best distance measure available.

3.2 Correlation Descriptor

The correlation descriptor is perhaps the simplest descriptor. It is simply the
image region around a point smoothed with a Gaussian kernel and sub-
sampled. If the Gaussian smoothing and sub-sampling are in proportion, it
is simply the image patch at a higher scale (ignoring edge effects). This can
be an efficient descriptor to use because higher scale representation of an
image must normally be obtained anyway for scale invariance. The
correlation descriptor only encodes spatial information, not frequency or
orientation information. For this reason it is particularly suitable for

geometric matching, and we begin by treating it.
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Figure 3-2: Geometric correlation descriptors.
For the correlation descriptor, each element of the descriptor

vector has a simple spatial geometric meaning

It can be seen in Figure 3-2 that the individual dimensions of the vector are
not completely independent — a geometric relationship or metric exists
relating them together. For example, pixel n in the diagram is a neighbour
of pixel n+1 and therefore the value if pixel n is likely to be similar to that

of pixel n+1. More generally, the positions of the pixels in the descriptor are
related by a Euclidean metric +/i’ + j* . The values of the pixels are related

in some way by this metric. Treating such data as a vector of independent

dimensions ignores this metric and is inappropriate.

3.3 Geometric Distance Metrics

The Euclidean distance, as applied to 2 such a correlation descriptors, gives

a distance between

patch of image 1:

i

patch of image 2:
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patch of image 1: A A A
i A / A A /
v v v
4 A v
A v v

patch of image 2:

Figure 3-3: Euclidean correlation descriptors.
In Euclidean differencing for the correlation descriptor, each
spatial region is only compared to its corresponding region in the

other patch

In Figure 3.3 it can be seen that by the Euclidean vector distance the match
is between exactly corresponding pixels in the descriptor patch. This
distance is an approximation to the difference between the 2 descriptors.
However, it can be seen that it does not take full account of the geometric
setting of the data. What we seek is a distance measure that takes account
of this fact - that nearby descriptor pixels are closely related, and that

distant descriptor pixels are less related.

One way to do this is to allow the match to vary over an area of the
descriptor patch. For example, the match of Figure 3.3 can be generalized

somewhat to-

patch of image 1: i

4

patch of image 2: X

/
i
/

v

Figure 3-4: Simple geometric matching.
One form of simple geometric matching is to compare each pixel to the 4-

connected region around it
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patch of image 1:

patch of image 2:

Figure 3-5: Localized geometric matching.
A slightly more complex form of geometric matching is to

compare each pixel to the 8-connected region around it

This match distance allows matching to the immediate neighbors of a given
pixel. This can be done in a variety of different ways such as 4-connected or

8-connected regions (see Figures 3.4 & 3.5).

This is an improvement over the Euclidean match but it opens up new
questions. Should the match to neighbor points in Figure 3.5 be treated
equally to the match to the corresponding centre point? If not, how should
we make the distinction between the centre point and the neighbors?
Effectively we want to encourage the match to the centre point, but still
allow the match to neighbors. One simple way to do this is with the

matching function

dcorres = Xi,j - yi,j

dneigh = mlnm,n:—l,o,lm,n;to,o(Xi,j - yi+m,j+n)

d= Z min(dcorres ’ k* dneigh)
i,

(3.1)

i, j represent the spatial dimensions of the descriptor, as per Figure 3.3

above.

The parameter k is the penalty term for neighbour matching. It expresses

our prior belief that matching is most likely to occur to the centre point. We
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therefore only accept the match to the neighbour if it is markedly closer.
Using this penalty is a Bayesian concept, since it is weighting the choice in
favor of the centre point (see Figure 3-11 for the smoothed case). The

match selects values for m, n which are the matching disparity.

In the formulas (3.1) we have used the indices i,j to denote positions over
the descriptor area. This is not appropriate for a practical formula since the
data structure is a vector i.e. we need to map J, j positions to positions in a

vector. So we end up with a match of the form of Figure 3-6.

HEEE "N
0 AR O N B B B

Figure 3-6: The geometric match results in matching to certain
specific components in the descriptor vector, depending on the

type of matching and the descriptor.

This is slightly more complicated to implement numerically. The optimal

value of the penalty parameter k must be determined empirically.

Definition 3.1: A geometric match is a matching between descriptor
vectors which allows matching not only between corresponding
components of the vector, but also to neighbors in space, orientation,

frequency, etc.

3.3.1 Geometric Arrangements

If we allow a more general geometric match, rather than a straight

Euclidean match, there are a variety of spatial arrangements we could use.
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(a) Simple neighbour points: as described above in Figs. 3.4 and 3.5, with a
penalty factor for immediate neighbors compared to the corresponding

central point.

(b) Higher scale points: This idea is where, for every pixel, we also obtain a
higher scale value. This is slightly different from a standard higher scale
image, since we have a value at every pixel of the lower scale (rather than
at sub-sampled points). We allow a match to this higher scale pixel, and
also a normal match to the corresponding same scale pixel (see Figure 3-7).
Again we have a penalty factor k but now it weighs towards the same scale

pixel.

patch of image 1:

i

patch of image 2:

patch of image 2

at higher scale:

Figure 3-7: Geometric matching can be used to match to other

scale levels.

(c) Overlapping higher scale points: this is similar to the simple neighboring
pixel case but it is done at a higher scale, and we allow some pixel

overlapping

Again we have a penalty factor k to weight towards the central pixel.

(d) Multiple radii neighbour points: in this formulation we have 2 penalty

parameters k1 and k2, and 2 levels of neighbors. These levels correspond to
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different distances from the centre point as shown in Figure 3-8. Effectively,
we are allowing the point to vary even more widely and therefore can offer
improved performance. The potential problem with this approach is that it
can be very computationally demanding - each point must be checked

against a large number of neighbors.

patch of image 1: J
i
N
/ X =
A » v Y A

patch of image Z:

Figure 3-8: Geometric matching can be generalized in many
ways. Here we are matching to an extended region around each

pixel.

This concept can be generalized to matching to all neighbors within a radius

r, with a penalty function of r, e.g. a quadratic penalty function.

3.3.2 Patch or Descriptor Size

A correlation descriptor performs a blurring and a sub-sampling. Thus an
image patch is extracted, reduced to a smaller size, and then vectorised. In
our testing we have used image patch sizes of 41x41 since this gives good

results and is consistent for comparison with [54].

The size of the sub-sampled or decimated patch is a tradeoff. If it is too

small (too few dimensions) the original patch has flexibility to be distorted,
but the match loses specificity and discrimination power. If the patch is too
big, it is very specific which improves specificity and discrimination, but the

patch is not flexible to geometric transforms or distortion.
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With a simple Euclidean match we have found that maximum performance
occurs for a descriptor size of 12x12, decimated from a 41x41 patch. When
we use a geometric match with simple neighbour points, we find that the
optimum occurs at 18x18 (see Figure 3-9). Thus usage of geometric
matching allows us to be more specific with our descriptor, and this

improves matching performance.

Matching by Patch Size with Smoothing
Patch Size
Imagel->lmage2

60

55 |
50 |
45

Matching Rate %

40 T T T
8 13 18 23 28

No. Pixels * No. Pixels

Figure 3-9: The variation of matching rate (with smoothing) with

the patch size in pixels

3.3.3 Edge Weightings

When we are decimating an image patch we must blur it or apply a filter
first. This is to prevent anti-aliasing (by Nyquist’s Theorem). For this we
apply a discretized, finite approximation to a Gaussian filter. For each point
a convolution must be performed centered on that point; however, for edge

points a full convolution is impossible, since many of these points do not
exist in the patch.

Thus edge points in the decimated image are not determined as reliably as
more central points. For this reason we can weight points according to how
much of their convolution region exists. In general image decimation this is
not such a problem since most points are not near edges. In our application
however, the patches are 41x41 so many points in the convolution are near

edges. A weighting factor can therefore be applied in the correlation match.
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dcorres = Wi,j(xi,j - yi,j)

dneigh = mlnm,n:—l,o,lm,n;eo,o Wi,j (Xi,j - yi+m,j+n)

d= z min(dcorres K * dneigh)
i

(3.2)

Where w;; is a position based weighting factor.

3.4 Implementation Issues

3.4.1 Energy Minimization or ‘Stereo’ Smoothing

Using geometric matching to find the best match simply using Eq. (3.1)
above does not give very good performance. This is because the matching
simply selects the closest weighted matching pixel among the neighborhood
region of the corresponding pixel in the other patch. This means that
multiple pixels can match to a single pixel or some pixels may not match to
any others at all. Effectively we have given too many degrees of freedom to
the matching process, which results in a somewhat random match. This can
be seen in Figure 3.10 (a). Traditional correlation matching only compares
corresponding pixels in the patch and this imposes a certain discipline or

constraint.
This problem exists because we have allowed each pixel to be matched

independently of others. If we can synchronize or maintain some continuity

between pixels we can address this problem.
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Figure 3-10: Geometric matching.
(@) Without smoothing geometric matching gives a somewhat
random matching. (b) We can use some disparity smoothing
methods similar to stereo methods to apply a gentle smooth and

improve the match

This is very similar to the problem of stereo matching, where pixels are
matched along epipolar lines and continuity should be respected. The
difference in this case is that the matching can occur in 2 dimensions -
points do not lie on a known line, they in an area around a known point. We
can then adopt a stereo matching technique and adapt it to this situation. A
common stereo method is to apply a penalty term to a pixel match, based

on how different that match is from its neighbors.

Suppose the offsets, or 2-dimensional disparities are m, n (see Eqg. 3.1) and
N is the neighborhood region of the pixel (e.g. 4-connected or 8-
connected). Let N, and N, be the disparities of the neighbors, then we have

a penalty function
V(m,n) = ¢ eT(m,median(N , ))+ ¢ o T(n,median(N,, ))

T(a,b)=1 a=#b
T(@b)=0 a=b
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This is a variation of the Potts penalty model of stereo matching (see [16]).
The parameter @ determines how strongly we impose the disparity penalty.
Figure 3.9 (b) shows a moderate application of this.

Then the final descriptor patch matching function becomes

dcorres = Xi,j - yi,j +V(O>O)

dneigh = min(m,n:—l,o,lm,nqto,o(Xi,j - yi+m,j+n) +V (ma n))

d= Z 1'nin(dcorres Jk* dneigh)
i

(3.3)

The function d in Eq. (3.3) can be considered an energy function and
matching finds the minimum energy. This approach can be considered as

applying stereo matching ideas to the task of interest point matching.

Matching with Smoothing
Penalty Factor
Imagel->Image2

60

55 4

50

45

Matching Rate %

40 T

Consistent Penalty (k) Factor

Figure 3-11: Matching with smoothing penalty.
The variation of matching rate (with smoothing) with the penalty

factor of Eq. (3.3) for geometric matching
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3.4.2 Cascaded Implementation

Most of the geometric match schemes in Sec. 3.2.1 above are substantially
more computationally demanding than simple Euclidean matching. One way

to overcome this is to implement them in a cascaded fashion.

Euclidean nearest neighbour correlation matching is first performed on all
points. Then for the best p matches we perform a geometric match. Thus it
is a 2 stage process. In practice p = 15 has given good performance and

the computational demands are comparable to ordinary Euclidean matching.

3.4.3 Commutative Operation

The standard Euclidean match is a commutative operation between its 2
arguments. The introduction of geometric flexibility breaks this
commutativity. This is not necessarily a problem (e.g. if it provides overall
performance improvements) but the lack of symmetry may suggest the

method is not perfect.

A

Figure 3-12: Lack of symmetry in matching

In Figure 3.12 we can see that for 1 of the arguments (the top image)
every value (pixel) is matched, whereas in the 2nd argument (bottom
image) some pixels are not used in the match and others are used several

times.

There are several simple ways that symmetry between the 2 vectors in the
match could be restored. One way would simply be to take the average of
the 2 operations: V2(difference(vecl, vec2) + difference(vec2, vecl)).
Another is to take the minimum: min(difference(vecl, vec2),

difference(vec2, vecl)). We use this minimum as comparison in Table 3.1.
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Table 3.1: Commutative vs Standard Matching Rate (structured imagel-
>image4)

Viewpoint Scale Blur Average
Standard
10 39 47 32
Matching (%)
Commutative
11 42 49 35
Matching (%)

3.4.4 Range of Transforms

The geometric match allows us to better deal with geometric transforms
that the images may have undergone. For example, it improves
performance under affine transforms. However it does not provide
invariance against all possible transforms. When used with a smoothing
term (Sec. 3.4.1) geometric matching provides good performance against
smooth or diffeomorphic geometric transforms. These include affine and
projective transforms. Some examples of non-diffeomorphic image
transforms are-

» Image transforms that include occlusion

= Photometric transforms (changes in brightness or color)

Geometric matching will be of reduced performance in such cases.

3.4.5 Comparison to Elastic Bunch Matching

Elastic Bunch Graph Matching (EBGM) is a recognition method that has
found success in face recognition and Optical Character Recognition (OCR).
It requires manual location of ‘fiducial’ points in the image and Gabor jets (a
set of convolution filters) are applied at these points. The *fiducial’ points
are allowed to move with some flexibility over an area. A matching metric is
constructed based on the similarity of the position of the points and the

values of the Gabor jet.
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Figure 3-13: Elastic Bunch Graph Matching
[95]

EBGM has a point of similarity to geometric matching in that it allows some
degrees of freedom in the matching process. It is different in that the
flexibility for EBGM relates to point positions whereas in this scheme
interest point position is not flexible; the flexibility pertains to the matching
metric. In EBGM point position is determined for a class, whereas we are
here using scale-space points (e.g. LoG). This relates to the fundamental
difference between the methods — EBGM is used for class recognition
whereas geometric matching is a point matching scheme. Thus they are

used for different purposes or tasks.

3.4.6 Complexity and Timing

The complexity and timings are important for a practical descriptor method.
Table 3.1 shows a summary of the computation required in forming and
matching the descriptor. The first column relates to the interest point
detector, the second shows the main operations on the image to detect
these points. The third and fourth relate to the main operations on the
descriptor patch and individual pixels respectively. We use 4 different scales
to detect the points. It can be seen that the matching time is much greater
than the point extraction time. Note that we do not use any acceleration
such as approximate matching or GPU acceleration. In Table 3.2 below, G(I)
denotes Gaussian smoothing over the whole image, G(P) denotes Gaussian
smoothing of the descriptor patch, and Comp. denotes a comparison
(subtraction and minimum operation).

As expected, there is a substantial increase in matching time as geometric

matching is increased.
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Table 3.2: Geometric Correlation Timings

Descriptor Point Number
Image Descriptor Pixel Extraction | Matching of
Matching | Operations | Operations | Operations | Time (s) Time (S) Points
Geometric
Matching
4_
Connected #4G(I) G(P) 4 Comp. 2.4 92
Geometric
Matching
8_
Connected #4G(I) G(P) 8 Comp. 2.4 173

3.5 Experimental Results for Correlation Matching

In this section we present experimental results on the Oxford image sets.
See appendix I for examples of the image sequences. Since are only
interested in descriptor performance here, the points used for testing were

DoG points in all cases.

We present data sequences results for
= correlation descriptors with Euclidean matching - ‘corr’
= correlation descriptors with geometric matching - ‘geom corr’

= SIFT descriptors with Euclidean matching - ‘SIFT’

The ‘correlation’ and the ‘correlation with geometric matching’ illustrate the
improvement that results from using geometric matching. The SIFT data is
presented for comparison since SIFT has been the ‘gold standard’ of point
matching for some years. These data sequences assess the performance of
descriptors against change in scale, viewpoint, blur, illumination, and JPEG
compression. For scale, viewpoint and blur, a distinction is drawn between
‘structured’ and ‘textured’ images. For example, the ‘Boat’ sequence is a
series of images of a boat at increasing scale and rotation. It is considered a
‘structured’ sequence. The ‘Bark’ sequence also presents scale change, but
it is considered a textured sequence. Data presented is the matching score

for the sequence images, and also the precision-recall performance for
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matching imagel->image 2 of the series. See Sec. 2.6 for discussion of

what these testing parameters mean.

Table 3.3: Parameters of the experiments

Experimental Parameters

Number of initial DoG

1000
points
Dimensions
12x12
(1% level)
Dimensions
4 18x18
(2" level)

Simple neighbors

Geometric match type
(8-connected)

K Central weighting 2.0
® Energy smoothing 0.3
factor '
Timing for interest
point and descriptor 2.4s

extraction

Boat Sequence Matching Rate
(structured scale change)
Image 1-> Others

60
> 50 ,ﬂ
£ C
g 40 \ —e— Corr
o 30 —a—SIFT
% 20 \ Geom Corr
8 10
= e

0 T T T T T

1 2 3 4 5 6 7

Image in Sequence

(@) Structured scale change
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Bark Sequence Matching Rate
(textured scale change)
Image 1-> Others

8
A~

o —e—Corr
—s—SIFT
10 4 Geom Corr

Matching Rate %
NN
oo

O T T T T
1 2 3 4 5 6 7

Image in Sequence

(b) Textured scale change

Bike Sequence Matching Rate
(structured blur change)
Image 1-> Others
60 ;
2 %0 M
[} \
§ 40 A —e—Corr
= 30 —=—SIFT
£ 20 Geom Corr
8 10
=
0 T T T T T
1 2 3 4 5 6 7
Image in Sequence
(c) Structured blur change
Trees Sequence Matching Rate
(textured blur change)
Image 1-> Others (blur)
40
S
@ 30 ™
g —e— Corr
= 20 —=—SIFT
£ 0 \ Geom Corr
© ;
=
O T T T T T
1 2 3 4 5 6 7
Image in Sequence

(d) Textured blur change
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Graffitti Sequence Matching Rate
(structured viewpoint change)
Image 1-> Others

50
S
o 40
g 30 \ —e—Corr
o \ —= SIFT
£ 2 \ Geom Corr
£ 10
= 0 \

1 2 3 4 5 6 7

Image in Sequence

(e) Structured viewpoint change

Wall Sequence Matching Rate
(textured viewpoint change)
Image 1-> Others

60
> 50 1
§ 40 - —e—Corr
=2 30 4 —=—SIFT
= 20 Geom Corr
(8]
g 10 S

0 ’*‘—A\%

T T T 2g

1 2 3 4 5 6 7

Image in Sequence

(f) Textured viewpoint change

Leuven Sequence Matching Rate
Image 1-> Others (illumination change)

~
o

[S20e))
o O
|

\k—J —e—Corr

—a—SIFT
Geom Corr

N
o

w
o
|

N
o

Matching Rate %

=
o o
/
°

T \g Ag v

1 2 3 4 5 6 7

Image in Sequence

(g) Illumination change
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UBC Sequence Matching Rate
Image 1-> Others (JPEG compression)

100
£ 80 T
& 60 | \\ —e—Corr

4 —=—SIFT
E 20 ~— S
5 Geom Corr
g 201
0 ‘ ‘ ‘ ‘ ‘
1 2 3 4 5 6 7
Image in Sequence
(h) JPEG compression change
Boat Sequence (scale change)
Precision- Recall imagel->image4

0.8

0.7 /_//"

0.6
z 05 e
§ 0.4 . —e—Corr

0.3 Geom Corr

0.2

0.1-

O \( T T T T
0 0.2 0.4 0.6 0.8 1
1 - Precision

(i) Structured scale change precision-recall graph

Bark Sequence (scale change)
Precision- Recall imagel->image4

0.8
0.7
0.6
0.5 A

0.4 -
0.3 Geom Corr

0.2
0.1

0 0.2 0.4 0.6 0.8 1

1-Precision

—e— Corr

Recall

(j) Textured scale change precision-recall graph
Figure 3-14: Various changes to the matching rate in correlation

matching.
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Table 3.4: Summary Statistics

Textured | Structured Viewpoint Scale Blur All
Corr 8.89 29.43 6.69 19.79 33.46 23.14
SIFT 17.96 29.81 18.93 19.90 34.48 32.67
Geom Corr 12.32 34.90 10.69 26.36 36.17 26.59

3.5.1 Discussion of Results

The experimental results above show that use of geometric matching
improves performance in almost all cases. Figs 3-14 (a) and (b) show that
under scale change geometric matching generally delivers a clear

improvement in matching.

For blur change, Figures 3-14 (c) and (d) the geometric match makes less
of a difference, although there is a small improvement. This is reasonable
since blur is less of a geometric distortion that the geometric match would

respond to. Also, the blur change matching rates are already high.

For viewpoint change Figures 3-14 (e) and (f) we again see that the
geometric match gives a significant improvement. This is as expected since
a viewpoint change creates a geometric deformation of the local patch or
area. The geometric match is similar to stereo matching which is usually
applied to a viewpoint change; therefore we expect it to be effective in this

case.

In these results we do not see a significant difference between structured

and textured image performance.

For illumination change the correlation descriptor has much lower matching
performance than the SIFT descriptor and the geometric match delivers a
small improvement. The low performance here is related to the fact that we
have used unnormalized correlation descriptors. For JPEG compression,
Figure 3-14 (h), we see no effect from geometric matching. This is again
somewhat expected since JPEG distortion is not a smooth geometric
distortion.
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Figures 3-14 (i) and (j) show that the improvement in performance is not

just for nearest neighbour matching, but also for precision-recall profiles.

In some cases the improvement for geometric matching gets larger for
successive images in a sequence. This is typical of affine invariant methods,
and suggests that geometric matching can be regarded as a form of affine

invariance.
Overall the correlation results have recorded a clear improvement and are

competitive with SIFT. This has not previously been demonstrated for

correlation descriptors.
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Chapter 4 Geometric Match for SIFT

4.1 Introduction

In this chapter we extend the concept of geometric matching to SIFT
descriptors. Manly of the concepts from Chapter 3 remain valid and we only

emphasize those that are different.

The SIFT descriptor is described in Sec. 2.3.1 It is most commonly a
descriptor of 4x4x8 dimensions which is composed from 4 x4 spatial
regions, and 8 orientations. It has become the most widely used of all point

descriptors for point recognition.

The main difference between the SIFT descriptor and the convolution
descriptor is the inclusion of orientation information. This motivates some

changes to our approach but the fundamental concept is unchanged.

In Figure 2.7 it can be seen that the SIFT descriptor has a precise geometric

meaning and that therefore its dimensions are not independent. A 2-d
Euclidean metric 4/i’ + j° exists between its spatial components, and a

similar 1-d metric u exists between its orientation components (although

globally the topology of orientation is different, this need not concern us).

4.2 Geometric Distance Metrics

The Euclidean distance metric on the SIFT descriptor differences as in

Figure 4-1.
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Figure 4-1: Standard Euclidean matching on the SIFT descriptor

matches corresponding components of space and orientation

Applying the concept of the geometric match, where we allow matching to

descriptors as in Figure 4-2.
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neighboring descriptor components in both space and orientation

This corresponds to a distance measure of
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corres Xi,j,o - yi,j,o
dspace_neigh = mlnm,n:—l,o,lm,n;to,o(Xi,j,o - yi+m,j+n,o)

dorienineigh = mlnr:—l,l(xi,j,o - yi,j,o+r)

— 1 * *
d - Z l’l’lll’l(d corres » kl d space neigh » k2 d orien _neigh )
i

(4.1)

Here i, j correspond to spatial position and o is the position in orientation. k;
and k;, are the penalty terms for spatial and orientation movement
respectively. This is the simplest form of geometric matching and
corresponds to (a) of Sec. 3.2.1. Other geometric match distances similar to
(b) - (d) of Sec. 3.2.1 are possible, however we will restrict ourselves to

the simplest formulation in this case.

4.3 Size, Weightings, Cascading, Smoothing

As in the case of a convolution descriptor, applying a geometric match
allows a size increase for the descriptor. For Euclidean matching, the
optimum SIFT descriptor size is 4x4x8. Use of geometric matching allows
this to increase to 6x6x10 and provides a commensurate increase in

performance.

We have not applied edge based weightings (as per Sec. 3.2.3) for the SIFT
in this implementation. This is because SIFT has a standard definition and
we want to facilitate comparison with this, and we have found the weighting

factor does not have a great effect.

Since the geometric match descriptor has more dimensions, it is
computationally more demanding. Therefore we implement it in a cascading
approach, as per Sec. 3.4. Thus, we use the standard 128-dimensional
descriptor matching to identify the best 15 matches, then use 360-

dimensional SIFT geometric matching for the final match.
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As per Sec. 3.3 we employ energy smoothing to make the matching more

consistent. Again this is similar to stereo matching, and we do it for both

the spatial and orientation dimensions.

4.3.1 Complexity and Timing

Table 4.1 shows a summary of the computation required in forming and

matching the descriptor (see Sec 3.46). In Table 4.1 below, G(I) denotes

Gaussian smoothing over the whole image, G(subP) denotes Gaussian

smoothing on a subset of the descriptor, Grad. denotes taking of gradients,

and Comp. denotes a comparison (subtraction and minimum operation).

As expected, there is a substantial increase in matching time as geometric

matching is increased.

Table 4.1: Geometric SIFT Timings

Descriptor Point Number
Image Descriptor Pixel Extraction | Matching of

Matching | Operations | Operations | Operations | Time (s) Time (s) Points
Geometric

Matching 8 Grad,

4-Spacial 4G(I) 8*16G(SubP) 4 Comp. 1.9 83 1000
Geometric

Matching

4-Spatial,

2 - 8 Grad,
Frequency 4G(I) 8*16G(SubP) 8 Comp. 1.9 161 1000

4.4 Experimental Results for SIFT Matching

In this section we present experimental results on the same Oxford image

sets and using the same DoG points as previously.

We present data sequences results for
= SIFT descriptors with Euclidean matching - ‘SIFT’

= SIFT descriptors with geometric matching - ‘Geom SIFT’
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Table 4.2: Parameters of the experiments

Experimental Parameters

Number of initial DoG

1000
points

Dimensions

4x4%x8
(1st level)
Dimensions

6x6x%x10
(2nd level)

Geometric match type

Simple neighbors
(space and

orientation)

K; Central weighting

extraction

(spatial) 25
K, Central weighting L5
(orientation)
® Energy smoothing
factor 0-3
Timing for interest
point and descriptor 1.9s
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Figure 4-3: Various changes to matching rate in SIFT matching.

Table 4.3: Summary Statistics

Textured | Structured | Viewpoint Scale Blur All
SIFT 17.96 29.81 18.93 19.90 34.48 32.67
Geom SIFT 21.94 33.51 23.48 | 246.30 36.51 35.28

4.4.1 Discussion of Results

The experimental results above show that use of geometric matching for
SIFT also improves performance in most cases. Under scale change Figures

4-3 (a) and (b) show that geometric matching generally delivers some
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improvement in matching. For blur change, Figures 4-3 (c) and (d) the
geometric match again makes less of a difference (this may be because blur
already has a high matching performance). For viewpoint change Figures 4-
3 (e) and (f) we again see that the geometric match gives a significant

improvement.

Again, no significant difference between structured and textured images is
observed. The improvement in performance occurs for both textured and

structured images.

For Figures 4-3 (e) and (f), illumination and JPEG, we see no improvement
from the geometric match. This is reasonable since they do not distort the

image in spatial manner that the geometric match can respond to.

As previously, the geometric improvement seems to generally be smaller for
the first image in a sequence and grows larger for successive ones. This
again suggests that geometric matching has similarity to affine invariant

methods.

These results demonstrate that the geometric matching concept is not
restricted to spatial dimensions, and can also be applied to orientation.
However, the performance improvement here depends on increasing the
dimensionality of the descriptor to 6x6x10 for the second level matching.
Overall, the improvement in performance seems to be similar or slightly

lower than for the correlation descriptor.

The results here recorded relate to fairly gentle ‘stereo’ smoothing. Superior
performance could be obtained by applying this more aggressively, at a cost

of greater compute time.

It is noteworthy that it is able to improve SIFT performance since SIFT has
been a standard for interest point matching for some years. SIFT
performance has only previously been clearly bettered by methods that
include a prior learning stage (e.g. [45]) or by some formal affine invariant
methods (e.g. [73]).
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Chapter 5 Geometric Match for Gabor

5.1 Introduction

In this chapter we extend the concept of geometric matching to Gabor
descriptors. Again, many of the concepts from previous chapters remain

valid and we only discuss those that are different.

The Gabor descriptor is described in Sec. 2.3.4. We have used a basic
descriptor of 4x2x2 dimensions which is composed from 4 orientations, 2
phases, and 2 frequencies. It is therefore a low dimensional descriptor of 16

dimensions.
Thus the Gabor descriptor includes frequency, phase and orientation
parameters. The main difference between the Gabor descriptor and the

previous descriptors is that it has a specific localization in frequency space.

Also, it lacks the finer gradation of spatial regions that the others possess.

113 |
¥ |

»
»

frequency

phase
Figure 5-1: Four components in wavelet transform.

We can use the same diagram as for SIFT to represent the Gabor wavelet.
However, here the horizontal and vertical dimensions do not simply

represent spatial geometry, they represent phase and frequency.

In Figure 5-1 and from consideration of the nature of these parameters, it
can be seen that frequency admits a 1-d Euclidean metric, phase admits a
1-d Euclidean metric, and orientation admits a 1-d Euclidean metric (at
least locally). Thus geometric matching for the Gabor descriptor occurs in 3

different linear dimensions.
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5.2 Geometric Distance Metrics

The Euclidean distance metric on the Gabor descriptor can be seen in Figure

5-2 (or in the form of Figure 4-1).

Figure 5-2: The standard Euclidean difference on the Gabor

wavelet simply differences corresponding components

Applying the concept of the geometric match, where we allow matching to
neighbour dimensions in frequency, phase and orientation, gives a distance

between descriptors as in Figures 5-3 and 5-4.

X
¥

Figure 5-3: Geometric Gabor matching differences the neighbors
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in space, frequency and phase
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Figure 5-4: The neighbors in space, frequency and phase

corresponds to these components of the descriptor vector

Applying these differences, and maintaining a weighting for the Euclidean

corresponding point, gives a difference metric of-

corres — Xf,p,o - yf,p,o
freq _neigh = rnll’lr:—lorl(xf,p,o - yf+r,p,0)
phase neigh — Il’nnr:—lorl(xf,p,o - yf,p+r,o)

orien _neigh = mlnr:—l,l(xf,p,o - yf,p,0+r)

— 1 * * *
d - Z 1Tun(dcorres ’ kl d freq _neigh» k2 d phase _neigh > k3 dorien_neigh)
i

o O O o

(5.1)

As previously, the parameters ki, k>, ks must be determined empirically for

best performance.

5.2.1 Affine Invariance

The parameter k1 allows the wavelet convolution in a given direction to
vary in frequency space. This corresponds to a scale change in that
direction, which is an affine transform. By allowing unequal scale changes in
different directions, together with rotation invariance, we have an
approximation to an affine transform. Effectively we are estimating 3 of the
4 non-translation parameters of an affine transform. Geometric matching
for correlation and SIFT descriptors also allows some kind of affine

invariance, but in a less explicit manner (although it maybe more effective).
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5.3 Size, Weightings, Cascading, Smoothing

As previously, applying a geometric match allows a size increase for the
descriptor. For Euclidean matching, the optimum Gabor descriptor size is
4x2x2 (orientation, phase, frequency). Use of geometric matching allows
this to increase to 6x2x2 and provides a commensurate increase in

performance.

For simplicity, edge based weightings (as per Sec. 3.2.3) are not used in
this implementation. However a cascading operation, as per Sec. 3.4 is
used. We first match with the lower 16-dimensional descriptor, then do

geometric matching with the 24-dimensional descriptor.

Similarly we can use an energy smoothing factor, as per Sec. 3.3, to

smooth the matches and make them more consistent with one another.

5.3.1 Complexity and Timing

Table 5.1 shows a summary of the computation required in forming and
matching the descriptor (see Sec 3.46). In Table 5.1 below, G(I) denotes
Gaussian smoothing over the whole image, Gabor denotes Gabor filter
application, Grad. denotes taking of gradients, and Comp. denotes a
comparison (subtraction and minimum operation).

As expected, there is a substantial increase in matching time as geometric

matching is increased.

Table 5.1: Geometric Gabor Timings

Point

Number

Descriptor

Matching

Image
Operations

Descriptor
Operations

Pixel
Operations

Extraction
Time (s)

Matching
Time (s)

Points

Geometric
Matching
2_
Orientation

4G(I)

16*Gabor

2 Comp.

1.9

18

1000

Geometric
Matching
2_
Orientation,
2 -
Frequency

4G(I)

16*Gabor

4 Comp.

1.9

33

1000

Part IV Applications and Conclusions

79




5.4 Experimental Results for Gabor Matching

In this section we present experimental results on the same Oxford image

sets and using the same DoG points as previously.
We present data sequences results for

= Gabor descriptors with Euclidean matching - ‘Gabor’

» Gabor descriptors with geometric matching - *Geom Gabor’
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Table 5.2: Parameters of the experiments

Experimental Parameters

Number of initial DoG

points 1000
Dimensions 16
(1st level) (4orix2freqx2phase)
Dimensions 24
(2nd level) (6orix2freqx2phase)

Geometric match type

Simple neighbors

(orientation linear)

Gabor wavelet A 25.0
Gabor wavelet o 10.5
Y 1
K Central weighting I8
(orientation)
Timing for interest
point and descriptor 7.60s

extraction

Matching Rate %
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Figure 5-5: Various changes to matching rate in Gabor matching.

Table 5.3: Summary Statistics

Textured | Structured | Viewpoint Scale Blur All
Gabor 8.76 15.60 10.82 5.38 21.62 20.05
Geom Gabor 10.12 17.12 12.61 6.59 22.94 21.08

5.4.1 Discussion of Results

From Figures 5-5 (a) - (f) above we can see that geometric matching
provides a much smaller improvement for Gabor descriptors. Also, since
Gabor descriptors are a low dimensional descriptor they have an overall
lower performance than SIFT or correlation. Nonetheless, some small
improvement is evident for scale, blur and viewpoint change. Also, the
distinction between structured and textured again makes no significant

performance difference.

For illumination and JPEG we see no improvement from the geometric

match.

These results demonstrate that geometric matching can provide a small
improvement for this Gabor descriptor. However, it is much less than that
recorded for SIFT and correlation descriptors. This seems to be because the

Gabor descriptor is primarily an orientation based descriptor, while
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geometric matching responds most strongly to spatial information. Better
performance may be achievable if we had more frequency values rather
than just 2, and also more orientations. The smaller improvement in
performance is also related to this being a 16-dimensional descriptor, while
correlation and SIFT have > 100 dimensions. Geometric matching seems to

respond most effectively to higher dimensional descriptors.

The standard Gabor results here are also higher than other authors have
reported for low-dimensional descriptors. The geometrically matched Gabor
descriptor therefore outperforms other popular low-dimensional methods

such as steerable filters [36, 70].

Part IV Applications and Conclusions 85



Part IV Applications and Conclusions 86



Part III Dense Point Detectors
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Chapter 6 Dense Point Detectors

6.1 Introduction

In this chapter we give a general introduction to the ideas that will be used

in the following 3 chapters.

In Sec. 2.9 some of the limits of current detector based methods were
discussed. Ideally, we seek a detector method that combines discriminative
power with the ability to deal with many different classes or points
simultaneously. The primary motivation for this is that current detectors
such as DoG or LoG points do not necessarily correspond to class
discriminative points. DoG and LoG are non-descriptor, or gradient/scale-
space based detectors, and are largely independent of descriptor properties.
An example of a descriptor-based detector is the Viola-Jones detection
scheme. We would like to combine some properties of the Viola-Jones

model, with some of those of the standard detector method.

To perform effectively in the problem of class recognition we believe that
descriptor based detectors (such as Viola-Jones templates) are critical.
Unlike the Viola-Jones method however, we do not want to use descriptors
that are specifically selected for each individual class. Rather we seek a
method that uses standard descriptors but that can deal with many classes
simultaneously. A key aspect of this is that we must use dense detectors
i.e. descriptors need to be calculated at every image point, and point

selection is based on the descriptor.
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Figure 6-1: Dense interest point descriptors.

Figure 6-2: Sparse interest point descriptors.

Sparse point detectors have been the most popular in computer vision for
the last 10 years [62, 68]. Dense detectors have tended to be avoided
partially due to the computational cost of constructing and matching them.
They have however been used in [104, 99]. For illustration see Figures 6-2
and 6-2.

Definition 6.1: A dense detector is one that calculates a descriptor at
every image point. A sparse detector is one that calculates a descriptor

at only a subset of points.

For the reasons outlined in Sec. 2.3.4 we believe that Gabor wavelets are
very suitable for this task. The Viola-Jones primitives themselves are similar
to a discretization of Gabor wavelets. A principle here is to generalize parts
of the Viola-Jones concept to a general interest point setting. If we are
using Gabor wavelets, what is the best way to do this? The Viola-Jones

templates are carefully selected in a sequence specific for a particular class.
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A large number of templates are needed to achieve reliable single class

recognition. How then can we generalize this to many classes?

If we examine the Viola-Jones scheme, it applies a filter at each step, and
then compares this to a binary threshold. This is a lookup into a 1-
dimensional space (see Figure 6-3). Thus a specific sequence of 1-
dimensional lookups is required to obtain discriminative power for a single

class.

v

Figure 6-3: Viola-Jones recognition performs a 1-dimensional

lookup at each point.

If we are using general 1-dimensional templates, not optimized for a
particular class, such a sequence is unlikely to be discriminative. One
obvious generalization of this is to change it from a lookup into a 1-
dimensional space to a lookup into a higher dimensional space. By using
general templates, such as Gabor wavelets, we lose discriminative power
for a class, compared to using specifically selected templates. However, by
using higher dimensional templates and lookup into a higher dimensional
space we gain discriminative power. Thus there is a tradeoff between
generality and dimensionality. Using more dimensions for the lookup,
compared to Viola-Jones, allows us to use more general templates while
maintaining discrimination. Such higher dimensional templates can be
formed by using a set of Gabor wavelet filters, each filter providing 1-
dimension. In such a way, a set of Gabor wavelets can provide an n-
dimensional descriptor at each point. We then perform lookup into an n-
dimensional space to determine the object at that point. Effectively we are

doing interest point descriptor matching at every point.
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Aspects of the Viola-Jones scheme that we have not emulated are the
cascading operation or the use of Adaboost, which many consider are its
main features. Cascading operation is something we may introduce in future
but is not currently a part of our algorithm. We do not use Adaboost since
we want generic descriptors suitable for many simultaneous classes. Here
the aspect of the Viola-Jones scheme that we are interested is that the
descriptor is the detector, and it performs a recognition lookup on every

point.

6.2 The Point Descriptor

Since we are looking to compute a descriptor for each point in the image we
seek a descriptor that is computationally efficient. For the class recognition
case it is also critical to be of low dimensionality. A popular descriptor such
as SIFT is not suitable there since it is of high dimension. The main reason
is that high dimensionality adversely affects computing the nearest
neighbour by approximate methods [12]; it also increases the storage
requirements (see Figure 6-8). Similarly we dispense with affine invariant or
other special descriptors for reasons of computational complexity. Gabor
wavelets are able to form a low dimensional descriptor and also provide

good matching performance.

Various studies (e.g. [63, 93]) have shown that orientation is a critical
property for point descriptors. Even for a low dimensional descriptor we will
therefore apply Gabor filters of at least several different orientations. Being
a frequency localized function, Gabor wavelets also have a phase (see Eq.

2.5). To be phase independent we will use a Hilbert transform couplet, i.e.

pairs of wavelets with a phase difference of % We have found frequency is

not as critical as orientation for descriptor matching, so we will generally
only have a small number of frequencies. Our default basic descriptor is a
16-dimensional vector - 4 dimensions for orientation x 2 for phase x 2 for
frequency (Figure 6-4). Thus we are applying a Gabor wavelet filter bank to

the image.
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Figure 6-4: The Gabor descriptor we calculate at every pixel.

Although we are using a Gabor wavelet descriptor here, it is possible to use
many different descriptors with dense descriptor detection. To some degree,
performance depends on how the dense descriptor is implemented not the
descriptor itself. However, one key condition for class recognition is that it is
a low-dimensional descriptor to allow accurate approximate nearest
neighbour matching (see Sec. 6.3.1). For point-to-point matching higher

dimensional descriptors may be better.
Other Descriptors

The dense descriptor concept does not intrinsically depend on any particular
descriptor. We use Gabor wavelets simply because they have demonstrated
good performance on structure matching tasks. We believe color and
texture dense descriptors could also be superior in some situations. This is
because some classes are intrinsically more easily discriminated by color or
texture than by structure. We will later be using an example of a dense

histogram application.

6.3 Dense Descriptor Matching

Having calculated a descriptor at each point we then perform a lookup into
the space of enrolled descriptors. This is effectively standard interest point

matching, but requires some changes in this case.

In the Viola-Jones scheme the lookup is a 1-dimensional threshold
comparison (see Figure 6-3). This is possible because a 1-dimensional
space can be completely divided into two parts. A higher dimensional
Euclidean space does not afford this topological possibility. In such a space
we will use the Euclidean distance as our decision function. Straight nearest

neighbour matching is not appropriate since not every point has a match in
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the database. Therefore we perform Euclidean nearest neighbour matching

with an additional threshold distance as

1

Qxl —y | %, = yo| K X, - yn|2)2 <threshold where X is an image point,

and Y is an enrolled database point (Figure 6-5).

&)

Figure 6-5: Dense matching in 2D.
Performing a 2-D lookup at each point, as compared to Viola-

Jones 1-D lookup of Figure 6-4.

6.3.1 Approximate nearest neighbour

Since we are not doing database point matching for a small set of points (as
per sparse descriptors) but potentially for every image point, we want to
accelerate this as much as possible. Thus approximate nearest neighbour

matching is critical for dense descriptors [8, 12].

The method we have developed for this involves partitioning the descriptor
space into a number of bins and then restricting our search to a certain bin
or bins. The way this has been done differs from other well-known
algorithms. This allows a substantial speed up in matching performance,

and obtains the correct match a high proportion of the time.

We give an example assuming we are using a Gabor wavelet of 8-
dimensions e.g. 8 orientations, or 4 orientations & 2 phases. Since the
wavelets are set to zero mean, we can partition each dimension into 2

sections or bins, [-co0, 0], [0, o] (see Figure 6-6). Then we have partitioned
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the descriptor space into 256 bins. Empirically, we have found this partition

gives good performance.

Figure 6-6: Approximation in space.
Dividing up the descriptor space into binary bins, then searching
with in those. Here we illustrate the 2D and 3D case. In practice

our descriptor space is of higher dimension

This can be implemented in C++ using a vector in a high-dimensional data

structure.

Enrolment

For each image point, the 8-dimensional descriptor values are used to place
this point into one of the 256 bins. In the simplest implementation, that is
the end of the enrolment process. In recognition on a new image, we then
simply iterate through the points in that bin to find L, matches below the

threshold value.

Figure 6-7: Principles of approximation methods.
Approximation methods speed up matching by restricting the
search to 1 bin, but introduce errors if the nearest neighbor is

outside the bin. In high dimensions this has an increased chance.
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This simple algorithm gives poor results in practice because under viewing
changes the descriptor values of a matched point will always have changed
slightly, and this may have tipped the point over into an adjacent bin (see
Figure 6-7). During point enrolment we therefore enroll the point not only in
the bin in to which its descriptor corresponds (its native bin), but also to
any other bins within a descriptor radius d of the point. We are therefore
enrolling the point in any bins that intersect the hypersphere of radius d
around the point (Figure 6-8). d can be set appropriately for the particular
data we are dealing with. The optimal value of d is a statistical property of
the data and the application on hand. For points that lie deep within their
bin (i.e. have large values for all dimensions) it may be that no other bins
are within d of the point. In such a case the point is still only enrolled in one
bin. However, for a point whose descriptor values are close to the origin, it

could conceivably be enrolled in all 256 bins.

Figure 6-8: High dimensional similarity search.
Searching in nearby cells produces a circle in 2D, a sphere in 3D,
and we use a hypersphere in high dimensions. Higher
dimensionality dramatically increases the number of bins that

must be searched within the hypersphere.

Recognition

During the recognition of a new point we iterate through the bin to find the
minimum L, match, recording the current minimum. Practically, this means

iterating through the vector data structure for that bin. We do this for all
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bins within a hypersphere of radius f of the point, if the distance to that bin
is less than the current minimum. In this way, the hypersphere is effectively
used twice — when points are enrolled in the bins, and in determining
nearby bins during recognition (Figure 6-9). This adds complexity to the
algorithm - the enrolment process is somewhat slow - but it speeds up
recognition. This is a deliberate choice we have made, since enrolment only
occurs once and we can accept some slowness in this process. It is more

important that recognition thereafter occurs quickly.

“\
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Figure 6-9: Common area in hypersphere.
Enrolling in a hypersphere around a point and then searching in
another hypersphere around the other point, allows smaller

hyperspheres to be used.

It can be seen from Figure 6-8 that increasing the dimensionality
dramatically increases the total number of bins, and also the humber that
intersect the hypersphere. The total number of bins determines storage
requirements; the number that intersects the hypersphere determines
computation time of a match. This provides a good demonstration of the

‘curse of dimensionality’.

A popular alternative algorithm for approximate nearest neighbour
calculation is Best Bin First [12]. Like our algorithm this uses the concept of
the hypersphere. However, it only uses it once, during recognition lookup. It
does not use it during point enrolment. In that way we believe our
algorithm makes more efficient use of the data. The cost of this is that our
algorithm is slower during enrolment and has more elaborate storage
requirements. Both the BBF and our algorithm are based on approximating

the hypersphere with n-cubes (n-dimensional ‘cubes’) but our algorithm
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shifts more of the computation to the initial enrolment, rather than each
recognition lookup. Figure 6-10 illustrates the main idea. Nearest neighbour
matching is not the main object of this thesis, therefore we have not

conducted a rigorous study comparing it to BBF.
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Figure 6-10: High dimensional search.

We can see that the area of the 2 smaller circles together is
smaller than the area of the single circle. Thus both enrolling and
searching in a hypersphere is more efficient than just searching in
a hypersphere. In high dimensions the effect has a much greater
difference. This corresponds to a smaller number of bins to search

and matches to perform.

6.4 Further Aspects

For the most common matching tasks we have found that strong descriptor
points are consistently more reliable or useful for matching. Strong
descriptors are indicative of clear or strong structure in the image. Weak
descriptor points are indicative of an absence of clear structure in the image
at that point e.g background, clutter, walls, sky, etc. Weak descriptor points
tend to give more random measurements when re-imaged with viewing

changes.

For this reason we select only those points in the top p% of all points by
descriptor length. Descriptor size is taken as the Euclidean length, L,. We
can vary p according to the given task. For simple point matching p can be
quite small, e.g. we could choose only those points in the top 5% of length.

For class matching, we should allow a greater p. This is because we need to
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find those points that are class discriminative and these points may not
necessarily be very strong. i.e. it is possible to have class discriminative

points based on image structure of medium strength.

One of the key features of this approach is that points can be enrolled in the
database by any criteria. Points could be enrolled in the database for their
stability, distinctiveness, class discrimination, etc. Every point in the new
image is tested for a Euclidean distance match, without regard to the
criteria by which points were entered in the database space. This is different
from the SIFT approach, for example, whereby points are enrolled and
detection according to the same criteria like maximum of DoG. Inherent in
our approach is a fundamental asymmetry between enrolment and
recognition (which SIFT, for example, does not make). This allows more

flexibility in recognition tasks.

How is this approach different from

traditional interest point usage?

€ Points are first enrolled in a database according to any criteria, such

as class discrimination power, rather than DoG or LoG

€ A multi-dimensional descriptor is calculated for each image pixel and
matching can be done for each pointi.e. it is a dense method.
Generally, however, we only do matching for the strongest p% of

points.
€ Matching is done according to a Euclidean matching distance <
threshold, rather than simply nearest neighbour. This is since not

every point in the database will have a corresponding image point.

€ Matching requires a fast approximate nearest neighbour algorithm
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There is some limited similarity between our approach and the 'Biological’
model (Sec. 2.4, or [93]) since both use Gabor wavelets. However the
‘Biological’ model is less flexible in that it always selects the maximum point
from an 8x8 pixel window, and that it extracts a fixed number of interest
points from the image. Enrolment and recognition of points are also

symmetric, so it can only recognize similar points (maxima in 8x8 window).
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Chapter 7 Dense Point-to-Point Matching

7.1 Introduction

In this chapter we will use the ideas of the previous chapter to implement a
practical recognition system for point-to-point matching. Having developed
a plausible recognition framework in the previous chapter, we now want to
see if it can give good results in practice. Specifically, we are interested to

see if dense methods can give results competitive with detector/descriptors
such as DoG and SIFT.

7.2 Point Selection for Point-to-Point Matching

The previous chapter outlines a recognition scheme but some key issues
were not addressed. One of the main ones was, by what criteria should
points be initially selected? i.e. how do we select points in the first place to

enroll in the database?

In enrolling or selecting points for point-to-point matching our main aim is
to achieve high point recognition under image viewing transformations. For
example, if we select points from an image we want to be able to accurately
locate them under a perspective or scale change. Ideally we want points

that are robust under all the image variations listed in Sec. 1.1.

If we have calculated descriptors for all image points, what points are the
most repeatable? If we were to match descriptors for all image points
against one another, what characterizes those points that we can locate
again most reliably? Since we are matching by distance to descriptor points
in a database, what we seek are descriptors that are stable. Are there some

properties of the descriptor that indicate stability?
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Descriptor Length

An obvious one to try is descriptor /length which is determined by the
presence of structure in the image. A simple measure of length is the
descriptor L, (the descriptor is an n-dimensional vector). Indeed, when we
have tested this we do find that it is a good predictor of descriptor stability.
Those points with strong descriptors tend to remain of reasonably
consistent value after viewing changes (see Figure 7-1). Moreover, the
strongest points exist in sparse regions of the descriptor space and are
therefore robust against matching to other points (Figure 7-2). However,
length is a very simple parameter; there may be more sophisticated ones

that are even more stable.

(a) (b)

Figure 7-1: Strong and weak features.
Here an image undergoes a small rotational transform (a), (b).
Stronger image features have longer descriptors which change
less proportionately compared to weaker features. This makes

strong features better for recognition.
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Figure 7-2: Histogram of descriptor length.
If descriptors calculated at every pixel for a typical image (a) we
obtain a histogram as per (b). As the length increases the number
of points tapers off. This results in a dramatic reduction in

descriptor space density for strong points.

Descriptor Space Density Measurement

Another idea is to look for point descriptors that are in sparse or low-density
regions of descriptor space. These might be less likely to get mistaken for
other points, compared to points in dense regions. In dense regions there
are many other points with similar descriptor vectors which, under re-

imaging, could be mistaken for the correct point (see Figure 7-3).
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Figure 7-3: Descriptor point strength related to density in descriptor space

Measurement of the density of regions of descriptor space is non-trivial.
Since we are already partitioning the descriptor space into a number of
bins, e.g. 256, we could just look at the number of points in each bin and
take this as a density measure (Figure 7-4). In experiments we have found
this to offer poor performance. The descriptor bins are too coarse a scale

over which to measure density.

Figure 7-4: Measuring density by using feature bin.
One way to measure the descriptor space density around a point
is to measure it for its bin, i.e. count the number of points in its
bin.
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Another way to determine density is to look at the local region around a
point in descriptor space. As shown in Figure 7-5, by looking at the distance
to the nearest neighbour in the enrolment image, or the number of such
neighbors within a certain radius, we can measure density. Such
calculations are more computationally complex to make, but we have found
they do indicate matching performance to some degree. i.e. local density
does give some matching performance information, but larger scale density
measures do not. However, the density effect is not very strong. The length
of a descriptor is a much better indicator of its matching performance than

the descriptor region density.

Figure 7-5: Measuring density by using radius.
Another way to measure the descriptor space density around a
point is to calculate the number of points in a certain radius. This

is more computationally demanding but gives better results.

Transformed Image Descriptor Stability

Another idea is to apply a small synthetic transform to the image and see
how the descriptor changes. For example, we could apply a small affine
transform or a Gaussian blur, and examine how much the descriptor
changes. A point descriptor that changes only a little is stable and therefore

that point is propitious for further usage.
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Adescriptor = \/ < (di (image(x,y))- di (transformed image(X,Y)) 2 )

di is the it element of the descriptor vector d (7.1)
X X
Y =Hly
1 1

H is the homography between the 2 images.

For example, in Figures 7.1 (a) and (b) above a small rotation is applied
between the images. We then test corresponding points to identify those

points whose descriptors that have a minimum change.

In general we have found this quantity gives good results i.e. small
descriptor changes under an applied image transform are indicative of a
stable point, and give good matching performance. In testing we have
found this approach to give best results when it is used in conjunction with
descriptor length. This has excellent performance, better than descriptor
length alone, or any other parameters we tried. We first select those points
with a strong descriptor response, then sort these by the change in the
descriptor under a small transform. The transform we have generally used
is a small rotation and blur, but a general affine transform would give better
results. We have used a rotation and blur only for computation speed. We
then select those points with minimum descriptor change in the number we
need for a given application. One other benefit of this method is that we can

choose however many points we need, unlike traditional detector methods.

Effectiveness of Dense Point

Selection Quantities

Descriptor space low density

measurement

Descriptor stability under image

transform

Descriptor length

Descriptor length & stability under

image transform
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Summary of Dense Point Matching Method

Point enrolment-

€ Descriptors are calculated for every point.

€ The longest p% of points are selected for further processing

€ Those points with the minimum descriptor change under an applied

image transform Eq. (7.1) are enrolled

Point recognition-

€ Descriptors are calculated for every point.

€ The longest p% of points are subject to approximate nearest

neighbour matching

Table 7.1: Comparison of dense and sparse interest point matching

Dense Interest Point Method

Sparse Interest Point Method

Descriptors at every point

Descriptors at sparse points

Points selected by descriptor length,
and stability under

image transform

Points selected by image scale

space properties (e.g. DoG, LoG)

The main advantages of this method, compared to traditional point

matching are

* 6 0 0
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Higher matching or recognition rate

Achieves good matching rate with low dimensional descriptor
The number of points in the image can be controlled

The image density of points can be controlled




Having selected the points we then enroll them in the descriptor space for

approximate nearest neighbour lookup, as per 6.3.1.

7.3 Point-to-Point Matching System

We now discuss the implementation and performance of a point-to-point
matching system in more detail. We have seen that the length and stability
of a point descriptor under an image transform gives a good indication of its

usefulness; we therefore develop this approach.

(a) (b)

Figure 7-6: Descriptor changes.

For (a) and (b) the rotation angle is 13.9° and the scale reduction
is 12%. We look at the size of the descriptor change for image

points.

In the example of Figure 7-6 we have applied a small rotation and a scale
reduction. Ideally we would like an infinitesimal change in both, since we
want to determine the descriptor stability at exactly that point. Descriptors
are then calculated for every point in the original and transformed image.
Since the transform is synthetically applied, we can exactly calculate

corresponding points.
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(@) (b)

(c) (d)
Figure 7-7: Stable and strong points.

(a) An image and (b) a color map of its descriptor lengths. The
strongest responses indicate the strongest structure in the image.
(c) We select the strongest points for further processing. Here we

have taken the longest ~10%. From the strongest points we
apply a small rotation and blur. (d) Those points with minimum
descriptor change are considered the most stable. They are our

final points selected.

Points are selected by-
1) descriptor length > p* percentile or threshold

2) minimum Adescriptor by Eq. (7.1)

Points selected are then enrolled in the descriptor space. The number of

points can be chosen for a given task.
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Figure 7-7 (b) shows the boat image from Figure 7-7 (a) colored with a heat
map according to the length of the descriptor. We can see in that strong
points tend to be in connected regions that follow image structure. In some
cases these are characterized by the presence of edges, in other cases by
the coincidence of groups of edges or structure. Those plain or background
areas produce few strong points as expected. From this the strongest 10%
of points are extracted and these are shown in Figure 7-7 (c¢). These also
are related to the main image structure. From these strongest 10% we then
identify the most stable descriptor points by use of the applied synthetic
transform Eq. (7.1), and these are shown in Figure 7-7 (d). It can be seen

that it tends to identify the perimeter of the regions and structure from (b).

These stable points are our final selection. We can then subject them to
experiment testing to determine how effective they are for recognition

purposes.

7.3.1 Complexity and Timing

Table 7.1 shows a summary of the computation required in forming and
matching the descriptor (see Sec 3.46). In Table 7.1 below, G(I) denotes
Gaussian smoothing over the whole image, Gabor(I) denotes Gabor filter

application, and Comp. denotes a comparison (subtraction operation).

Table 7.2: Dense Point Timings

Descriptor Point Number
Image Pixel Extraction | Matching of
Matching | Operations | Operations [ Time (s) | Time (s) | Points

Euclidean | 4G(I), 16 *
Gabor(I) 1 Comp. 6.54 12 1000

7.4 Experimental Results for Dense Point Matching

In this section we present experimental results on the same Oxford image
sets as previously used. We use sparse low dimensional Gabor results as a

benchmark.
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We present data sequences results for
= Dense Gabor descriptors - ‘Dense Gabor’
= Traditional or sparse Gabor descriptors. These are of the same 16

dimensions for comparison - ‘Sparse Gabor’
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Table 7.3: Parameters of the experiments

Experimental Parameters

Number of initial

points selected by 2000
length
Number of final points
selected for stability & 1000
length
Dimensions 16

(4orix2fregx2phase)

Descriptor space bins 256
Descriptor space 0.1
enrolment radius
Gabor wavelet A 28.0

o 8.4
v 1
Synthetic rotation 0.1 rad
Synthetic blur 0.1
Timing for interest
point and descriptor 6.54s

extraction

One fundamental question is how many dimensions the descriptor should
be. Figure 7-8 shows a maxima ~ 16 dimensions and we adopt that for

further usage.
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Figure 7-8: Descriptor matching rate vs number of dimensions.
For dense Gabor points matching performance reaches a
maximum ~ 16 dimensions. The addition of more dimensions

(e.g. more frequencies) does not improve performance.

Another important question is whether matching performance depends
strongly on the number of points selected from the image. In Figure 7-9 we

see that this is not so.

Matching Rate vs No. of Interest Points

35
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Figure 7-9: Descriptor matching rate vs number of points.
Matching performance does not strongly depend on the nhumber of

interest points selected.

It is also interesting to see how the matching rate varies as we allow the
pixel localization error to increase. This error is the difference in pixel

location from the exact homography calculation between the corresponding
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images. Increasing this means we are allowing more generous definition of
a successful match. We can see in Figure 7-10 that this does have a

reasonable effect.

Pixel Localization Error vs Matching Rate
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Figure 7-10: Matching rate vs pixel localization error.
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(d) Textured blur change
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(f) Textured viewpoint change
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UBC Sequence Matching Rate - Dense Match
Image 1-> Others (JPEG compression)
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(h) JPEG compression change
Figure 7-11: Dense and traditional Gabor matching rates for various image

variations

Table 7.4: Summary Statistics

Textured | Structured | Viewpoint Scale Blur All
Sparse Gabor 7.57 9.55 9.08 3.71 13.50 15.33
Dense Gabor 8.78 13.76 10.06 5.37 19.44 18.76

7.4.1 Discussion of Results

From Figures 7-11 (a) - (h) we can see that dense matching generally
delivers higher matching than sparse Gabor matching. For most sequences
the improvement is modest. However, for textured scale change (b),
structured blur results (c) and the illumination sequence (g), it delivers a
large improvement. The improvement seems to be bigger for scale and blur
change than viewpoint variation. Again, no significant difference between

structured and textured series is observed.

These results are interesting since effective point matching using dense
descriptors has not been demonstrated previously - the most successful
methods have all been sparse methods. This indicates that dense methods

could become a competitive tool for point-to-point matching.
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The standard Gabor results here are also higher than other authors have
reported for low-dimensional descriptors. We suspect that is because we
have spent some time optimizing our Gabor wavelet kernels. The matching
results for the dense descriptor outperform all previously documented low
dimensional methods. Dense point matching is more suitable for low
dimensional descriptors. For example this descriptor markedly outperforms
steerable filter performance in [70] which has the highest performance of

the low-dimensional methods tested therein.

Part IV Applications and Conclusions 118



Part IV Applications and Conclusions 119



Chapter 8 Dense Object Class
Discrimination

8.1 Point Selection for Object Class Discrimination

In the previous chapter we selected points for point-to-point matching. In
this chapter we have a similar framework but we select points for

discrimination between classes of objects.

In selecting points for class discrimination we seek those points that
effective for determining the presence or absence of a given class. In
general, such points correspond to structure that is consistent for the class,
but does not occur for non-class members. To select such points we need

some way to quantify this discriminative ability.

We begin with a set of images for some class and a set of non-class images.
Since we are using dense methods, we then calculate descriptors for every
pixel in every image, and populate these into a descriptor space data
structure (see Figure 8-1). This will generally be a high-dimensional bin
structure suitable for approximate nearest neighbour matching, as
described in Sec. 6.3.1.

How then can we determine what points are the most discriminative? We

seek a simple metric that can indicate discriminative ability.
Formal Classifiers such as SVMs

A formal classifier, such as a linear Support Vector Machine (SVM) is
normally used to test points or images. In principle it could also be used to
select new points. However it is inefficient when used for point selection on
thousands of points such as entire image sets (since it involves numeric
optimization of quadratic equations). What we want in enrolment is a simple

measure that can easily calculate discriminative power for large numbers of
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points. What is such a simple measure which gives an indication of class

discriminative power and can be used for point selection?

As with the point-to-point matching case we have found that points with
small descriptors tend to give less reliable response. Therefore we first of all
subsample by those points with a descriptor in the strongest p%. However,
we take a larger proportion of points in the class matching case compared
to point matching. This is because the most discriminative points may not
be the strongest i.e. some weaker points may still be discriminative. Thus
descriptor length is not as important an indicator in class discrimination as it
is in point matching. As previously, the point descriptors are then
partitioned into bins to approximate the position in descriptor space. Since
we are selecting more points by length, approximate nearest neighbour
methods are even more important. Also, in this case we have a class label

for each point.

A4

Points in the mixed region are less Points in the region of class purity offer
propitious for discrimination better prospects for discrimination

Figure 8-1: Two classes of 2-D data

Clustering methods

Those points that are propitious for class recognition tend to exist in class
clusters within the descriptor space. Those clusters of points constitute class
‘purer’ regions of descriptor space. As in the point-to-point case larger scale

measures of class purity (such as entire bins) do not give good results. We
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therefore seek to determine class purity based on local neighbors of a point.
Unfortunately, formal clustering methods such as k-means are
computationally expensive, may have other drawbacks, and are unsuitable
for fast enrolment. If we dispense with such more exact methods,

remaining simpler methods include

= The proportion of same class points within a certain distance
* The number of same class points within, say, 10 nearest neighbors

= The distance to neighbors of same and different classes
These are all quite similar measures and we choose to use the last of these.
Distance to Class and Non-Class Neighbors
A simple index can be obtained by looking at the distance from a point to
neighbors of the same class, and non-class neighbors. This is an

approximate measure of the local purity of the descriptor region as per

Figure 8-2.
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Figure 8-2: The distance to nearest neighbors indicates class
purity,
Looking at the distance to nearest within class and out of class
neighbors within a spatial bin, gives a simple and quick measure
of the local class purity. We do this in high dimensions for interest

point class recognition.
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For every point (descriptor length > p* percentile or threshold) we calculate
the ratio

distance to nearest neighbour same class

discrimination = — . .
distance to nearest neighbour different class

(8.1)

After sorting, those points with a low value are selected as being
discriminative for this class. Determination of discrimination by
characterizing the local neighbors is an alternative to popular methods like
SVM'’s or clustering. Compared to standard SVM or clustering methods, this
parameter is simple to calculate for all points. This parameter is sufficiently
simple to calculate that it is suitable for use with dense methods, where
descriptors are calculated for all image points. Nonetheless to perform such
calculations for large numbers of points is still intensive and so approximate

nearest neighbour techniques are critical to determine the distances.

Having selected the points we then enroll them in the descriptor space

database for approximate nearest neighbour lookup.

Summary of Dense Class Discrimination Method

Point enrolment-

€ Descriptors are calculated for every point.

€ The longest p% of points are selected for further processing

€ Those points with the lowest ratio of neighbor class distance to non-

class distance are selected

Point recognition-
€ Descriptors are calculated for every point.
€ The longest p% of points are subject to approximate nearest

neighbour matching
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Dense Interest Point Class
Method

Sparse Interest Point Class
Method

Descriptors at every point

Descriptors at sparse points

Points selected by purity of local
region in descriptor space, as
determined by class and non-class

distance ratio

Points initially selected by image
scale space properties (e.g. DoG),

then subsampled

The main advantages of this method, compared to traditional point based

class recognition [26, 44] are

Achieves higher recognition rate for some object classes

Uses a low dimensional descriptor
The number of points can be selected

The density of points can be selected

L B R R R 4

Greater positional flexibility

8.2 Class Discrimination System

Class discrimination selection criteria: Points are selected for class

discrimination by length and the minimum of

distance to nearest neighbour same class

discrimination = — - -
distance to nearest neighbour different class

In this section we discuss in more detail the implementation and

performance of a class recognition system. We have seen that the ratio of
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the descriptor distance of class members to non-class members gives a

simple but effective indication of discrimination ability.

Figure 8-3: Examples of leaves from Caltech leaves image set

In class (e.g. Figure 8-3) and non-class images descriptors are calculated
for every point. Every descriptor (descriptor length > p™ percentile) is then
enrolled into a descriptor space data structure (Figure 8-4). We set the

threshold low to increase the chance of capturing discriminative points.

(a) (b)

Figure 8-4: Descriptor is strongest around edge regions.

(a) an example of leaf image, (b) a color map of its descriptor

length.
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(b)

Figure 8-5: Discriminative class points

(@) The colors of this image are a measure of the discriminative
power of the points. (b) Final selection of points based on

descriptor length and discriminative power.

Then for every point in the descriptor space, we calculate a profile of its
nearest neighbors. Specifically, we calculate the distance to its nearest
neighbour of each of the same class images, and the distance to the nearest
non-class points. We ensure that these distances come from points of
different class and non-class images as this adds robustness; if all of the
nearest same class or non-class points come from the same image it makes
the selection less robust. Since this is done for every point it represents a

slow part of the algorithm.

These nearest neighbour calculations are performed using the approximate
nearest neighbour. We only search within the points’ descriptor space bin;
thus for a descriptor space divided into 256 bins we obtain a speedup of
256-fold. Finally we obtain a discriminative index, the discrimination ratio,
based on the ratio of distances for every point as per Eq. (8.1). After sorting
all points by the discrimination ratio we select the number of maximally

discriminatory points we want. This is shown in Figure 8-5.

We are left with a set of points that are discriminative for a given class. In
the leaves example it selects points in the ‘sections’ of the leaves, strong
edge points and points where ‘sections’ intersect. For other image sets,

such as the cougar set, it selects eyes, ears and mouth points.
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Low dimensionality is more critical for class recognition than point-to-point

matching for a number of reasons

»= Since class discriminatory points may have weaker descriptor
responses, we select more points by descriptor length. Since we are
processing more points, approximate nearest neighbour methods are
more important. Such methods are much more efficient at low

dimension

= In point-to-point matching nearest neighbour matching is performed
only in one place - in recognition on a new image that is being
processed. In class recognition nearest neighbour matching is
performed in 2 places - in recognition on a new image, and also in
enrolling new points (where it is used in calculating the ratio of

nearest neighbour points).

= Low dimensional descriptors have less specificity and therefore may

be better able to generalize to classes

SVM Testing

One of the main practical tasks for class discrimination is image
classification — given an image, a binary classification positive or negative
for the presence of a given class. This is also necessary as a form of testing

to determine the effectiveness of the method.

Having selected our discriminative points above, we then calculate the
distance to the nearest match in the image. For n points we therefore
obtain an n-dimensional vector. Positive class images should provide
vectors with small values or differences, closer to the origin; negative class
images should provide larger positive values (since we take a positive
distance metric). Thus linear separability is reasonable, and we then apply a
linear SVM to determine class. A linear SVM is simple to utilize and

conforms to the testing framework of [93]. Training for this SVM is provided
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by the same images we used to select the discriminative points i.e. images
from the Caltech 101 database. For SVM operation we have used the Matlab

implementation of [5].

8.3 Experimental Results for Dense Class
Discrimination

For these experiments we have used various sets from Caltech - the Caltech
101 database and some non-101 sets. Due to limited time we have only
obtained experimental results for a small number of classes. Nonetheless

they illustrate the class discrimination ability of this method.

We present data sequences results for
= Dense class selected Gabor descriptors
= The biological descriptor [93] is used for comparison, since it is

considered one of the most successful class recognition frameworks.

Table 8.1: Parameters of the experiments

Experimental Parameters

Number of initial

points selected by 5000
length
Number of final points
selected for stability & 100
length
Dimensions 16

(4orix2freqx2phase)

Descriptor space bins 256
Descriptor space 0.1
enrolment radius
Gabor wavelet A varied for class

e.g. 21.0

o varied for class
e.g. 14.0

Y 1
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Performance on Caltech Image Sets
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Figure 8-6: Class recognition performance on Caltech image sets.

8.3.1 Discussion of Results

For these experimental results we have obtained the distance to the nearest
match for the enrolled points of each class, and then used a SVM to classify
an image. We have divided these into 2 separate graphs according to the
data sets. The Caltech image sets in the top graph Figure 8.6 (a) tends to
encompass less variation and are less challenging. The Caltech 101 datasets
in Figure 8.6 (b) are more difficult, with classes that vary considerably in

shape, color, etc.
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It can be seen that on the Caltech image sets the performance slightly
exceeds the biological model for cars and faces, and is slightly inferior for
leaves. These images have a high degree of regularity and this dense
method seems to respond well to this. For example, this car database only
pictures the cars from behind, and recognition is therefore high. In such

situations of limited variation, the dense method performs very well.

For the Caltech 101 dataset the performance is below that of the biological
method. This seems to be due to the higher variability of this data set. The
biological descriptor has more flexibility (probably due to the maxima
operation) than the dense descriptor we have used here; this seems to

increase its recognition performance on these sets.

Overall the performance of the dense method seems to be slightly below
that of the biological model. However, the biological model has been under
development for ~10 years, and its more flexible descriptor could also be

adopted in future for our dense matching model.
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Chapter 9 Multi-Level Descriptors

9.1 Introduction

In point-to-point tasks our overall aim is to maximize the point matching
performance. For a given descriptor type, one general way to increase
performance is to increase dimensionality. If we form a low dimensional
descriptor and steadily increase dimensions (e.g. more orientations,
locations, frequencies) performance will generally improve. Can we keep
doing this without limit? In fact we cannot - matching performance will
maximize or saturate at a limit. Beyond this limit additional dimensions will
actually reduce performance. A typical profile is shown in Figure 9-1, was
seen in Figure 7.8 and it is also true for well known descriptors such as
GLOH [70].

Matching Rate vs No. of Dimensions

T

e

2 4

Mtching Rate %

Dimensions

Figure 9-1: Typical profile of descriptor performance with

increasing dimensions.

Thus, simple image descriptors seem to reach an inherent limit on their
ability to extract information regarding a point region. If we cannot increase
the performance of point descriptors by increasing dimensions in a linear

manner - can we increase dimensionality and performance in another way?

This leads us to consider a fundamental question — why do descriptors

work? The application of a descriptor increases the dimensional information
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available at a point from 1 to the dimensionality of the descriptor. i.e. at
any single pixel, the descriptive information goes from 1 scalar pixel value
to an n-dimensional vector, typically of 16 to 128 dimensions. Such an
increase in dimensionality is generally based on the neighbors of a point.
We form such descriptors since they dramatically increase matching
performance; point matching based simply on pixel value is effectively
impossible. This is particularly so when such descriptors draw on nearby
pixels and orientation information. Forming descriptors generally achieves 2

main results

* an increase in dimensionality based on nearby points
* increased emphasis to some geometric property such as orientation,

or frequency

We then ask if such a process of descriptor formation could be applied

repeatedly, and whether performance benefits are offered thereby.

9.2 Multi-Level Descriptors

We have seen that it is possible to obtain good matching results with a low-
dimensional descriptor of 16 dimensions. Moreover, our dense method
calculates this descriptor at every image point. Inherent in these dense
descriptors is an interesting possibility — that since every descriptor
dimension exists at every pixel, we can treat every descriptor dimension as
a new image. Thus taking descriptors is a transform from 1 image to 16 as

per Figure 9-2 (a).

|

-/

(a)
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(b)

Figure 9-2: Single and multi-level image descriptors

(@) Dense single level descriptors. Since descriptors exist at every
point, we can treat every index as another image

(b) We can then take descriptors again on those images

Then, regarding the descriptors as a set of hew images, we can again apply
descriptors to this set of descriptor images as in Figure 9-2 (b). Thus we
obtain ‘descriptors upon descriptors’; traditional interest point methods
could be described as ‘descriptors upon pixels’. In the SIFT descriptor
framework such a construction is unlikely since the basic descriptor is 128
dimensions, making the final point descriptor to be of > 10,000 dimensions.
This concept becomes viable because we have achieved good matching

performance using few dimensions.

Definition 9.1: A multi-level descriptor is one in which descriptors are
applied to an image in a dense manner, the results are treated as new

images, and descriptors are applied again, in repetition.
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9.2.1 Multi-Level Gabor Wavelets

A multi-level Gabor descriptor applies a filter bank of Gabor wavelets to an
image, then another Gabor filter bank to each descriptor index image. If
each descriptor is of 16 dimensions, the final descriptor is of 256
dimensions. The Gabor wavelet parameters may be different at each level.
It takes the properties that make the Gabor wavelet successful and apply it
again. So we have 2 levels of dimensionality expansion, and 2 levels of

extracting orientation and frequency information.

*E_’

Figure 9-3: The 2nd level Gabor wavelets
In (@), (b) we see Gabor wavelets convolved on Gabor wavelets
of different orientation and the result is a different form.
However, when the orientation is the same, (c), the result is

another Gabor wavelet.
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Convolving Gabor kernels

In the 1D case:

f = (cos(x)+i xsm(x))xexp(-x_j

2

2

e

L2 Gabor(k )=
L2 Gabor(k)=
L2 Gabor(k )=
L2 Gabor(k )=

L2 Gabor(k )=

Real(T f(x)x f(k—x)x)
Real(T f (X)x g(X)dX)

]E(cos(x)cos(k - X)— sin(x)sin(k — x)ﬁxp[_Wde

—00

cos(k)fexp[-W]dx

Feteos] )

(9.1)

Thus, in 1 dimension, a Gabor kernel convolved upon a Gabor kernel

produces another Gabor kernel.
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In the 2D case:

For 0° direction wavelets-

£ (x, )= (cos(x+isin(x))x exp[-(X%yz)j
((k1x>2+<kzy>2)j

g(x, Y) = (COS(kl — X)+ i x Sin(kl - X))x exp{- 5

L2 Gabor(k) = Real( [ [ f(x,y)x f (k1 x,k2—y)ixdy)

—00—00

L2 Gabor(k) = Real(T T f(x,y)x g(x, y)dxdy)

—00—00

L2 Gabor(k)= T_]g(cos(x)cos(kl —x)—sin(x)sin(k1 - x))

2 2 2 2
xexp(_ ((kl—x) +(k22— y) +x>+y )dedy

2

—00—00

L2 Gabor(k) = cos(kl)T Texp[- ((kl —x) (k2 —y) +x 1y’ )jdxdy

L2 Gabor(k ) = 77 cos(k1)x exp[- KIZ k2 J

(9.2)
Here L2 Gabor is the 2" Level Gabor wavelet.
Thus in the 2D case where the 2 wavelets are in the same direction, the
result is another Gabor wavelet. This calculation was for the 0° direction,

but is valid for any direction by symmetry (i.e. a change of variable). See
Figure 9.3 (c).
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Where the wavelets are in different directions we must treat it separately.

For 0° and 45° direction wavelets-

f(x,y) = (cos(x}+i xsin(x))x exp(_(xz;;ﬂ)j

2

2

(<k1—x>2+<kz—y>2)J

g (X, y) = (cos(kl - (x + y))+ i x sin(kl - (X + y)))x exp(-

L2 Gabor(k )= Real(T T f(x,y)x g(x, y ixdy)

—00—00

L2 Gabor(k ) = _T T(cos(x)cos(kl —x—y)—sin(x)sin(kl - x—y))
Xexp{_ ((k1-x)" + (k22— )+ + yZ)J0|XO|y

(9.3)

In this case the final integral cannot be evaluated or simplified in a standard
form. Thus in the case that the wavelets are in different directions, the
convolution result does not correspond to any standard analytical functions.
See Figure 9.3 (a), (b).

We have ignored constant factors throughout.
Associativity and Separability

In applying descriptors to descriptors we are performing convolution

successively. This allows us to use the associative rule for convolution

fx(gxh)=(fxg)xh (9.4)

This means that convolution needs only to be applied once, but the full set
of 2" level kernels must be kept in memory. This is an acceleration

technique, but at a cost of increased memory usage. Figure 9.3 shows
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typical examples of such kernels formed from convolution of Gabor

wavelets.

It can be seen from Eq. (9.3) that in general, separability is not preserved
for 2" level Gabor kernels. Thus we cannot accelerate the numerical

implementation of the convolution in this case as usual.

It can be seen that a Gabor wavelet convolved upon a Gabor wavelet either
produces another Gabor wavelet, or something like another Gabor wavelet,

except with a ‘twist’ applied.

9.2.2 Other Multi-Level Descriptors

The concept of ‘descriptors on descriptors’, or multi-level descriptors is not
restricted to Gabor wavelets and in principle can be applied to any other
descriptor. Practically, there is a requirement that the descriptors be low

dimensional.

Histogram Descriptors

A potentially useful multi-level descriptor is a ‘*histogram of histograms’.
This is because histograms are very efficient and can be used to represent a

wide range of image information.

A multi-level histogram is different from a multi-dimensional histogram. A
multi-dimensional histogram can be used to characterize an image by, say,
2 different quantities e.g. gradient and Laplacian [87]. However a multi-

level histogram still uses 1 image quantity.

For example, suppose we histogram a region by intensity I, using 4 bins.
Each bin spans an intensity range which together covers the possible values
(0-255). For each pixel, the bin is incremented by 1 within whose range

that pixel lies.
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For each region we then have a 4-dimensional vector. If we then histogram
these 4-dimensional vectors, e.g. by dividing each dimension into 2 parts
around the median, we get a final vector of 2* or 16 dimensions. Each of
the 4-dimensional histogram vectors constitutes 1 point in the final

histogram (see Figure 9-4).

(d)
Figure 9-4: The 2nd Level Histograms.

From the image (a), histograms of color or intensity of a small
area are produced (b), (c). These histograms are then combined
to form another histogram by dividing each bin into 2 around the

median.

We make use of multi-level histograms in an application example in Chapter

10. This shows the applicability of these for object class recognition.
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Correlation Descriptors

A Gaussian convolution descriptor characterizes a point by blurring and sub-
sampling the region around it. Effectively it performs a correlation match

between regions.

Likewise we can perform Gaussian convolution upon Gaussian convolution in
a similar way to multi-level Gabor wavelet convolution. i.e. each dimension
could be treated as another image and subject to another convolution.
Indeed a Gaussian kernel could be considered a special case of a Gabor

wavelet (apart from mean normalization).

An interesting possibility is to combine different types of descriptors at
different levels. For example, we could have a correlation descriptor as the

first descriptor, then a Gabor wavelet as the 2" level descriptor.

We will not be pursuing such descriptors any further in this thesis.

Higher Level Descriptors

Taking ‘descriptors on descriptors’ could be carried on to the 3™ level, or an
arbitrary level. However, it is likely that the increased dimensionality will
eventually dilute the discriminative power of the descriptor. Also, Gabor
wavelet descriptors tend to naturally respond to edges or the absence of
edges. Going to higher levels produces descriptors that naturally respond to
edges of edges, etc. Such structures are likely to contain gradually less
information. Again, distinctiveness will likely gradually reduce with

arbitrarily more levels. Nonetheless we intend to investigate this in future.
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9.2.3 Point Selection Criteria

Point selection is done using the same basic criteria as used in Sec. 7.3.
That is, we use points that are maximally stable, using the stability criteria
of

1) descriptor length > p™ percentile or threshold

Adescriptor = \/ D (di (image(x,y))- di (transformed image(X,Y)) 2 )

2) di is the it element of the descriptor vector d
X X
Y |=H|y
1 1

(9.5)

under a small synthetic transform (H is the homography between the image
and its transform). As previously the synthetic transform we apply is a small

rotation and a blurring.

We take the minimum k points by 2) as required. The steps are shown in

Figure 9-5.

A fundamental difference between this and the descriptor of Sec. 7.3 is that

that one was 16 dimensions while this one is of 16x16 = 256 dimensions.
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Figure 9-5: Multi-level descriptor points

(a) the image and (b) the color map of descriptor length. (c) The
strongest points are determined. (d) The final points are selected
from the strong points based on stability under an applied

transform.

9.3 Experimental Results for Multi-level Gabor
Wavelet Matching

In this section we present experimental results for multilevel Gabor
wavelets, using the same Oxford image sets as previously. Again, we use

SIFT for reference performance.

We present data sequences results for
= Multilevel dense Gabor descriptors, 256 dimensions - ‘Dense
Multilevel Gabor’
= Single level dense Gabor descriptors, 16 dimensions - ‘Dense Gabor’
= SIFT descriptors. This is another high-dimension descriptor for

comparison - ‘SIFT’
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Table 9.1: Parameters of the experiments

Experimental Parameters

Number of initial

points selected by 2000
length
Number of final points
selected for stability & 1000
length
16
Dimensions (4orix2fregx2phase)
x 16
(4orix2fregx2phase)
Descriptor space bins 256
Descriptor space
enrolment radius 0.05
1 level Gabor wavelet
\ 28.0
(o) 7.0
Y 1
2" level Gabor
wavelet A 20.0
o 4.0
Y 1
Timing for interest
point and descriptor 15.87s
extraction
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(c) Structured blur change
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(h) JPEG compression change
Figure 9-6: Dense single level, multi-level and SIFT matching rates for

various image variations

Table 9.2: Summary Statistics

Textured | Structured | Viewpoint Scale Blur All
SIFT 16.22 16.55 16.58 11.82 21.26 22.83
Dense Multilevel
Gabor 16.97 25.69 18.80 14.11 32.64 30.85
Dense Gabor 8.77 13.75 10.06 5.37 19.43 18.75

9.3.1 Discussion of Results

It can be seen Figures 9.6 (a) - (h) that applying a 2nd level of descriptor

makes substantial improvements in almost all cases. This is true for scale,
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viewpoint, blur, and illumination change. The improvement is for both
structured and textures sequences. Only JPEG compression (h) didnt show
any real improvement (which is not unexpected since it is not a
geometrically smooth transform). In many cases the improvement is an

almost doubling of matching performance from the 1% level.

In all cases the 2" level Gabor descriptor also outperforms SIFT, albeit by a
modest margin in most cases. SIFT has only rarely been outperformed by
other interest point methods [70]. These results suggest that the concept of
taking descriptors to a higher level has considerable potential. It is possible
that these results apply generally to other descriptors, and also apply to

class recognition.

It may be that 3™ or 4™ |evel descriptors will also offer good performance. It
is interesting to note that the performance of the 2" level Gabor descriptor
is somewhat similar to SIFT. This may be because it is possible to regard
SIFT itself as an approximation to a 2" level Gabor descriptor - the
gradient operator is the first level approximation, the Gaussian smoothing is

the 2™ level.
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Chapter 10 Applications

10.1 Introduction

In this section we demonstrate some practical applications of the ideas in
this thesis. Our purpose here is just to give some indication of the uses that
these ideas could be put to. These applications are far from complete or

comprehensive in illustrating the use of these concepts.

Hereafter we demonstrate 2 simple applications, navigation and class
recognition. We do not go deeply into either one here - either of these

could form a large body of research in itself.

10.2 Navigation and Structure from Motion

Navigation is potentially one of the most useful tasks in computer vision. It
is likely to be a fundamental function of any future robotic vision systems,

and goes hand-in-hand with 3D reconstruction techniques.

More specifically, navigation is also a major application of interest point
methods. In [42, 91] interest point matching is used as one of the key
steps in autonomous navigation. Here, false point matching results in errors

in navigation position and 3D point reconstruction.

Here we define navigation as the determination of the 3-dimensional
position of the camera at every given frame. In that sense we are defining
navigation as camera external calibration. This calibration determines a

sequence of decompositions of projections matrices-

R=AR; t]
@ 7 U b 00 0p (10.1)
P=| 0 @ vJo 100 B
0 0 1]00 1 0
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Where A is the internal parameters, of which a,, a, are the focal length, y is
the skew, and uy, v, are the coordinates of the principal point. R; is the
rotation matrix and t; is the translation of the camera centre in Euclidean
space for camera i. See [28, 43] for details of these. An illustration of this is

given in Figure 10-1.

A typical camera calibration system has several main aspects

. Interest point extraction and matching

. Robust methods such as RANSAC, to remove false matches

. Calibration algorithm, such as 5-point algorithm [78]

. Numerical method, such as the sparse Levenberg-Marquardt [43]

It is not the purpose of this work to examine any of these aspects in detail
except the first one. We will therefore use a publicly available
implementation, Bundler [3], for all other steps. Bundler is the engine

underlying the Photosynth project from Microsoft (http://photosynth.net/).

Figure 10-1: Structure from motion.

Determining the 3D structure of a scene and camera position

from a sequence of images and corresponding points

Part IV Applications and Conclusions 153



10.2.1 Setup

A series of photographs (Figure 10-2) were taken from measured positions
for which we know the ground truth. This ground truth was obtained by
taking the photographs from known 3D positions. To this end we used

points on a tennis court. Images were taken from the 10 positions marked

in Figure 10-3.

(b)

Part IV Applications and Conclusions 154



()

Figure 10-2: Tennis court images used with Bundler.
(a) the original image from a tennis court corner. (b) the same
image with interest points extracted. (c) the adjacent corner

image with interest points extracted

The Bundler program extracts interest points and matches them.

Part of Bundler was adapted to allow geometric point matching. We used
SIFT matching, and SIFT with geometric matching. After this matching step,
Bundler applies the 5-point algorithm and does bundle adjustment using the
sparse Levenberg-Marquardt method. It finally outputs the 3D interest point

positions and camera positions for each photograph.

Although Bundler calculates the 3D positions of the camera it does so with a
coordinate frame that may be rotated, scaled and translated compared to

the true one that we want. We therefore must apply a transformation to

each point
X cos($) sin(F) 0| cos(¢p) 0 —sin(g)| 1 0 0 X Tx
Y |=a| —-sin(¥) cos(F) 0 0 1 0 0 cos(@d) sin(@) |y|+|Ty
Z 0 0 1| sin(¢) O cos(gp) ||0 —sin(d) cos(H)]| z Tz

(10.2)
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This transform determines the ambiguous parameters in the Euclidean
reconstruction. These 7 parameters are the 3 Euler angles, 3 translation
components and a scale factor. To determine the values of the 7
parameters we minimize the distance to the ground truth position again
using Levenberg-Marquardt optimization, this time in Matlab. This is similar
to least-squares plane fitting through the points, except that the plane fitted

also has a normalized canonical coordinate frame.

Figure 10-3: Tennis court and positions from which images were
taken. Tennis court with dimensions and the points marked from

which the images were taken (tennis court image from Wikipedia)
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10.2.2 Results
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(c)

Figure 10-4: Bundler reconstruction results with points and

cameras from 3 different viewing positions.

Results of the raw Bundler reconstruction from 3 different viewpoints are
shown in Figure 10-4. Bundler determines the 3D position of cameras (blue
cones) and scene points (in scene color). Most of the points are on
background trees. The scale and coordinates of the raw reconstruction are
arbitrary; they must be converted to real world scale and coordinates by Eq.
(10.2).
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Table 10.1: Bundler point position reconstruction

Point Ground Point Geom
Point SIFT
Point Truth Position Error SIFT Error
Position
(m) Position (m)
(5.94, 0.20, (0.46, 0. 01,
1 (0,0,0) 6.02 0.52
0.95) -0. 25)
(4.55, 0.19, (1.37, 0.00,
2 (1.37,0,0) 4.64 0.00
0.86) -0.00)
(2.41, 0.17, (2.94, -0.02,
3 (3.43,0,0) 2.53 0.73
0.73) 0.54)
(-5.05, -0.74, (9.11, -0.20,
4 (5.49,0,0) 5.75 3.80
-2.66) -1.14)
(-1.29, 0.23, (3.39, 0.20,
5 (7.54,0,0) 1.52 6.06
-0.76) -4.43)
(-3.85, 0.17, (4.35, -0.04,
6 (9.6,0,0) 3.92 5.30
-0.68) 0.80)
(-8.02, -0.27, (8.05, -0.12,
7 (10.97,0,0) 8.25 3.15
-1.93) -1.20)
(-4.27, 0.15, (9.59, -0.00,
8 (9.6,0, -5.49) 6.11 0.00
4.37) -5.49)
(0.18, 0.18, (5.95, -0.07,
9 (5.49,0, -5.49) 4.77 6.74
4.77) 1.24)
(1.57, -0.27, (5.98, 0.16,
10 (1.37,0,-5.49) 3.90 5.15
3.55) -3.20)
Total Error (m) 47.41 31.45

Thus the usage of geometric matching has delivered a more accurate

reconstruction of the camera positions. It has reduced the total error in the

positional measurements by ~30%. It is interesting to note that although

Bundler uses leading algorithms, the error is still quite large.
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10.3 Object Class Recognition — ASIRRA CAPTCHA

In this section we describe an object class recognition application. Class
recognition is another major computer vision area which is still a vigorous
area of ongoing research. The particular application here is the ASIRRA
CAPTCHA [4] (Completely Automated Public Turing test to tell Computers

and Humans Apart) http://research.microsoft.com/en-

us/um/redmond/projects/asirra/

CAPTCHAs are uses by websites to distinguish between humans and
automatic bots. This CAPTCHA requires the user to distinguish between
pictures of dogs and cats. Although easy for humans, this is an extremely
challenging task for computers. This work is not intended as a definitive
attack on this CAPTCHA; rather is indicative of the type applications that are
possible with the descriptors of this thesis. Example images from ASIRRA

are shown in Figure 10-5.

e

(RS SERE Fu

Figure 10-5: ASIRRA dog and cat images

When it was announced, it was claimed that the best machine learning

techniques would be unlikely to achieve a success of > 60% per image. The
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CAPTCHA requires that the user select all the cats in a 12 image series,
giving an expected correct response of 0.2% (at 60% per image). A
published success rate, as given in [27] is 56.7%; the best reported to date
is 82% in [39]. CAPTCHA methods are also discussed in [75, 110].

Herein, we will use the method of Sec. 9.2.2 to attempt to solve this
problem. Histograms are plausible as a primitive for problems of this type
since can deal with wide variations in geometry. Following [39], we will use
color as the discriminating quantity. Our objective here is not to achieve the
maximum headline matching rate, per se, since we are limited by time.
Rather, our purpose is to demonstrate that discriminative histograms can
achieve credible matching rates, and that this is improved by using multi-

level histograms.

A large number of binary features are used in [39], and accepts weak
discrimination power from them individually. We adopt a somewhat
different approach in that we use smaller nhumbers of higher dimensional
features. It is claimed that histograms give poorer performance than binary
features, therefore we modify our histograms somewhat. Rather than

histogram the number of pixels in a color range, we will histogram

(number of _pixels _in_color _range)*

(10.3)
0<k<l

For values of k<1 this parameter increases robustness to image variation

(particularly scale).

From Figure 10.5 it can be seen that the images present dogs and cats at a

range of sizes or scales.

10.3.1 Setup

All images are subject to pre-processing to scale them to 250*250 pixels.

The descriptor we are using is a histogram of histograms. This allows

Part IV Applications and Conclusions 161



greater positional flexibility than a histogram, but does not abandon

position information entirely.

_A 27-dimension 1% level
“color histogram is used to
describe the smaller regions.

™ A 128-dimension 2™ level
histogram is used to describe
the larger regions. There
could be 1 or 4 of these for
the image.

Figure 10-6: Multi-level color histogram structure.

1st level Descriptor: The first level descriptor operates directly on image
pixel color. For each of the 3 channels R, G, B we divide into 3 bins. The
histogram is of the combination of the R, G, B values. Thus for 3 bins for
each channel, there are a total of 27 histogram bins. Each pixel is allocated
to one of these bins. The histogram is made over a smaller area e.g. 50*50

pixels.

The 2nd level Descriptor: The 2nd level histogram treats each of the 1st
level descriptors as a single point. That is, each of the 27-dimensional
vectors from the 1st level is a single entry in the 2nd level histogram. This
is achieved by grouping the 27-dimensional vector into 6 groups of 4
components and 1 group of 3 components. Thus 7 groupings are attained
and in each group the values are added together. Each of the 7 values is
binary divided into 2 ranges around the median. Thus a 2" level descriptor
of 128-dimensions is obtained. Each level 1 histogram adds 1 value to one

of the 128 histogram dimensions.

These are illustrated in Figures 10-6 and 10-7.
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Figure 10-7: Relationship between 1st and 2nd level descriptor formation.
Every 4 components of the 1° level descriptor are grouped and added, then
allocated a binary value. There are 7 such groups resulting in a final
descriptor of 2’ = 128 dimensions. We do it in this way to get the right

dimensional balance.

A large number of training images are used to provide feature points to
train an SVM. For the final discriminant function we use an exponential
kernel function

K(u,v):exp(—7/|u—v|2) (10.4)
10.3.2 Results

Table 10.2: Parameters for ASIRRA testing

Experimental Parameters
Size of 1° level
35 pixels
histogram window
Size of 2" level
100 pixels
histogram window
Dimensions of level 1
27
descriptor
Dimensions of level 2
. 128
descriptor
1% 0.01
k 0.25
No. of testing images 16
in 1 run
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Table 10.3: ASIRRA classification rate performance by dimensions

Correct Classification

1 Level Descriptor

2 Level Descriptor

Rate
mean stdev mean stdev
128 dimensions 53.1 2.0 58.2 2.3
512 dimensions 54.6 2.1 60.9 2.3
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Figure 10-8: ASIRRA classification rates by training images

It can be seen in Figure 10-8 that the matching rates with a 2-level

histogram descriptor deliver an improvement compared to a standard 1-

level histogram. The correct matching rate exceeds that of [27], but is

inferior to [39]. We believe this is due partly to the very large number of

features and training images used in [39]; and also to the use of other

information, such as using texture descriptors.

We believe the approach of using 2-level histograms has the potential to

achieve considerable further improvement in performance, and we look

forward to pursuing this in future.
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Chapter 11 Discussion and Conclusions

In this chapter we review the main results of this work and draw some
conclusions from them. We also look at some future development of ideas

that are motivated by this work.

11.1 What We Have Tried to Do

The main objective of this thesis has been to improve interest point
operation. After quick advances in the early 2000’s, slower progress has
since been recorded. Herein we have looked at alternate metrics, point

selection and point descriptors to achieve better performance

11.2 What has been achieved in this thesis

A range of ideas have been implemented in previous chapters. An
experimental regime has been used to evaluate the effectiveness of these
ideas. Some of these have been seen to be more significant and offer more

improvement than others.

The ideas of geometric matching provided an improvement to matching
performance for correlation and SIFT descriptors, with a much smaller
improvement for low-dimensional Gabor descriptors. This performance

improvement was similar to affine invariant methods.
Dense descriptors were shown to be capable of point matching and class
recognition. For dense point matching, performance competitive or better

than the best low dimensional descriptors was achieved.

The concept of multi-level descriptors was introduced and shown to provide

performance improvements compared to single-level descriptors.
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Main Overall New Results

€ This thesis has presented 3 different, new methods by which SIFT
matching performance can be exceeded. Performance exceeding SIFT

has only rarely been achieved by other interest point methods.

€ The concept of geometric match has been shown to deliver matching
improvements compared to the Euclidean distance. For the
correlation and SIFT descriptors these are marked. The geometric
match brings stereo matching methods into the realm of interest

point matching.

€ That dense point matching has been shown to deliver results superior
to traditional sparse methods, and uses few dimensions. High
performance point matching has previously only been demonstrated
with sparse point detectors. The results obtained outperform other

low-dimensional methods.

€ High performance for recognition of some object classes using dense
detectors. Overall the class recognition results are somewhat below
the '‘Biological’ model, however on some specific classes superior

performance was achieved.

€ The concept of the multi-level descriptor is new. It has been shown to
deliver clear matching improvements compared to standard single
level descriptors. The multi-level Gabor descriptor outperforms the
SIFT descriptor.

11.3 Limitations and Future Work

All the methods in this thesis have limitations and areas where future

development could be made.
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Geometric Matching:

The geometric method depends on a stereo-like smoothing method. This is
an area of intense research in itself. Herein we have just used a simple
Potts model derivative (see [16]). More sophisticated stereo methods such
as belief propagation could improve results. The results reported herein for
geometric matching represent a tradeoff with processing time. Faster CPU’s
would increase matching performance by allowing higher dimensional
descriptor matching (this is unlike SIFT, for example, where a performance

plateau has been reached).

Dense Matching:
In this study we have examined dense matching only for Gabor descriptors.

A more comprehensive study would look at other descriptors also.

For point matching we have selected points by stability, using the change
under a small rotation and blur. Better performance would be achieved by a
more general transform e.g. a full affine transform and blur. This is similar
to the idea of Hinterstoisser [45] but we are using it to select points, not

just describe them.

For class discrimination we have used a fixed Gabor descriptor. There would
probably be benefit in adopting a more flexible Gabor descriptor, such as
that of [93]. This involves taking of maxima over a window, which increases
flexibility. We believe this is the reason the ‘biological’ outperformed our
descriptor for some difficult classes. Also, our testing for class discrimination
involves only a small number of classes. A larger number would provide

more certain results.

Multi-Level Descriptor:

The multi-level descriptor in this thesis is slow to compute since it involves
2 levels of 16 convolutions each. For it to be practical it will need to be
accelerated. We believe methods can exist to achieve this, and they may be

looked at in future.
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The multi-level framework is complex and leaves many questions
remaining. In this thesis we have only examined descriptors to the 2" |evel
- more levels may further improve performance. For multiple levels it is not
clear what the right dimensionality breakdown between levels is. It is also
possible to combine different descriptors at different levels and this could be
examined in future.

Also, the multi-level descriptors tend to be very high dimensional. These
may benefit from the application of dimensionality reduction, such as by
PCA [54].

Other Future Improvements:

The methods of this thesis have been presented largely separately.
However, performance improvements could be obtained by combining some
or all of these methods. For example, geometric matching could be used

together with dense descriptors to improve performance.

Also, following another idea of Hinterstoisser [45], very substantial
increases in matching performance can be achieved by combining SIFT and

correlation descriptors successively. We intend to develop this in future.

11.4 Conclusion

Interest point matching is a subject which is still undergoing evolutionary
improvement. After very rapid advances at the beginning of this decade,

gradual improvements are now being achieved.

This thesis has presented a variety of methods whereby current interest
point matching performance can be improved or expanded. These include
both point matching and class discrimination techniques. None of the ideas
in this thesis constitute a revolutionary advancement in this topic, and all of
them have limitations. Nonetheless they do have usefulness in some
situations, and do contribute to steady advancement in the understanding

and practice of interest point matching.
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Appendix I — Image Data Sets

Examples of Oxford Affine Set

Examples of Caltech 101 Set
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