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Abstract

This thesis introduces and explores a new type of representation for low and
medium level vision operations called channel representation. The channel repre-
sentation is a more general way to represent information than e.g. as numerical
values, since it allows incorporation of uncertainty, and simultaneous representa-
tion of several hypotheses. More importantly it also allows the representation of
“no information” when no statement can be given. A channel representation of a
scalar value is a vector of channel values, which are generated by passing the orig-
inal scalar value through a set of kernel functions. The resultant representation
is sparse and monopolar. The word sparse signifies that information is not neces-
sarily present in all channels. On the contrary, most channel values will be zero.
The word monopolar signifies that all channel values have the same sign, e.g. they
are either positive or zero. A zero channel value denotes “no information”, and
for non-zero values, the magnitude signifies the relevance.

In the thesis, a framework for channel encoding and local decoding of scalar
values is presented. Averaging in the channel representation is identified as a
regularised sampling of a probability density function. A subsequent decoding is
thus a mode estimation technique.

The mode estimation property of channel averaging is exploited in the channel
smoothing technique for image noise removal. We introduce an improvement to
channel smoothing, called alpha synthesis, which deals with the problem of jagged
edges present in the original method. Channel smoothing with alpha synthesis is
compared to mean-shift filtering, bilateral filtering, median filtering, and normal-
ized averaging with favourable results.

A fast and robust blob-feature extraction method for vector fields is devel-
oped. The method is also extended to cluster constant slopes instead of constant
regions. The method is intended for view-based object recognition and wide base-
line matching. It is demonstrated on a wide baseline matching problem.

A sparse scale-space representation of lines and edges is implemented and de-
scribed. The representation keeps line and edge statements separate, and ensures
that they are localised by inhibition from coarser scales. The result is however
still locally continuous, in contrast to non-max-suppression approaches, which in-
troduce a binary threshold.

The channel representation is well suited to learning, which is demonstrated by
applying it in an associative network. An analysis of representational properties
of associative networks using the channel representation is made.

Finally, a reactive system design using the channel representation is proposed.
The system is similar in idea to recursive Bayesian techniques using particle filters,
but the present formulation allows learning using the associative networks.






vii

Acknowledgements

This thesis could never have been written without the support from a large number
of people. I am especially grateful to the following persons:

My fiancée Linda, for love and encouragement, and for constantly reminding me
that there are other important things in life.

All the people at the Computer Vision Laboratory, for providing a stimulating
research environment, for sharing ideas and implementations with me, and for
being good friends.

Professor Gosta Granlund, for giving me the opportunity to work at the Computer
Vision Laboratory, for introducing me to an interesting area of research, and for
relating theories of mind and vision to our every-day experience of being.

Anders Moe and Bjérn Johansson for their constructive criticism on this manuscript.

Dr Hagen Spies, for giving an inspiring PhD course, which opened my eyes to
robust statistics and camera geometry.

Dr Michael Felsberg, for all the discussions on channel smoothing, B-splines, cal-
culus in general, and Depeche Mode.

Johan Wiklund, for keeping the computers happy, and for always knowing all there
is to know about new technologies and gadgets.

The Knut and Alice Wallenberg foundation, for funding research within the WITAS
project.

And last but not least my fellow musicians and friends in the band Pastell, for
helping me to kill my spare time.

About the cover

The front cover page is a collection of figures from the thesis, arranged to constitute
a face, in the spirit of painter Salvador Dali. The back cover page is a photograph
of Swedish autumn leaves, processed with the SOR method in section 7.2.1, using
intensities in the range [0, 1], and the parameters dpyax = 0.05, binomial filter of
order 11, and 5 IRLS iterations.






Contents

1 Introduction 1
1.1 Motivation . . . . . .. . 1
1.2 Overview . . . . . . 2
1.3 Contributions . . . . . . . . ... L 3
1.4 Notations . . . . . . . . . . e 4

2 Representation of Visual Information 5
2.1 System principles . . . . . . ..o 5

2.1.1 The world as an outside memory . . . ... .. ... .. .. 5
2.1.2 Activevision . . . ... 6
2.1.3 View centred and object centred representations . . . . . . 6
2.1.4 Robust perception . . . . ... ... oL 6
2.1.5 Vision and learning . . . . . . . . .. ... ... 7
2.2  Information representation . . . . . . . . . ... ... L. 7
2.2.1 Monopolar signals . . . . ... ... 0oL 7
2.2.2  Local and distributed coding . . . .. ... ... ... ... 8
223 Coarsecoding . . . . ... ... ... 9
2.2.4 Channelcoding . . . . . .. ... ... oo 10
225 Sparsecoding . . . . . ... 11

3 Channel Representation 13

3.1 Compact and local representations . . . . . .. ... ... ..... 13
3.1.1 Compact representations. . . . . . . . ... ... ... ... 13
3.1.2 Channel encoding of a compact representation . . . . . . . 13

3.2 Channel representation using the cos? kernel . . . ... ... ... 14
3.2.1 Representation of multiple values . . . . . . ... ... ... 16
3.2.2  Properties of the cos? kernel . . . . . . .. ... ....... 16
3.2.3 Decoding a cos? channel representation . . . ... ... .. 17

3.3 Size of the represented domain . . . . ... ... 19
3.3.1 Alinear mapping . . . . . . . . . ... 20

3.4 Summary ... .. e e 21

4 Mode Seeking and Clustering 23
4.1 Density estimation . . . . .. .. ... oL 23

4.1.1 Kernel density estimation . . . . ... .. ... ... ... 23



Contents

4.2 Modeseeking . . . . . ..o oL 24
4.2.1 Channel averaging . . . . . . . ... ... ... ... ..., 25
4.2.2 Expectation value of the local decoding . . . ... ... .. 26
4.2.3 Mean-shift filtering . . . . . ... ... .. 0oL 27
4.2.4 Me-estimators . . . . .. ... 30
4.2.,5 Relation to clustering . . . . ... ... ... L. 31

4.3 Summary and comparison . . . . . . ... ... 32

Kernels for Channel Representation 33

5.1 The Gaussian kernel . . . . . .. .. ... oo 33
5.1.1 A local decoding for the Gaussian kernel . . . . . . . . . .. 34

5.2 The B-splinekernel . . . . . .. .. ... .. oL 35
5.2.1 Properties of B-splines . . . . . . ... ... ... ... ... 36
5.2.2  B-spline channel encoding and local decoding . . . . . . .. 37

5.3 Comparison of kernel properties . . . . . . . . ... ... ... ... 38
5.3.1 The constant sum property . . . . ... .. ... ... ... 38
5.3.2 The constant norm property . . ... .. .. ... ... .. 39
5.3.3 The scalar product . . . . . ... .. ... ... ... ..., 40

5.4 Metameric distance . . . . . .. .. Lo Lo 43

5.5 Stochastic kernels . . . . . . . ... o oo 45
5.5.1 Varied noise level . . . . . . .. ..o 46

5.6 2D and 3D channel representations . . . . . . . .. ... ... ... 47
5.6.1 The Kronecker product . . .. ... ... . ... ... ... 47
5.6.2 Encoding of pointsin2D . . ... ... ... ... 48
5.6.3 Encoding of linesin2D . ... ... ... . ... ... 48
5.6.4 Local decoding for 2D Gaussian kernels . . . . . . ... .. 48
5.6.5 Examples . . ... ... .. 50
5.6.6 Relation to Hough transforms . . . . . . .. ... ... ... 51

Channel Smoothing 53

6.1 Introduction. . . . . . ... .. . 53
6.1.1 Algorithm overview . . .. .. ... .. ... ... ... 53
6.1.2 Anexample . . . . .. ... 54

6.2 Edge-preserving filtering . . . . . . . . ... ... ... ... ... 54
6.2.1 Mean-shift filtering . . . . . ... ... oo 55
6.2.2 Bilateral filtering . . . . . . ... ... 55

6.3 Problems with strongest decoding synthesis . . . . . ... ... .. 56
6.3.1 Jaggededges . .. .. .. ..o 57
6.3.2 Rounding of corners . . . . . . ... ... L. 58
6.3.3 Patchiness . . . . . .. .. ... oo 58

6.4 Alphasynthesis . . . . . . .. .. L o 60
6.4.1 Separating output sharpness and channel blurring . . . . . 61
6.4.2 Comparison of super-sampling and alpha synthesis . . . . . 62
6.4.3 Relation to smoothing before sampling . . . . . .. ... .. 62

6.5 Comparison with other denoising filters . . . . . . .. .. ... .. 65

6.6 Applications of channel smoothing . . . . .. .. ... ... .... 66



Contents xi

7

8

6.6.1 Extensions . . . . .. ... .. o 66
6.7 Concluding remarks . . . . . . ... oo 66
Homogeneous Regions in Scale-Space 69
7.1 Imtroduction. . . . . . . . . .. . 69
7.1.1 The scale-space concept . . . . . .. .. ... ... ..., 69
7.1.2 Blobfeatures . . . .. ... .. ... ... .. 70
7.1.3 A blob feature extraction algorithm . . . .. ... ... .. 71
7.2 The clustering pyramid . . . . . .. ... 0oL 71
7.2.1 Clustering of vector fields . . . . . .. ... ... ... ... 72
7.2.2 A note on winner-take-all vs. proportionality . . .. .. .. 74
7.3 Homogeneous regions . . . . . . . . ... e e 74
7.3.1 Ellipse approximation . . . .. ... ... ... ....... 75
7.3.2 Blobmerging . . . ... ... ... 00 76
7.4 Blob features for wide baseline matching . . . . . . . ... ... .. 7
7.4.1 Performance . . ... ... ... ... .. 79
7.4.2 Removal of cropped blobs . . . . . .. ... ... .. ... 79
7.4.3 Choice of parameters . . . . . . . . . . .. .. ... ... .. 80
7.5 Clustering of planar slopes . . . . . . .. .. ... ... 81
7.5.1 Subsequent pyramid levels . . . . . .. .. ... 82
7.5.2 Computing the slope inside a binary mask . . . . . . .. .. 83
7.5.3 Regions from constant slope model . . . . . . ... ... .. 84
7.6 Concluding Remarks . . . . . .. ... ... .. ... 85
Lines and Edges in Scale-Space 87
8.1 Background . . . . .. ... 87
8.1.1 Classical edge detection . . . . ... ... ... ... .... 88
8.1.2 Phase-gating . . .. ... ... ... L. 88
8.1.3 Phase congruency . . .. ... .. ... ... 88
8.2 Sparse feature maps in a scale hierarchy . . . . .. ... ... ... 89
8.2.1 Phase from line and edge filters . . . . . . . ... ... ... 90
8.2.2 Characteristic phase . . . . . ... ... ... ... ... 90
8.2.3 Extracting characteristic phase in 1ID . . . . . . . ... .. 91
8.2.4 Local orientation information . . . . . . .. ... ... ... 93
8.2.5 Extracting characteristic phasein 2D . . . .. ... .. .. 94
8.2.6 Local orientation and characteristic phase . . . . . . .. .. 95
8.3 Concluding remarks . . . . . ... ... Lo 0oL 96
Associative Learning 99
9.1 Architecture overview . . . . .. . ... 99
9.2 Representation of system output states . . . . . . .. ... ... .. 101
9.2.1 Channel representation of the state space . . . .. ... .. 101
9.3 Channel representation of input features . . . . . . . .. ... ... 102
9.3.1 Feature generation . . . . ... ... ... ... 102
9.4 System operation modes . . . . . . .. ... 103

9.4.1 Position encoding for discrete event mapping . . . . . . .. 103



xii Contents

9.4.2 Magnitude encoding for continuous function mapping
9.5 Associative structure . . . . .. ..o
9.5.1 Optimisation procedure . . . . ... ... ... .......
9.5.2 Normalisation modes . . . . . . .. ... ... ... ...
9.5.3 Sensitivity analysis for continuous function mode . . . . . .
9.6 Experimental verification . . ... ... ... ... ... ......
9.6.1 Experimental setup. . . . . . ... ... ... ...
9.6.2 Associative network variants . . . . . ... ... L.
9.6.3 Varied number of samples . . . . .. ... ...
9.6.4 Varied number of channels . . . . . .. ... ... ......
9.6.5 Noise sensitivity . . . . . ... ... 0oL
9.7 Other local model techniques . . . . . ... .. ... .. ......
9.7.1 Radial Basis Function networks . . . . . .. ... ... ...
9.7.2  Support Vector Machines . . . . .. ... ... ... ....
9.7.3 Adaptive fuzzy control . . . . . ... ...
9.8 Concluding remarks . . . . . .. ... oL oL

10 An Autonomous Reactive System
10.1 Introduction . . . . . . . .. ... Lo
10.1.1 System outline . . . . ... . ... ..
10.2 Example environment . . . . . ... ..o
10.3 Learning successive recognition . . . . . . . ... ... ... ...
10.3.1 Notes on the state mapping . . . . . ... .. .. ... ...
10.3.2 Exploratory behaviour . . . . . . .. ... .. oL
10.3.3 Evaluating narrowing performance . . . .. ... ... ...
10.3.4 Learning a narrowing policy . . . . . . . .. ... ... ...
10.4 Concluding remarks . . . . . . . . ... L Lo

11 Conclusions and Future Research Directions
11.1 Conclusions . . . . . . . . . . i i i e e
11.2 Future research . . . . . . . . . . . . . . ... ... ...
11.2.1 Feature matching and recognition. . . . . . . .. ... ...
11.2.2 Perception action cycles . . . . . . . .. .. ... ... ...

Appendices

A Theorems on cos® kernels . . . . ... ... ... ... ... ... .
B Theorems on B-splines . . . . . ... ... ... ... ........
C  Theorems on ellipse functions . . . . . . . ... ... ... .....

Bibliography

104
106
106
107
109
110
110
112
113
115
116
118
118
119
119
120

121
121
122
122
124
124
125
127
128
129

131
131
132
132
132

133
133
138
140

145



Chapter 1

Introduction

1.1 Motivation

The work presented in this thesis has been performed within the WITAS! project
[24, 52, 105]. The goal of the WITAS project has been to build an autonomous?
Unmanned Aerial Vehicle (UAV) that is able to deal with visual input, and to
develop tools and techniques needed in an autonomous systems context. Exten-
sive work on adaptation of more conventional computer vision techniques to the
WITAS platform has previously been carried out by the author, and is docu-
mented in [32, 35, 81]. This thesis will however deal with basic research aspects
of the WITAS project. We will introduce new techniques and information repre-
sentations well suited for computer vision in autonomous systems.

Computer vision is usually described using a three level model:

e The first level, low-level vision is concerned with obtaining descriptions of
image properties in local regions. This usually means description of colour,
lines and edges, motion, as well as methods for noise attenuation.

e The next level, medium-level vision makes use of the features computed at
the low level. Medium-level vision has traditionally involved techniques such
as joining line segments into object boundaries, clustering, and computation
of depth from stereo image pairs. Processing at this level also includes more
complex tasks, such as the estimation of ego motion, i.e. the apparent motion
of a camera as estimated from a sequence of camera images.

e Finally, high-level vision involves using the information from the lower levels
to perform abstract reasoning about scenes, planning etc.

The WITAS project involves all three levels, but as the title of this thesis
suggests, we will only deal with the first two levels. The unifying theme of the thesis

LWITAS stands for the Wallenberg laboratory for research on Information Technology and
Autonomous Systems.
2An autonomous system is self guided, or without direct control of an operator.



2 Introduction

is a new information representation called channel representation. All methods
developed in the thesis either make explicit use of channel representations, or can
be related to the channel representation.

1.2 Overview

We start the thesis in chapter 2 with a short overview of system design principles
in biological and artificial vision systems. We also give an overview of different
information representations.

Chapter 3 introduces the channel representation, and discusses its representa-
tional properties. We also describe how a compact representation may be converted
into a channel representation using a channel encoding, and how the compact rep-
resentation may be retrieved using a local decoding.

Chapter 4 relates averaging in the channel representation to estimation meth-
ods from robust statistics. We re-introduce the channel representation in a statis-
tical formulation, and show that channel averaging followed by a local decoding is
a mode estimation technique.

Chapter 5 introduces channel representations using other kernels than the
cos? kernel. The different kernels are compared in a series of experiments. In this
chapter we also explore the interference during local decoding between multiple
values stored in a channel vector. We also introduce the notion of stochastic
kernels, and extend the channel representation to higher dimensions.

Chapter 6 describes an image denoising technique called channel smoothing.
We identify a number of problems with the original channel smoothing technique,
and give solutions to them, one of them being the alpha synthesis technique. Chan-
nel smoothing is also compared to a number of popular image denoising techniques,
such as mean-shift, bilateral filtering, median filtering, and normalized averaging.

Chapter 7 contains a method to obtain a sparse scale-space representation
of homogeneous regions. The homogeneous regions are represented as sparse blob
features. The blob feature extraction method can be applied to both grey-scale
and colour images. We also extend the method to cluster constant slopes instead
of locally constant regions.

Chapter 8 contains a method to obtain a sparse scale-space representation
of lines and edges. In contrast to non-max-suppression techniques, the method
generates a locally continuous response, which should make it well suited e.g. as
input to a learning machinery.

Chapter 9 introduces an associative network architecture that makes use of the
channel representation. In a series of experiments the descriptive powers and the
noise sensitivity of the associative networks are analysed. In the experiments we
also compare the associative networks with conventional function approximation
using local models. We also discuss the similarities and differences between the
associative networks and Radial Basis Function (RBF) networks, Support Vector
Machines (SVM), and Fuzzy control.

Chapter 10 incorporates the associative networks in a feedback loop, which
allows successive recognition in an environment with perceptual aliasing. A sys-
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tem design is proposed, and is demonstrated by solving the localisation problem
in a labyrinth. In this chapter we also use reinforcement learning to learn an
exploratory behaviour.

1.3 Contributions

We will now list what is believed to be the novel contributions of this thesis.

e A framework for channel encoding and local decoding of scalar values is
presented in chapter 3. This material originates from the author’s licenti-
ate thesis [34], and is also contained in the article “HiperLearn: A High
Performance Channel Learning Architecture” [51].

e Averaging in the channel representation is identified as a regularised sam-
pling of a probability density function. A subsequent decoding is thus a mode
estimation technique. This idea was originally mentioned in the paper “Im-
age Analysis using Soft Histograms” [33], and is thoroughly explained in
chapter 4.

e The local decoding for 1D and 2D Gaussian kernels in chapter 5. This mate-
rial is also published in the paper “Two-Dimensional Channel Representation
for Multiple Velocities” [93].

e The channel smoothing technique for image noise removal, has been inves-
tigated by several people, for earlier work by the author, see the technical
report [42] and the papers “Noise Adaptive Channel Smoothing of Low Dose
Tmages” [87], and “Channel Smoothing using Integer Arithmetic” [38]. The
alpha synthesis approach described in chapter 6 is however a novel contribu-
tion, not published elsewhere.

e The blob-feature extraction method developed in chapter 7. This is an im-
proved version of the algorithm published in the paper “Robust Multi-Scale
Extraction of Blob Features” [41].

e A scale-space representation of lines and edges is implemented and described
in chapter 8. This chapter is basically an extended version of the conference
paper “Sparse feature maps in a scale hierarchy” [39].

e The analysis of representational properties of an associative network in chap-
ter 9. This material is derived from the article “HiperLearn: A High Perfor-
mance Channel Learning Architecture” [51].

e The reactive system design using channel representation in chapter 10 is sim-
ilar in idea to recursive Bayesian techniques using particle filters. The use
of the channel representation to define transition and narrowing, is however
believed to be novel. This material was also presented in the paper “Suc-
cessive Recognition using Local State Models” [37], and the technical report
[36].
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1.4 Notations

The mathematical notations used in this thesis should resemble those most com-
monly in use in the engineering community. There are however cases where there
are several common styles, and thus this section has been added to avoid confusion.

The following notations are used for mathematical entities:

Scalars (lowercase letters in italics)
Vectors (lowercase letters in boldface)
Complex numbers (lowercase letters in italics bold)
Matrices (uppercase letters in boldface)
X) Functions (lowercase letters)

aw e«

n
—~

The following notations are used for mathematical operations:

AT Matrix and vector transpose

|z] The floor operation

(x]y) The scalar product

arg z Argument of a complex number

conj z Complex conjugate

|z| Absolute value of real or complex numbers

|lz]] Matrix or vector norm

(s* fr)(x) Convolution

adist(p1 — p2) Angular distance of cyclic variables

vec(A) Conversion of a matrix to a vector by stacking the columns
diag(x) Extension of a vector to a diagonal matrix.

supp{f} The support (definition domain, or non-zero domain) of function f.

Additional notations are introduced when needed.



Chapter 2

Representation of Visual
Information

This chapter gives a short overview of some aspects of image interpretation in
biological and artificial vision systems. We will put special emphasis on system
principles, and on which information representations to choose.

2.1 System principles

When we view vision as a sense for robots and other real-time perception systems,
the parallels with biological vision at the system level become obvious. Since an
autonomous robot is in direct interaction with the environment, it is faced with
many of the problems that biological vision systems have dealt with successfully
for millions of years. This is the reason why biological systems have been an
important source of inspiration to the computer vision community, since the early
days of the field, see e.g. [74]. Since biological and mechanical systems use different
kinds of “hardware”, there are of course several important differences. Therefore
the parallel should not be taken too far.

2.1.1 The world as an outside memory

Traditionally much effort in machine vision has been devoted to methods for find-
ing detailed reconstructions of the external world [9]. As pointed out by e.g.
O’Regan [83] there is really no need for a system that interacts with the external
world to perform such a reconstruction, since the world is continually “out there”.
He uses the neat metaphor “the world as an outside memory” to explain why. By
focusing your eyes at something in the external world, instead of examining your
internal model, you will probably get more accurate and up-to-date information
as well.
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2.1.2 Active vision

If we do not need a detailed reconstruction, then what should the goal of machine
vision be? The answer to this question in the paradigm of active vision [3, 4, 1]
is that the goal should be generation of actions. In that way the goal depends on
the situation, and on the problem we are faced with.

Consider the following situation: A helicopter is situated above a road and
equipped with a camera. From the helicopter we want to find out information
about a car on the road below. When looking at the car through our sensor, we
obtain a blurred image at low resolution. If the image is not good enough we
could simply move closer, or change the zoom of the camera. The distance to the
car can be obtained if we have several images of the car from different views. If
we want several views, we do not actually need several cameras, we could simply
move the helicopter and obtain shots from other locations.

The key idea behind active vision is that an agent in the external world has
the ability to actively extract information from the external world by means of its
actions. This ability to act can, if properly used, simplify many of the problems
in vision, for instance the correspondence problem [9].

2.1.3 View centred and object centred representations

Biological vision systems interpret visual stimuli by generation of image features in
several retinotopic maps [5]. These maps encode highly specific information such
as colour, structure (lines and edges), motion, and several high-level features not
yet fully understood. An object in the field of view is represented by connections
between the simultaneously active features in all of the feature maps. This is
called a view centred representation [46], and is an object representation which
is distributed across all the feature maps, or views. Perceptual experiments are
consistent with the notion that biological vision systems use multiple such view
representations to represent three-dimensional objects [12]. In chapters 7 and 8
we will generate sparse feature maps of structural information, that can be used
to form a view centred object representation.

In sharp contrast, many machine vision applications synthesise image features
into compact object representations that are independent of the views from which
they are viewed. This approach is called an object centred representation [46].
This kind of representation also exists in the human mind, and is used e.g. in
abstract reasoning, and in spoken language.

2.1.4 Robust perception

In the book “The Blind Watchmaker” [23] Dawkins gives an account of the echolo-
cation sense of bats. The bats described in the book are almost completely blind,
and instead they emit ultrasound cries and use the echoes of the cries to perceive
the world. The following is a quote from [23]:
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It seems that bats may be using something that we could call a ’strangeness
filter’. Each successive echo from a bat’s own cries produces a picture
of the world that makes sense in terms of the previous picture of the
world built up with earlier echoes. If the bat’s brain hears an echo from
another bat’s cry, and attempts to incorporate this into the picture of
the world that it has previously built up, it will make no sense. It will
appear as though objects in the world have suddenly jumped in various
random directions. Objects in the real world do not behave in such
a crazy way, so the brain can safely filter out the apparent echo as
background noise.

A crude equivalent to this strangeness filter has been developed in the field
of robust statistics [56]. Here samples which do not fit the used model at all are
allowed to be rejected as outliers. In this thesis we will develop another robust
technique, using the channel information representation.

2.1.5 Vision and learning

As machine vision systems become increasingly complex, the need to specify their
behaviour without explicit programming becomes increasingly apparent.

If a system is supposed to act in an un-restricted environment, it needs to be
able to behave in accordance with the current surroundings. The system thus has
to be flexible, and needs to be able to generate context dependent responses. This
leads to a very large number of possible behaviours that are difficult or impossible
to specify explicitly. Such context dependent responses are preferably learned by
subjecting the system to the situations, and applying percept-response association
[49].

By using learning, we are able to define what our system should do, not how
it should do it. And finally, a system that is able to learn, is able to adapt to
changes, and to act in novel situations that the programmer did not foresee.

2.2 Information representation

We will now discuss a number of different approaches to representation of infor-
mation, which are used in biological and artificial vision systems. This is by no
means an exhaustive presentation, it should rather be seen as background, and
motivation for the representations chosen in the following chapters of this thesis.

2.2.1 Monopolar signals

Information processing cells in the brain exhibit either bipolar or monopolar re-
sponses. One rare example of bipolar detectors is the hair cells in semicircular
canals of the vestibular system!. These cells hyperpolarise when the head rotates
one way, and depolarise when it is rotated the other way [61].

IThe vestibular system coordinates the orientation of the head.
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Bipolar signals are typically represented numerically as values in a range cen-
tred around zero, e.g. [—1.0,1.0]. Consequently monopolar signals are represented
as non-negative numbers in a range from zero upwards, e.g. [0, 1.0].

Interestingly there seem to be no truly bipolar detectors at any stage of the
visual system. Even the bipolar cells of the retina are monopolar in their responses
despite their name. The disadvantage with a monopolar detector compared to a
bipolar one is that it can only respond to one aspect of an event. For instance do
the retinal bipolar cells respond to either bright, or dark regions. Thus there are
twice as many retinal bipolar cells, as there could have been if they had had bipolar
responses. However, a bipolar detector has to produce a maintained discharge at
the equilibrium. (For the bipolar cells this would have meant maintaining a level in-
between the bright, and dark levels.) This results in bipolar detectors being much
more sensitive to disturbances [61]. Monopolar, or non-negative representations
will be used frequently throughout this thesis.

Although the use of monopolar signals is widespread in biological vision sys-
tems, it is rarely found in machine vision. It has however been suggested in [45].

2.2.2 Local and distributed coding

Three different strategies for representation of a system state using a number of
signals is given by Thorpe in [97]. Thorpe uses the following simple example to
illustrate their differences: We have a stimulus that can consist of a horizontal or
a vertical bar. The bar can be either white, black, or absent (see figure 2.1). For
simplicity we assume that the signals are binary, i.e. either active or inactive.

Local Semi-Local Distributed
Coding Coding Coding

> T 2 m o oo

> T
o
z =
Nothing. OO OO 0000 OO0

| @000 Yo J©) e0®
= 0000 oY X Jo) oY X
I o©OoOeo YeJoX (Y Yo
- 000e oY JoI (YY)

Figure 2.1: Local, semi-local, and distributed coding. Figure adapted from [97].

One way to represent the state of the bar is to assign one signal to each of the
possible system states. This is called a local coding in figure 2.1, and the result is
a local representation. One big advantage with a local representation is that the
system can deal with several state hypotheses at once. In the example in figure
2.1, two active signals would mean that there was two bars present in the scene.
Another way is to assign one output for each state of the two properties: orienta-
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tion and colour. This is called semi-local coding in figure 2.1. As we move away
from a completely local representation, the ability to deal with several hypotheses
gradually disappears. For instance, if we have one vertical and one horizontal bar,
we can deal with them separately using a semi-local representation only if they
have the same colour.

The third variant in figure 2.1 is to assign one stimulus pattern to each system
state. In this representation the number of output signals is minimised. This re-
sults in a representation of a given system state being distributed across the whole
range of signals, hence the name distributed representation. Since this variant also
succeeds at minimising the number of output signals, it is also a compact coding
scheme.

These three representation schemes are also different in terms of metric. A
simalarity metric is a measure of how similar two states are. The coding schemes
in figure 2.1 can for instance be compared by counting how many active (i.e. non-
zero) signals they have in common. For the local representation, no states have
common signals, and thus, in a local representation we can only tell whether two
states are the same or not. For the distributed representation, the similarity metric
is completely random, and thus not useful.

For the semi-local representation however, we get a useful metric. For example,
bars with the same orientation, but different colour will have one active signal in
common, and are thus halfway between being the same state, and being different
states.

2.2.3 Coarse coding

We will now describe a coding scheme called coarse coding, see e.g. [96]. Coarse
coding is a technique that can represent continuous state spaces. In figure 2.2 the
plane represents a continuous two dimensional state space. This space is coded
using a number of feature signals with circular receptive fields, illustrated by the
circles in the figure.
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Figure 2.2: Coarse coding. Figure adapted from [96].

Each feature signal is binary, i.e. either active or inactive, and is said to coarsely
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represent the location in state space. Since we have several features which are
partially overlapping, we can get a rough estimate of where in state-space we are,
by considering all the active features. The white cross in the figure symbolises
a particular state, and each feature activated by this state has its receptive field
coloured grey. As can be seen, we get an increasingly darker shade of grey where
several features are active, and the region where the colour is the darkest contains
the actual state. Evidently, a small change in location in state space will result in
a small change in the activated feature set. Thus coarse coding results in a useful
similarity metric, and can be identified as a semi-local coding scheme according to
the taxonomy in section 2.2.2. As we add more features in a coarse coding scheme,
we obtain an increasingly better better resolution of the state space.

2.2.4 Channel coding

The multiple channel hypothesis is discussed by Levine and and Shefner [71] as
a model for human analysis of periodic patterns. According to [71], the multiple
channel hypothesis was first made by Campbell and Robson, 1968 in [13]. The
multiple channel hypothesis constitutes a natural extension of coarse coding to
smoothly varying features called channels, see figure 2.3. It is natural to consider
smoothly varying and overlapping features for representation of continuous phe-
nomena, but there is also evidence for channel representations of discrete state
spaces such as representation of quantity in primates [79].

Figure 2.3: Linear channel arrangement. One channel function is shown in solid,
the others are dashed.

The process of converting a state variable into channels is known in signal
processing as channel coding, see [89] and [90], and the resultant information rep-
resentation is called a channel representation [46, 10, 80]. Representations using
channels allow a state space resolution much better than indicated by the number
of channels, a phenomenon known as hyperacuity [89].

As is common in science, different fields of research have different names for al-
most the same thing. In neuroscience and computational neurobiology the concept
population coding [108] is sometimes used as a synonym for channel representation.
In neural networks the concept of radial basis functions (RBF) [7, 58] is used to
describe responses that depend on the distance to a specific position. In control
theory, the fuzzy membership functions also have similar shape and application
[84]. The relationship between channel representation, RBF networks and Fuzzy
control will be explored in section 9.7.
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2.2.5 Sparse coding

A common coding scheme is the compact coding scheme used in data compression
algorithms. Compact coding is the solution to an optimisation where the infor-
mation content in each output signal is maximised. But we could also envision a
different optimisation goal: maximisation of the information content in the active
signals only (see figure 2.4). Something similar to this seems to happen at the
lower levels of visual processing in mammals [31]. The result of this kind of op-
timisation on visual input is a representation that is sparse, i.e. most signals are
inactive. The result of a sparse coding is typically either a local, or a semi-local
representation, see section 2.2.2.

Compact Coding Sparse Coding

i

Minimum number Minimum number
of units of active units

Figure 2.4: Compact and sparse coding. Figure adapted from [31].

As we move upwards in the interpretation hierarchy in biological vision systems,
from cone cells, via centre-surround cells to the simple and complex cells in the
visual cortex, the feature maps tend to employ increasingly sparse representations
[31].

There are several good reasons why biological systems employ sparse represen-
tations, many of which could also apply to machine vision systems. For biological
vision, one advantage is that the amount of signalling is kept at a low rate, and
this is a good thing, since signalling wastes energy. Sparse coding also leads to
representations in which pattern recognition, template storage, and matching are
made easier [31, 75, 35]. Compared to compact representations, sparse features
convey more information when they are active, and contrary to how it might ap-
pear, the amount of computation will not be increased significantly, since only the
active features need to be considered.

Both coarse coding and channel coding approximate the sparse coding goal.
They both produce representations where most signals are inactive. Additionally,
an active signal conveys more information than an inactive one, since an active
signal tell us roughly where in state space we are.
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Chapter 3

Channel Representation

In this chapter we introduce the channel representation, and discuss its repre-
sentational properties. We also derive expressions for channel encoding and local
decoding using cos? kernel functions.

3.1 Compact and local representations

3.1.1 Compact representations

Compact representations (see chapter 2) such as numbers, and generic object
names (house, door, Linda) are useful for communicating precise pieces of in-
formation. One example of this is the human use of language. However, compact
representations are not well suited to use if we want to learn a complex and un-
known relationship between two sets of data (as in function approximation, or
regression), or if we want to find patterns in one data set (as in clustering, or
unsupervised learning).

Inputs in compact representations tend to describe temporally and/or spatially
distant events as one thing, and thus the actual meaning of an input cannot be
established until we have seen the entire training set. Another motivation for lo-
calised representations is that most functions can be sufficiently well approximated
as locally linear, and linear relationships are easy to learn (see chapter 9 for more
on local learning).

3.1.2 Channel encoding of a compact representation

The advantages with localised representations mentioned above motivate the in-
troduction of the channel representation [46, 10, 80]. The channel representation
is an encoding of a signal value x, and an associated confidence > 0. This is done
by passing 2 through a set of localised kernel functions {B*(x)}¥, and weighting
the result with the confidence r. Each output signal is called a channel, and the
vector consisting of a set of channel values

u=r(B'(z) B*z) ... BK(I))T

(3.1)
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is said to be the channel representation of the signal-confidence pair (z,r), pro-
vided that the channel encoding is injective for r # 0, i.e. there should exist a
corresponding decoding that reconstructs x, and r from the channel values.

The confidence r can be viewed as a measure of reliability of the value z. It
can also be used as a means of introducing a prior, if we want to do Bayesian
inference (see chapter 10). When no confidence is available, it is simply taken to
be r =1.

Examples of suitable kernels for channel representations include Gaussians [89,
36, 93], B-splines [29, 87], and windowed cos? functions [80]. In practise, any kernel
with a shape similar to the one in figure 3.1 will do.

Channel
eutput

»
»

Input
demain

Figure 3.1: A kernel function that generates a channel from a signal.

In the following sections, we will exemplify the properties of channel represen-
tations with the cos? kernel. Later on we will introduce the Gaussian, and the
B-spline kernels. We also make a summary where the advantages and disadvan-
tages of each kernel are compiled. Finally we put the channel representation into
perspective by comparing it with other local model techniques.

3.2 Channel representation using the cos? kernel

We will now exemplify channel representation with the cos? kernel

B (z) = {0052(wd(x,k)) if wd(z, k) <73 (3.2)

0 otherwise.

Here the parameter k is the kernel centre, w is the channel width, and d(z, k) is a
distance function. For variables in linear domains (i.e. subsets of R) the Euclidean
distance is used,
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and for periodic domains (i.e. domains isomorphic with S) with period K a mod-
ular! distance is used,

dg (z,k) = min(mod(z — k, K),mod(k — z, K)). (3.4)
The measure of an angle is a typical example of a variable in a periodic domain.

The total domain of a signal x can be seen as cut up into a number of local but
partially overlapping intervals, d(z, k) < X see figure 3.2.

S N N N S
N/ON/ NS N. NN
n n n n A A \
SN LN N N N Iy \
Y2 N/ N/ N/ NN \
" N N N S /
AS N N N INEARN N »

3 4 5 6 7 8 9

= 20

Figure 3.2: Linear and modular arrangements of cos? kernels. One kernel is shown
in solid, the others are dashed. Channel width is w = /3.

For example, the channel representation of the value x = 5.23, with confidence
r = 1, using the kernels in figure 3.2 (left), becomes

u=(0 0 0 00778 09431 04791 0 0)" .

As can be seen, many of the channel values become zero. This is often the
case, and is an important aspect of channel representation, since it allows more
compact storage of the channel values. A channel with value zero is said to be
inactive, and a non-zero channel is said to be active.

As is also evident in this example, the channel encoding is only able to represent
signal values in a bounded domain. The exact size of the represented domain de-
pends on the method we use to decode the channel vector, thus we will first derive
a decoding scheme (in section 3.2.3) and then find out the size of the represented
domain (in section 3.3).

In order to simplify the notation in (3.2), the channel positions were defined
as consecutive integers, directly corresponding to the indices of consecutive kernel
functions. We are obviously free to scale and translate the actual signal value in
any desired way, before we apply the set of kernel functions. For instance, a signal
value & can be scaled and translated using

x = scale - (£ — translation), (3.5)
to fit the domain represented by the set of kernel functions {B¥(z)}¥. Non-linear

mappings « = f(£) are of course also possible, but they should be monotonous for
the representation to be non-ambiguous.

Lusing the modulo operation mod(z, K) =z — |2/K | K
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3.2.1 Representation of multiple values

Since each signal value will only activate a small subset of channels, most of the
values in a channel vector will usually be zero. This means that for a large channel
vector, there is room for more than one scalar. This is an important aspect
of the channel representation, that gives it an advantage compared to compact
representations. For instance, we can simultaneously represent the value 7 with
confidence 0.3 and the value 3 with confidence 0.7 in the same channel vector

u=(0 0175 0.7 0.175 0 0.075 03 0.075)" .

This is useful to describe ambiguities. Using the channel representation we can
also represent the statement “no information”, which simply becomes an all zero
channel vector

u=(0 0000 0 0 0) .

There is an interesting parallel to multiple responses in biological sensory sys-
tems. If someone pokes two fingers in your back, you can feel where they are
situated if they are a certain distance apart. If they are too close however, you
will instead perceive one poking finger in-between the two. A representation where
this phenomenon can occur is called metameric in psychology?, and the states (one
poking finger, or two close poking fingers) that cannot be distinguished in the given
representation are called metamers. The metamery aspect of a channel represen-
tation (using Gaussian kernels) was studied by Snippe and Koenderink in [89, 90]
from a perceptual modelling perspective.

We will refer to the smallest distance between sensations that a channel rep-
resentation can handle as the metameric distance. Later on (section 5.4) we will
have a look at how small this distance actually is for different channel represen-
tations. The typical behaviour is that for large distances between encoded values
we have no interference, for intermediate distances we do have interference, and
for small distances the encoded values will be averaged [34, 87].

3.2.2 Properties of the cos? kernel

The cos? kernel was the first one used in a practical experiment. In [80] Nordberg et
al. applied it to a simple pose estimation problem. A network with channel inputs
was trained to estimate channel representations of distance, horizontal position,
and orientation of a wire-frame cube. The rationale for introducing the cos? kernel
was a constant norm property, and constant norm of the derivative.

Our motivations for using the cos? kernel (3.2) is that it has a localised support,
which ensures sparsity. Another motivation is that for values of w = w/N where
N € {3,4,...} we have

SBY@) =~ and Y B@)?= T (3.6)
k k

2w 8w

2 Another example of a metameric representation is colour, which basically is a three channel
representation of wavelength.
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This implies that the sum, and the vector norm of a channel value vector
generated from a single signal-confidence pair is invariant to the value of the
signal x, as long as x is within the represented domain of the channel set (for
proofs, see theorems A.3 and A.4 in the appendix). The constant sum implies
that the encoded value, and the encoded confidence can be decoded independently.
The constant norm implies that the kernels locally constitute a tight frame [22], a
property that ensures uniform distribution of signal energy in the channel space,
and makes a decoding operation easy to find.

3.2.3 Decoding a cos’ channel representation

An important property of the channel representation is the possibility to retrieve
the signal-confidence pairs stored in a channel vector. The problem of decoding
signal and confidence values from a set of channel function values, superficially re-
sembles the reconstruction of a continuous function from a set of frame coefficients.
There is however a significant difference: we are not interested in reconstructing
the exact shape of a function, we merely want to find all peak locations and their
heights.

In order to decode several signal values from a channel vector, we have to make
a local decoding, i.e. a decoding that assumes that the signal value lies in a specific
limited interval (see figure 3.3).

k  k+1 k+2

[—

[k+0.5,k+1.5]
Figure 3.3: Interval for local decoding (w = 7/3).

For the cos? kernel, and the local tight frame situation (3.6), it is suitable to
use decoding intervals of the form [k — 1+ N/2,k + N/2] (see theorem A.1 in the
appendix). The reason for this is that a signal value in such an interval will only
activate the N nearest channels, see figure 3.3. Decoding a channel vector thus
involves examining all such intervals for signal-confidence pairs, by computing
estimates using only those channels which should have been activated.

The local decoding is computed using a method illustrated in figure 3.4. The
channel values, u*, are now seen as samples from a kernel function translated to
have its peak at the represented signal value Z.

We denote the index of the first channel in the decoding interval by { (in the
figure we have | = 4), and use groups of consecutive channel values {u!, u!*1, ...,
uHN=1Y

If we assume that the channel values of the N active channels constitute an
encoding of a single signal-confidence pair (z,7), we obtain N equations
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X
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v

Figure 3.4: Example of channel values (w = 7/3, and & = 5.23).

ul rBl(z)
ult! rBl'H(x) 37)
_ ' , 3.7
ul—i-}\f—l TBI+Z\}71(I)

We will now transform an arbitrary row of this system in a number of steps

™t = B () = rcos? (w(z — 1 — d))

ul T =7 /2(1 4 cos(2w(z — | — d)) .

u! T =1 /2(1 + cos(2w(x — 1)) cos(2wd) + sin(2w(x — 1)) sin(2wd)) (3.10)
rcos(2w(x — 1))

ult = (1 cos(2wd) 3sin(2wd) 3) | rsin(w(z 1)) | . (3.11)

We can now rewrite (3.7) as

ul cos(2w0) sin(2w0) 1
ultl 1 cos(2wl) sin(2w1) 1| [reos(Ruw(z—1))
=5 ] . . rsin(2w(xz — 1))
: : : : r
ultN-1 cos(2w(N — 1)) sin(2w(N —1)) 1
p
u A
(3.12)
For N > 3, this system can be solved using a least-squares fit
h
p=| p | =(ATA)'ATu=Wu. (3.13)
b3

Here W is a constant matrix, which can be computed in advance and be used to
decode all local intervals. The final estimate of the signal value becomes

R 1 .
=1+ % arg [p1 + ip2] . (3.14)
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For the confidence estimate, we have two solutions

71 =|p1 +ip2| and 7y =ps. (3.15)

The case of w = 7/2 requires a different approach to find &, 7, and 75 since
u = Ap is under-determined when N = 2. Since the channel width w = 7/2 has
proven to be not very useful in practise, this decoding approach has been moved
to observation A.5 in the appendix.

When the two confidence measures are equal, we have a group of consecutive
channel values {u!, u!*!, ..., u!TN=11 that originate from a single signal value
x. The fraction 71 /79 is independent of scalings of the channel vector, and could
be used as a measure of the validity of the model assumption (3.7). The model
assumption will quite often be violated when we use the channel representation.
For instance, response channels estimated using a linear network will not in general
fulfill (3.7) even though we may have supplied such responses during training. We
will study the robustness of the decoding (3.14), as well as the behaviour in case
of interfering signal-confidence pairs in chapter 5. See also [36].

The solution in (3.14) is said to be a local decoding, since it has been defined
using the assumption that the signal value lies in a specific interval (illustrated in
figure 3.3). If the decoded value lies outside the interval, the local peak is probably
better described by another group of channel values. For this reason, decodings
falling outside their decoding intervals are typically neglected.

We can also note that for the local tight frame situation (3.6), the matrix AT A
becomes diagonal, and we can compute the local decoding as a local weighted
summation of complex exponentials

1 +N-1
T k22w (k—1)
F=104 5,18 [ ; u®e ] . (3.16)

For this situation the relation between neighbouring channel values tells us the
signal value, and the channel magnitudes tell us the confidence of this statement.
In signal processing it is often argued that it is important to attach a measure
of confidence to signal values [48]. The channel representation can be seen as a
unified representation of signal and confidence.

3.3 Size of the represented domain

As mentioned in section 3.2, a channel representation is only able to represent
values in a bounded domain, which has to be known beforehand. We will now
derive an expression for the size of this domain. We start by introducing a notation
for the active domain (non-zero domain, or support) of a channel

Sk = {m : Bk(l‘) > 0} = ]lk,uk[ (3.17)

where [ and wui are the lower and upper bounds of the active domain. Since
the kernels should go smoothly to zero (see section 3.2.2), this is always an open
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interval, as indicated by the brackets. For the cos? kernel (3.2), and the constant
sum situation (3.6), the common support of N channels, S becomes

SN =8, NSk1N...NSkan_1 =]k —1+N/2,k+ N/2[. (3.18)

This is proven in theorem A.1 in the appendix. See also figure 3.5 for an illustra-

tion.

Figure 3.5: Common support regions for w = /3. Left: supports Sy, for individual
channels. Right: common supports S}z.

If we perform the local decoding using groups of N channels with w = /N,
N € N/{1}, we will have decoding intervals of type (3.18). These intervals are all
of length 1, and thus they do not overlap (see figure 3.5, right). We now modify
the upper end of the intervals

Sy =1k —1+N/2,k+ N/2] (3.19)

in order to be able to join them. This makes no practical difference, since all that
happens at the boundary is that one channel becomes inactive. For a channel
representation using K channels (with K > N) we get a represented interval of

type

RE=5SYUSYU...USE_ni1=]N/2,K +1— N/2] (3.20)

This expression is derived in theorem A.2 in the appendix.
For instance K = 8, and w = /3 (and thus N = 3), as in figure 3.2, left, will
give us
R} =13/2,8+1—3/2] =]1.5,7.5].

3.3.1 A linear mapping

Normally we will need to scale and translate our measurements to fit the rep-
resented domain for a given channel set. We will now describe how this linear
mapping is found.

If we have a variable ¢ € [r;,r,] that we wish to map to the domain RY =
|Rr, Ry] using © = t1€ + to, we get the system

(B = (0 ) (o) o

Ry — R

Tu —T1

with the solution

tl and to = RL - t17‘l . (322)
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Inserting the boundaries of the represented domain R%, see (3.20) gives us

_K+1-N

Ty — T

N
tl and t() = ? - tlTl . (323)
This expression will be used in the experiment sections to scale data to a given
set of kernels.

3.4 Summary

In this chapter we have introduced the channel representation concept. Impor-
tant properties of channel representations are that we can represent ambiguous
statements, such as “either the value 3 or the value 7”. We can also represent
the confidence we have in each hypothesis, i.e. statements like “the value 3 with
confidence 0.6 or the value 7 with confidence 0.4” are possible. We are also able
to represent the statement “no information”, using an all zero channel vector.

The signal-confidence pairs stored in a channel vector can be retrieved using a
local decoding. The local decoding problem superficially resembles the reconstruc-
tion of a continuous signal from a set of samples, but it is actually different, since
we are only interested in finding the peaks of a function. We also note that the
decoding has to be local in order to decode multiple values.

An important limitation in channel representation is that we can only represent
signals with bounded values. I.e. we must know a largest possible value, and a
smallest possible value of the signal to represent. For a bounded signal, we can
derive an optimal linear mapping that maps the signal to the interval a given
channel set can represent.
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Chapter 4

Mode Seeking and
Clustering

In this chapter we will relate averaging in the channel representation to estima-
tion methods from robust statistics. We do this by re-introducing the channel
representation in a slightly different formulation.

4.1 Density estimation

Assume that we have a set of vectors x,,, that are measurements from the same
source. Given this set of measurements, can we make any prediction regarding
a new measurement? If the process that generates the measurements does not
change over time it is said to be a stationary stochastic process, and for a stationary
process, an important property is the relative frequencies of the measurements.
Estimation of relative frequencies is exactly what is done in probability density
estimation.

4.1.1 Kernel density estimation

If the data x,, € R? come from a discrete distribution, we could simply count the
number of occurrences of each value of x,,, and use the relative frequencies of the
values as measures of probability. An example of this is a histogram computation.
However, if the data has a continuous distribution, we instead need to estimate a
probability density function (PDF) f : R? — R, U {0}. Each value f(x) is non-
negative, and is called a probability density for the value x. This should not be
confused with the probability of obtaining a given value, which is normally zero for
a signal with a continuous distribution. The integral of f(x) over a domain tell us
the probability of x occurring in this domain. In all practical situations we have
a finite amount of samples, and we will thus somehow have to limit the degrees
of freedom of the PDF, in order to avoid over-fitting to the sample set. Usually a
smoothness constraint is applied, as in the kernel density estimation methods, see
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e.g. [7, 43]. A kernel density estimator estimates the value of the PDF in point x
as

f(X)ZﬁiK(X;X") (4.1)

where K(x) is the kernel function, and h is a scaling parameter that is usually
called the kernel width, and d is the dimensionality of the vector space. If we
require that

H(x)>0 and /H(x)dx =1 for H(x)= %K (%) (4.2)

we know that f(x) > 0 and J f(x)dx = 1 as is required of a PDF.

Using the scaled kernel H(x) above, we can rewrite (4.1) as

Fx) = % S H(x - x). (4.3)

In other words (4.1) is a sample average of H(x —X,). As the number of samples
tends to infinity, we obtain

N
lim Nihd YK (x _hx") = E{H(x-x,)} = /f(xn)H(x — x,)dx,,
— (f+ H)(x). (4.4)

This means that in an expectation sense, the kernel H(x) can be interpreted as
a low-pass filter acting on the PDF f(x). This is also pointed out in [43]. Thus
H(x) is the smoothness constraint, or regularisation, that makes the estimate
more stable. This is illustrated in figure 4.1. The figure shows three kernel density
estimates from the same sample set, using a Gaussian kernel

K(x) = (27T1)d e 05X x (4.5)

with three different kernel widths.

4.2 Mode seeking

If the data come from a number of different sources, it would be a useful aid in
prediction of new measurements to have estimates of the means and covariances of
the individual sources, or modes of the distribution. See figure 4.1 for an example
of a distribution with four distinct modes (the peaks). Averaging of samples in
channel representation [47, 80, 34] (see also chapter 3), followed by a local decoding
is one way to estimate the modes of a distribution.
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Figure 4.1: Kernel density estimates for three different kernel widths.

4.2.1 Channel averaging

With the interpretation of the convolution in (4.4) as a low-pass filter, it is easy to
make the association to signal processing with sampled signals, and suggest regular
sampling as a representation of f (x). If the sample space R? is low dimensional,
and samples only occur in a bounded domain' A, (ie. f(x) = 0 Vx ¢ A) it
is feasible to represent f (x) by estimates of its values at regular positions. If
the sample set S = {x,,}V is large this would also reduce memory requirements
compared to storing all samples.

Note that the analogy with signal processing and sampled signals should not
be taken too literally. We are not at present interested in the exact shape of the
PDF, we merely want to find the modes, and this does not require the kernel H (x)
to constitute a band-limitation, as would have been the case if reconstruction of
(the band-limited version of) the continuous signal f(x), from its samples was our
goal.

For simplicity of notation, we only consider the case of a one dimensional PDF
f(x) in the rest of this section. Higher dimensional channel representations will
be introduced in section 5.6.

In the channel representation, a set of non-negative kernel functions {H"(z)} X
is applied to each of the samples x,, and the result is optionally weighted with a
confidence r,, > 0,

w, =1y (H(z,) H2(z,) ... HE()'. (4.6)

This operation defines the channel encoding of the signal-confidence pair (z,, ),
and the resultant vector u, constitutes a channel representation of the signal—
confidence, provided that the channel encoding is injective for r # 0, i.e. there
exists a corresponding decoding that reconstructs the signal, and its confidence
from the channels.

We additionally require that the consecutive, integer displaced kernels H*(z),
are shifted versions of an even function H(z), i.e.

H¥2)=H(z—k)=H(k —z). (4.7)

'Bounded in the sense that A C {x: (x — m)TM(x — m) < 1} for some choice of m and M.
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We now consider an average of channel vectors

N N
1 1
u= N T?:l u, with elements u* = N 7;:1 Ulfl . (4.8)

If we neglect the confidence r,,, we have

u

3=

= H(zn — k) = H(k — z). (4.9)

By inserting (4.9) into (4.8) we see that u* = f(k) according to (4.3). In other
words, averaging of samples in the channel representation is equivalent to a reqular
sampling of a kernel density estimator. Consequently, the expectation value of a
channel vector u is a sampling of the PDF f(z) filtered with the kernel H(x).
L.e. for each channel value we have

E{uh} = B{H*(z,)} = / HM@)f(r)de = (f« H)(k).  (4.10)

We now generalise the interpretation of the local decoding in section 3.2.3.
The local decoding of a channel vector is a procedure that takes a subset of the
channel values (e.g. {u*...u**M~1}) and computes the mode location z, the
confidence/probability density r, and if possible the standard deviation o of the
mode

{z,r,0} = dec(u® uF 1 .. uFTNL), (4.11)

The actual expressions to compute the mode parameters depend on the used
kernel. A local decoding for the cos? kernel was derived in section 3.2.3. This
decoding did not give an estimate of the standard deviation, but in chapter 5 we
will derive local decodings for Gaussian and B-spline kernels as well (in sections
5.1.1 and 5.2.2), and this motivates the general formulation above.

4.2.2 Expectation value of the local decoding

We have identified the local decoding as a mode estimation procedure. Naturally
we would like our mode estimation to be as accurate as possible, and we also want
it to be unbiased. This can be investigated using the expectation value of the local
decoding. Recall the expectation value of a channel (4.10). For the cos? kernel
this becomes

E{uky = /S cos?(w(x — k) f(x)dz (4.12)

where Sy is the support of kernel k (see section 3.3). We will now require that
the PDF is restricted to the common support SlN used in the local decoding. This
allows us to write the expectation value of one of the channel values used in the
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decoding as

E{ultd} = /SN cos?(w(x — 1 — d)) f(x)dx

szN cos(2w(x — 1)) f(x)dx
(cos(2wd)  sin(2wd) 1) fSlN sin(2w(z — 1)) f(z)dx (4.13)
fslN f(z)dz

E{p}

using the same method as in (3.8)-(3.11). We can now stack such equations for all
involved channel values, and solve for E{p}. This is exactly what we did in the
derivation of the local decoding. If we assume a Dirac PDF, i.e. f(z) = rd(z — p),
we obtain

N =

rcos(2w(p — 1))

E{p} = | rsinRw(p—1)) | . (4.14)

Plugging this into the final decoding step (3.14) gives us the mode estimate & = p.
In general however, (3.14) will not give us the exact mode location. In appendix
A, theorem A.6 we prove that, if a mode f is restricted to the support of the
decoding S}V, and is even about the mean u (i.e. f(u+x) = f(p—z)), (3.14) is
an unbiased estimate of the mean

B} =1+ 5 ag[B{pi} +iB{pa)] = p = B}, (4.15)

When f has an odd component, the local decoding tends to overshoot the mean
slightly, seemingly always in the direction of the mode of the density®. In general
however, these conditions are not fulfilled. It is for instance impossible to have a
shift invariant estimate for non-Dirac densities, when the decoding intervals S}
are non-overlapping. For an experimental evaluation of the behaviour under more
general conditions, see [36].

4.2.3 Mean-shift filtering

An alternative way to find the modes of a distribution is through gradient ascent
on (4.1), as is done in mean-shift filtering [43, 16]. Mean-shift filtering is a way to
cluster a sample set, by moving each sample toward the closest mode, and this is
done through gradient ascent on the kernel density estimate.

Assuming that the kernel K(x) is differentiable, the gradient of f(x) can be
estimated as the gradient of (4.1). Le

N
Vf(x) = W Y VK <X hx") : (4.16)

=1

This expression becomes particularly simple if we use the Epanechnikov kernel [43]

?Note that this is an empirical observation, no proof is given.
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K(x) c(1-xTx) ifxTx<1 (4.17)
X) = .
0 otherwise.

Here c is a normalising constant that ensures [ K (x)dx = 1. For the kernel (4.17)
we define® the gradient as

-2 if xTx <1
VK(x)=4 = nX¥*= (4.18)
0 otherwise.
Inserting this into (4.16) gives us
- 2c
Vi) =30 > (xn—x), (4.19)

Xn €Sp (%)

where Sj,(x) = {x, € R?: ||x,, — x|| < h} is the support of the kernel (4.17).
Instead of doing gradient ascent using (4.19) directly, Fukunaga and Hostetler
[43] use an approximation of the normalised gradient

. _Vf(x) _ d+2
Vin f(x) = 70 = Tm(x) (4.20)

where m(x) is the mean shift vector
m(x) = ) > (% —x). (4.21)
Xn €Sp (%)

Here k(x) is the number of samples inside the support S, (x).
Using the normalised gradient, [43] proceeds to define the following clustering
algorithm

Z0

x =X,
For all n { S = %04 oV In (%) (4.22)
where a should be chosen to guarantee convergence. In [43] the choice
a = h%/(d + 2) is made. This results in the iteration rule
gitl = 1 %! (4.23)
k(x) _ o
xi €Sy (%)

That is, in each iteration we replace X’ by a mean inside a window centred
around it. Cheng [16] calls this mean of already shifted points a blurring process,
and contrasts this with the non-blurring process

a1
x+1_@ > xa (4.24)

Xn €S (X?)

T

3The gradient is actually undefined when xTx = 1.
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The behaviour of the two approaches for clustering are similar, but only the
non-blurring mean-shift is mode seeking, and is the one that is typically used.
Cheng also generalises the concept of mean shift, by considering (4.24) to be a
mean shift using the uniform kernel,

K (x) 1 xTx<1 (4.25)
X) = .
0 otherwise,

and suggests other weightings inside the window Sj(x). The generalised mean-
shift iteration now becomes

Lt _ EZK [(;E;n—iz’)‘n _ (4.26)

Since mean shift according to (4.26) using the kernel (4.25) finds the modes of
(4.1) using the Epanechnikov kernel (4.17), the Epanechnikov kernel is said to be
the shadow of the uniform kernel. Similarly mean shift using other kernels finds
peaks of (4.1) computed from their shadow kernels.

Figure 4.2 shows an illustration of mean shift clustering. A mean shift iteration
has been started in each of the data points, and the trajectories X°, X', ...%* have
been plotted. As can be seen in the centre plot, all trajectories end in either of

five points, indicating successful clustering of the data set.

M 0.2

0.5 0.5 2,
0.1 II':O
> //// '"“ \ \\‘::: "‘ ‘&\\ \
0.l Ny N
-05 -05 1 'N ‘\\\\\:ft?;f‘f‘ ‘3“‘

Figure 4.2: Illustration of mean shift filtering. Left: data set. Centre: trajectories
of the mean shift iterations using a uniform kernel with h = 0.3. Right: Kernel
density estimate using Epanechnikov kernel with h = 0.3.

Gradient ascent with fixed step length often suffers from slow convergence, but
(4.26) has the advantage that it moves quickly near points of low density (this
can be inferred by observing that the denominator of (4.26) is a kernel density
estimator without the normalisation factor.).

Mean shift filtering was recently re-introduced in the signal processing com-
munity by the Cheng paper [16], and has been developed by Comaniciu and Meer
in [19, 20] into algorithms for edge-preserving filtering, and segmentation.
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4.2.4 M-estimators

M-estimation* (first described by Huber in [62] according to Hampel et al. [56]),
or the approach based on influence functions [56] is a technique that attempts to
remove the sensitivity to outliers in parameter estimation. Assume {x,}! are
samples in some parameter space, and we want to estimate the parameter choice
X that best fits the data. This estimation problem is defined by the the following
objective function

N
X = argmin J(x) = arg minz p(rn/h) where 7, =[x —x,]|. (4.27)
n=1

Here p(r) is an error norm?®, r, are residuals, and h is a scale parameter. The

error norm p(r) should be nondecreasing with increasing r [95].

Both the least-squares problem, and median computation are special cases of
M-estimation with the error norms p(r) = r2, and p(r) = |r| respectively. See
figure 4.3 for some common examples of error norms.

2 2 2 2
15 15 15 15
1 1 1 1
05 05 05 w 05 \/_
92 0 2 92 0 2 92 0 2 92 0 2
Least squares Least absolute Biweight Cutoff-squares

Figure 4.3: Some common error norms.

Note that, in general, (4.27) is a non-convex problem which may have several
local minima.
Solutions to (4.27) are also solutions to

al dp(r)

Zg@(rn/h)zo where o(r) = o (4.28)

n=1

The function ¢(r) is called the influence function. The solution to (4.27) or (4.28)
is typically found using iterated reweighted least-squares® (IRLS), see e.g. [109, 95].
As the name suggests IRLS is an iterative algorithm. In general it requires an
initial guess close to the optimum of (4.27).

To derive IRLS we start by assuming that the expression to be minimised in
(4.27) can be written as a weighted least-squares expression

4The name comes from “generalized maximum likelihood” according to [56].
5The error norm is sometimes called a loss function.
6Tterated reweighted least squares is also known as a W-estimator [56].
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N

N
= _plra/h) = Z w(ra/h). (4.29)
n=1

We now compute the gradient with respect to {r,}?' of both sides

%((p(rl/h) cp(rN/h))T:%(rnw(rn/h) o rvwlrn /)T (430)

This system of equations is fulfilled for the weight function w(r) = ¢(r)/r/2. This
can be simplified to w(r) = (r)/r, while still giving a solution to (4.27). This
gives us the weights for one step in the IRLS process:

N
%' = arg min Z(r;)Qw(r;_l/h) where 7! = [|X' — x,]|. (4.31)

Each iteration of (4.31) is a convex problem, which can be solved by standard
techniques for least-squares problems, such as Gaussian elimination or SVD. By
computing the derivative with respect to X* (treating w as constant weights), we
get

N
D 2% = xp)w(rl ' /h) =0 (4.32)
n=1
with the solution
S Sl ) Sl = xl/h)
S w(ry ' /h) >w([[x = = xal|/h)
By comparing this with (4.26), we see that the iterations in IRLS are equivalent

to those in mean-shift filtering if we set the kernel in mean-shift filtering equal to
the scaled weight function in IRLS i.e.

(4.33)

K(x—xp) =w(||x —xu||/h). (4.34)

From this we can also infer that the error norm corresponds to the kernel of the
corresponding kernel density estimator, up to a sign (mean-shift is a maximisation,
and M-estimation is a minimisation) and an offset.

4.2.5 Relation to clustering

Clustering is the problem of partitioning a non-labelled data set into a number
of clusters, or classes, in such a way that similar samples are grouped into the
same cluster. Clustering is also known as data partitioning, segmentation and
vector quantisation. It is also one of the approaches to unsupervised learning. See
g. [63] for an overview of different clustering approaches.
The mode seeking problem is related to clustering in the sense that each mode
can be seen as a natural cluster prototype. For mean shift, this connection is
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especially direct, since each sample can be assigned a class label depending on
which mode the mean-shift iteration ended in [19, 20]. For channel averaging we
can use the distances to each of the decoded modes to decide which cluster a
sample should belong to.

4.3 Summary and comparison

In this chapter we have explained three methods that find modes in a distribution.
All three methods start from a set of samples, and have been shown to estimate
the modes of the samples under a regularisation with a smoothing kernel (for M-
estimation we only get one mode). We have shown that non-blurring meanshift is
equivalent to a set of M-estimations using IRLS started in each sample. Channel
averaging, on the other hand is a different method, that approaches the same
problem from a different angle.

Which method is preferable depends on the problem to be solved. Both chan-
nel averaging and mean-shift filtering are intended for estimation of all modes of a
distribution, or for clustering. If we have a large number of samples inside the ker-
nel window, mean-shift filtering is at a disadvantage, since each iteration involves
an evaluation of e.g. (4.16) for all samples, which would be cumbersome indeed.
In contrast, for mode seeking using channel averaging, only the averaging step is
affected by the number of samples. Another advantage with channel averaging
is that it has a constant data-independent complexity. For mean-shift we can
only have an expected computational complexity since it is an iterative method,
where the convergence speed depends on the data. For high dimensional sample
spaces, or if the domain of the sample space is large, mean-shift is at an advantage,
since the number of required channels grows exponentially with the vector space
dimension. When the used kernel is small, mean-shift also becomes favourable.



Chapter 5

Kernels for Channel
Representation

In this chapter we will introduce two new kernel functions and derive encodings
and local decodings for them. The kernels are then compared with the cos? kernel
(introduced in chapter 3), with respect to a number of properties. We also intro-
duce the notion of stochastic kernels, and study the interference of multiple peaks
when decoding a channel vector. Finally we extend the channel representation to
higher dimensions.

5.1 The Gaussian kernel

Inspired by the similarities between channel averaging and kernel density estima-
tion (see sections 4.1.1 and 4.2.1) we now introduce the Gaussian kernel

(z — k)?
Bf(z)=e 202 . (5.1)

Here the k parameter is the channel centre, and ¢ is the channel width. The
o parameter can be related to the w parameter of the cos? kernel by requiring
that the areas under the kernels should be the same. Since Agauss = \/ﬂa, and
Acos2 = /2w, we get

o=/n/8)w and w=/7/8/c. (5.2)

Just like before, channel encoding is done according to (3.1). Figure 5.1 shows an
example of a Gaussian channel set. Compared to the cos? kernel, the Gaussian
kernel has the disadvantage of not having a compact support. This means that
we will always have small non-zero values in each channel (unless we threshold the
channel vector, or weight the channel values with a relevance r = 0). Additionally,
the Gaussian kernels do not have either constant sum or norm as the cos? kernels
do, see (3.6).
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Figure 5.1: Example of a Gaussian channel set. The width ¢ = 0.6 corresponds
roughly to w = /3.

5.1.1 A local decoding for the Gaussian kernel

We will now devise a local decoding for this channel representation as well. If we
look at three neighbouring channel values around k£ = [, we obtain three equations

ul=1 B (2)
ul = rB'(z) . (5.3)
ul+1 TBl+1({E)

The logarithm of an arbitrary row can be written as

—1—d)?
Inu't =Inr+ BT (z) =Inr — % (5.4)
T
2
(1 d @) (w5 ) 65)
p

If we apply this to each row of (5.3), we obtain an equation system of the form

Inu=Dp (5.6)
with the solution
0 1 0
p=| -3 0 3 |hu. (5.7)
E— i
2 2
D71

From the solution p we can find the estimates z, &, and 7 as

p3

1 pr— >
g=1-22 5=, /-— and i=ec 4P3.
2p3 2p3

This gives us one decoding per group of 3 channels. Just like in the cos? de-
coding (see section 3.2.3) we remove those decodings that lie more than a distance
0.5 from the decoding interval centre, since the corresponding peak is probably
better described by another group of channels.
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The Gaussian kernel has potential for use in channel averaging, see section
4.2.1, since they provide a direct estimate of the standard deviation for an additive
Gaussian noise component. Using the addition theorem for Gaussian variances, we
can estimate the noise as énojse = V62 — 2. Just like in the cos? case, the #-value
of the decoding is the probability density at the mode. The new parameter Gycise
tells us the width of the mode, and can be seen as a measure of how accurate the
localisation of the mode is. For a high confidence in a peak location yeise should
be small, and #N (where N is the number of samples) should be large.

5.2 The B-spline kernel

B-splines are a family of functions normally used to define a basis for interpolating
splines, see e.g. [21, 100]. The central! B-spline of degree zero is defined as a

rectangular pulse
1 -05<2<05
BO(z) = { =7 (5.8)

0 otherwise.

B-splines of higher degrees are defined recursively, and can be obtained through
convolutions

B"(z) =B" ' «B%2) =B’ «B’...«B%(x) . (5.9)

(n+1) times

As the degree is increased, the basis functions tend toward a Gaussian shape (see
figure 5.2). In fact, according to the central limit theorem, a Gaussian is obtained
as n approaches infinity.

LA A nn

Figure 5.2: Central B-splines of degrees 0,1...5.

If we require explicit expressions for the piecewise polynomials which the B-
spline counsists of, the following recurrence relation [21] is useful

_ z+ (n + 1)/2Bn—1

)+ R Ty (sa0)

n 1/2

Bn (x)

n

Here, shifted versions of a B-spline are denoted Bj(z) = B"(x — k). Using (5.10),
we obtain the following expression for B-splines of degree 1

IB-splines are often defined with B®(z) having the support x € [0, 1] instead.
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B'(z) = (2 + 1)BL} 5(2) + (1 — 2)BY )5 () (5.11)
r+1 —-1<x<0
=q1l—2 0<z<1 (5.12)
0 otherwise.

For degree 2 we get

z+3/2 3/2—z

B(a) = Bl o () + B () 6513
B %BL@) * (Z - $2> BY(z) + %B?(x) (5.14)
(z+3/2)?%/2 -1.5<x<-05
3/4—a? —-05<2<05
(x—3/2)2/2 05<x<15 (5.15)
0 otherwise.

By applying the binomial theorem on the Fourier transform of (5.9), and going
back it is also possible to derive the following expression [100]

n+1

B (x) — % kZ:O (”Z 1)(—1)kmax <O,m . ";1)n . (5.16)

5.2.1 Properties of B-splines
The B-spline family have a number of useful properties:

1. Positivity
B"(z) >0, z€]-(n+1)/2,(n+1)/2[.

2. Compact support
B"(z)=0, 2 ¢[-(n+1)/2,(n+1)/2] .

3. Constant sum
ZB}Z(I) =1 regardless of x. (5.17)
k

For a proof, see theorem B.1 in the appendix.

4. For B-splines of degree n > 1, the original scalar value may be retrieved by
the first moment

x =Y kBj(x). (5.18)
k

For a proof, see theorem B.2 in the appendix.
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These properties, make B-splines useful candidates for kernels in the channel
representation.

5.2.2 B-spline channel encoding and local decoding

Using B-spline kernels of degree > 1 we may define a B-spline channel represen-
tation, where a signal-confidence pair (z,r) can be encoded according to (3.1).
L.e. we have

uF = rBy(z). (5.19)

Due to the constant sum property of the B-spline kernel (5.17), the confidence
may be extracted from a channel set as

r=> u. (5.20)
k

We can further retrieve the signal value times the confidence using the first moment
(see equation 5.18)

xr:Zkzuk.
k

Thus it is convenient to first compute the confidence, and then to extract the
signal value as

Y kd 1 &
k

Figure 5.3 shows an example of a B-spline channel set. Just like the cos? kernel,
the B-splines have compact support, and constant sum. Their norm however is not
constant. A value x encoded using a B-spline channel representation of degree n,
will have at most n 41 active channel values. This makes a local decoding using a
group of n+1 consecutive channel values reasonable. It also means that a B-spline
channel representation of degree n is comparable to a cos? channel representation
with width

w=mw/(n+1). (5.22)

Just like in the cos? and Gaussian decodings, (see sections 3.2.3 and 5.1.1)
we remove those decodings that lie more than a distance 0.5 from the decoding
window centre.

Note that the local decoding described here assumes a Dirac PDF, see section
4.2.2. A more elaborate local decoding, which deals with non-Dirac PDF's has
been developed by Felsberg, and a joint publication is under way [30].
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Figure 5.3: Example of a B-spline channel set. The degree n = 2 is comparable to
w = 7/3 for the cos? kernels.

5.3 Comparison of kernel properties

In this section we will compare the three kernel families, cos?, Gaussians and
B-splines. We will compare them according to a number of different criteria.

5.3.1 The constant sum property

The sum? of a channel vector u =7 (B*(z) B?*(z) ... B® (x))T is given by
K K
@)l =) B (@) =r)_B"(x). (5.23)
k=1 k=1

As proven in theorems A.3 and B.1, (5.23) is constant for cos? and B-spline
channels as long as z is inside the represented domain (i.e. z € RKX). Note that
since the Gaussian kernels do not have compact support, (5.23) will actually de-
pend on the value of K. Figure 5.4 (left) shows numerical evaluations of (5.23)
for 0 = 0.4, 0.6, 0.8, and 1.0. A channel set of K = 11 channels has been used,
with channel positions —3, —2,...7.

As can be seen in the figure the sum peaks near channel positions and has
distinct minima right in-between two channel positions. To measure the amount
of deviation we use a normalised peak-to-peak distance

epp = (max([|ul[1) — min([|ul[1))/mean([[ul]1) . (5.24)

This measure is plotted in figure 5.4 (right). As can be seen, the sum is practically
constant for o > 0.6. For a finite number of channels, the deviation from the result
in figure 5.4 is very small®.

2Since the channel representation is non-negative, the sum is actually the 1 norm.
3When K = 500, the deviation is less than 2 x 10~ (worst case is o = 1.0).
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Figure 5.4: Sum as function of position. Left: Sums for ¢ = 0.4,0.6,0.8,1.0
(bottom to top). Right: Normalised peak-to-peak distance e,,(c).

5.3.2 The constant norm property

The I, norm ||uf| of a channel vector u(z) = r (B'(z) B?*(z) ... BK(x))T is
given by
K
[[u(2)|]* = r* Z BF(2)2. (5.25)
k=1

As proven in theorem A.4, (5.25) is constant for cos® channels as long as z is
inside the represented domain (i.e. z € RY). Since the Gaussian kernels do not
have compact support, (5.25) will depend on the value of K, so they are a bit
problematic. Figure 5.5 shows a numerical comparison of Gaussian and B-spline
kernels. In order to compare them, kernels with corresponding* widths have been
used (i.e according to o = (n + 1)/v/87). The experiment used K = 11 channels
positioned at —3,—2,...7. For a finite number of channels, the deviation from
this experiment is very small® for the Gaussians.

As can be seen in the figure the norm peaks near channel positions and has
distinct minima right in-between two channel positions. To compare the amount
of deviation we use a normalised peak-to-peak distance

epp = (max([uf]) — min(|[ul[)) /mean(][ul]) (5.26)

on the interval [0,4]. Figure 5.5 (right) shows plots of this measure for the Gaussian
and B-spline kernels. As can be seen, both kernels tend toward a constant norm as
the channel width is increased. The Gaussians however have a significantly faster
convergence. This is most likely due to their non compact support. For all widths
except (n =1, 0 = 0.4) the deviation is smaller for the Gaussians.

4For a motivation to the actual correspondence criteria see discussion around (5.2) and (5.22).
5When K = 500, the deviation is less than 5 x 10710 (worst case is o = 1.0).
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Figure 5.5: Norm as function of position. Left: Using B-spline kernels n = 1,2,3,4
(top to bottom curves). Centre: Using Gaussian kernels with o = 0.40, 0.60, 0.80,
1.00 (bottom to top curves). Right: Solid epp(0) for Gaussian kernels. Crosses
indicate the B-spline results for n = 1,2, 3, 4.

5.3.3 The scalar product

We will now have a look at the scalar product of two channel vectors. Note that
the constant norm property does not imply a position invariant scalar product,
merely that the highest value of the scalar product stays constant. We will thus
compare all three kernels. Figure 5.6 shows a graphical comparison of the scalar
product functions for cos?, B-spline, and Gaussian kernels.

In this experiment we have encoded the value 0, and computed scalar products
between this vector and encodings of varying positions. i.e.

K
s(z) = u(0)"u(z) = Y B*(0)B*(x). (5.27)
k=1

Each plot shows 10 superimposed curves s(x), where the channel positions have
displaced in steps of 0.1. Le.

B*(0 — d)B* (2 — d) (5.28)

] =

s(z) =
k=1

for d € {0,0.1,0.2,...0.9}. As can be seen, the scalar product is position variant
for all kernels, but the amount of variance with position decreases as the channel
width increases. For the cos? kernel, the position variance goes to zero as we
approach the peak of scalar product function (5.27). As we increase the channel
widths the position variance drops for the other kernels, and especially for the
Gaussians with o = 1.0, s(x) looks very stable.

The problem with the position variance of the scalar product is two-fold. As
figure 5.7 illustrates, the peak of the scalar product is even moved as the alignment
changes.

Such a behaviour would make the scalar product unsuitable e.g. as a measure of
similarity. To avoid the displacement of the peak, we could consider a normalised
scalar product
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Figure 5.6: Superimposed scalar product functions for different alignments of the
channel positions. Top to bottom: cos?, Gaussian, and B-spline kernels. Left to
right: w =7/3,7/4,7/5, 0 =0.6,0.8,1.0, n = 2,3, 4.

u(0)" u(z)
" M (>29)
Figure 5.8 shows the same experiment as in figure 5.6, but using the normalised
scalar product (5.29). As can be seen, the normalisation ensures the the peak is in
the right place for all kernels, but it does not make all of the position dependency
problems go away.
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Figure 5.7: Different peak positions for different channel alignments. Left: Two
Gaussian scalar product functions (o = 0.6). Right: Two B-spline scalar product
functions (n = 2).
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Figure 5.8: Superimposed normalised scalar product functions for different align-
ments of the channel positions. Top to bottom: cos?, Gaussian, and B-spline
kernels. Left to right: w = n/3,7/4,7/5, 0 = 0.6,0.8,1.0, n = 2,3,4.
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5.4 Metameric distance

As mentioned in section 3.2.1, the channel representation is able to represent mul-
tiple values. In this section we will study interference between multiple values
represented in a channel vector. A representation where the representation of two
values is sometimes confused with their average is called a metameric representa-
tion, see section 3.2.1. To study this behaviour for the channel representation, we
now channel encode two signals, sum their channel representations, and decode.
The two signals we will use are

filz)=2 and fo(z)=6—2 for =z €]0,6]. (5.30)

These signals are shown in figure 5.9, left. As can be seen they are different
near the edges of the plot, and more similar in value near the centre. If we
channel encode these signals and decode their sum, we will obtain two distinct
decodings near the edges of the plot, and near the centre of the plot we will obtain
their average. Initially we will use a channel representation with integer channel
positions, and a channel width of w = 7/3. The centre plot of figure 5.9 shows the
result of channel encoding, summing and decoding the two signals.

6 6 6
5 5 5
4 4 4
3 3 3
2 2 2
1 1 1
% 2 4 s % 2 4 s % 2 4 6

Figure 5.9: Illustration of metamerism. Left: Input signals. Centre: Decoded out-
puts. Using cos? channels at integer positions, and w = 7/3. Right: Result using
channels at half integer positions instead. Dotted curves are the input signals.

This nice result is however merely a special case. If we move the channel
positions such that they are not positioned at integer positions we will get different
results. Figure 5.9, right shows the result when the channels are positioned at
half-integers instead. As can be seen here, we now have an interval of interference,
where the decoded values have moved closer to each other, before the interval
where the two values are averaged. The two cases in figure 5.9 are the extreme
cases in terms of allowable value distance. When the channel positions are aligned
with the intersection point of the two signals, as in the centre plot, the smallest
allowed distance, or metameric distance is the largest, dym = 2.0. When the
signal intersection point falls right in-between two channel positions, the metameric
distance is the smallest d,,.,, = 1.5.
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The metameric distance also depends on the used channel width. The top row
of figure 5.10 shows the metameric distances for three different channel widths of
the cos? kernel. Each plot shows 10 superimposed curves, generated using different
alignments of the signal intersection point and the channel positions. From these
plots we can see that the metameric distance increases with the channel width.
Another effect of increasing the channel width is that the position dependency of
the interference is reduced.

The experiment is repeated for the B-spline, and the Gaussian kernels in figure
5.10, middle and bottom rows. We have chosen kernel widths corresponding to the
ones for the cos? kernel according to (5.2), and (5.22). As can be seen, the cos?,
and the B-spline kernel behave similarly, while the Gaussian kernel has a slightly
slower increase in metameric distance with increasing kernel width. The reason
for this is that we have used a constant decoding window size for the Gaussian
kernel, whereas the window size increases with the channel width for both cos?
and B-spline kernels.
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Figure 5.10: Metamerism for different channel widths. Top row: cos? channels,
width w = 7/3, 7/4, 7/5. Middle row: B-spline channels, order 2, 3, 4. Bottom
row: Gaussian channels, o = 0.6, 0.8, 1.0. All plots show 10 superimposed curves
with different alignments of the channel centres.
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5.5 Stochastic kernels

In section 4.2.1 we identified averages of channel values as samples from a PDF
convolved with the used kernel function. Now, we will instead assume that we
have measurements z,, from some source &, and that the measurements have been
contaminated with additive noise from a source D, i.e.

Tp =Ppn+n, with p, €S and n, €D. (5.31)

For this situation a channel representation using a kernel H (x) will have channels
with expectation values

El{uy} = (f*n*xH)(x—k). (5.32)

Here f(x), and n(z) are the density functions of the source and the noise respec-
tively. If the number of samples in an average is reasonably large, it makes sense
to view (n x H)(x — k) as a stochastic kernel.5 In order to make the stochastic
kernel as compact as possible, we will now consider the rectangular kernel
1 when —-05<zxz—-k<05
Hrz)y=¢ " = (5.33)
0 otherwise.
Figure 5.11 shows estimates of three stochastic kernels, together with the PDF

of the added noise. The noise is of triangular”, or TPDF type, and is what is
typically used to de-correlate the errors in audio quantisation with dithering [60].

1 1 1

0.5 : : 0.5 : : 0.5

0 0 0
0 1 2 3 4 0 1 2 3 4 -2 0 2

Figure 5.11: Stochastic bins. Left: Estimated PDFs of H*(z) = 1 for k € [1,2, 3].
Centre: PDF's with addition of noise before the kernel function. Right: Estimated
density of noise.

In general, the kernel (5.33) is not a good choice for density estimation. If
f(z) is discontinuous, or changes rapidly, it will cause aliasing-like effects on the
estimated PDF. Such aliasing effects can be reduced by dithering see e.g. [54].
Dithering is the process of adding a small amount of noise (with certain charac-
teristics) to a signal prior to a quantisation. Dithering is commonly used in image

SFor earlier accounts of this idea, see [34, 36].
7A triangular noise sample is generated by averaging two samples from a rectangular distri-
bution.
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reproduction with a small number of available intensities or colours, as well as in
perceptual quality improvement of digital audio [60].

5.5.1 Varied noise level

We will now have a look at how the precision of a local decoding is affected by
addition of noise before applying the kernel functions. We will use three channels
k = 1,2,3, with kernels H*(x) as defined in (5.33), and channel encode mea-
surements x,, corresponding to source values p € [1.5,2.5]. To obtain the mode
location with better accuracy than the channel distance, we use the local decoding
derived for the Gaussian kernel (see section 5.1.1).

We will try averages of N = 10, 30, and 1000 samples, and compute the
absolute error |Z —pl|, where Z is the local decoding. To remove any bias introduced
by the source value p (and also to make the curves less noisy) the errors are
averaged over all tested source values, giving a mean absolute error (MAE). We
will try source values p € [1.5,2.5] in steps of 0.01.

The standard deviation of the noise 7, see (5.31), is varied in the range [0, 1] in
steps of 0.01. Two noise distributions are tested, rectangular noise and triangular
noise. The plots in figure 5.12 show the results.
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Figure 5.12: MAE of local decoding as function of noise level.
Top row: Results using rectangular noise. Bottom row: Results using triangular
noise. Left to right: Number of samples N = 10, N = 30, N = 1000. Solid curves
show MAE for rectangular kernels, dashed curves show MAE for Gaussian kernels
with o = 0.8. Number of source values for which the curves are averaged is 101.

As can be seen in the plot, the optimal noise level is actually above zero for
the rectangular kernel. This is due to the expectation of the channel values being
the convolution of the kernel and the noise PDF, see (5.32). The added noise thus
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results in a smoother PDF sampling. Finding the optimal noise given a kernel
function will be called the dithering problem.

Which noise is optimal depends on the source density f(x), and on the used
decoding scheme. In this experiment it is thus reasonable to assume that the more
similar the noise density convolved with the kernel is to a Gaussian, the better the
accuracy. The dashed curves in each plot show the performance of overlapping
bins with Gaussian kernels of width 0 = 0.8. As can be seen in the plots, for
large number of samples the performances of the two kernels are similar once the
dithering noise is above a certain level.

Biological neurons are known to have binary responses (i.e. at a given time
instant they either fire or don’t fire). They are able to convey graded information
by having the rate of firing depend on the sum of the incoming (afferent) signals.
This behaviour could be modelled as (temporally local) averaging with noise added
before application of a threshold (activation function). If the temporal averaging in
the neurons is larger than just a few samples, it would be reasonable to expect that
biological neurons implicitly have solved the inverse dithering problem of tuning
the activation threshold to the noise characteristics, see e.g. [102].

5.6 2D and 3D channel representations

So far we have only discussed channel representations of scalar values. A common
situation, which is already dealt with by mean-shift filtering and M-estimation,
see chapter 4, is a higher dimensional sample space.

5.6.1 The Kronecker product

The most straight-forward way to extend channel encoding to higher dimensions
is by means of the Kronecker product. The result of a Kronecker product between
two vectors x and y is a new vector formed by stacking all possible element-wise
products z;y;. This is related to the (column-wise) vectorisation of an outer-
product

x®y = vec(yx’) (5.34)
Y1z
Sl Y1 nrL ... NTK YNTK
®@| ¢ | =vec : : = :
TK yr yrryr ... YLTK YL
YLTK

If we have a higher dimensionality than 2, we simply repeat the Kronecker product.
E.g. for a 3D space we have
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X ®y ® z = vec(vec(zyl )xT). (5.35)

For channel representations in higher dimensions it is additionally meaningful
to do encodings of subspaces, such as a line in 2D, and a line or a plane in 3D. We
will develop the encoding of a line in 2D in section 5.6.3.

For applications such as channel averaging (see section 4.2.1), the channel
representation will become increasingly less practical as the dimensionality of the
space to be represented is increased, and methods such as the mean-shift filter (see
section 4.2.3) are to be preferred. However, for applications where the sparsity of
the channel representation can be utilised in storage of data (e.g. the associative
learning in chapter 9) higher dimensions are viable.

5.6.2 Encoding of points in 2D

Since the Gaussian function is separable, the Kronecker product of two 1D Gaus-
sian channel vectors is equivalent to using isotropic 2D Gaussian kernels

@k 4 (y—1)?
B (2,y) = B¥(2)B'(y) = e 20" : (5.36)

For efficiency, we will however still perform the encoding using the Kronecker
product of two 1D channel vectors.

5.6.3 Encoding of lines in 2D

A line constraint in 2D is the set of all points (x,y) fulfilling the equation

xcosp+ysing —p=0. (5.37)

Here (cos ¢ sin gf))T is the line normal, and p is the signed normal distance, i.e. the
projection of an arbitrary point on the line onto the line normal. The distance of
a specific point (k,1) to the line is then given by

d=|lkcos¢p+Ising — p||. (5.38)

This means that we can encode the line constraint, by simply applying the kernel

d? (kcos ¢ + Isin ¢ — p)?

B* (g, p) =¢ 207 = 20 . (5.39)

5.6.4 Local decoding for 2D Gaussian kernels

In order to capture sample dispersions that are not aligned to the axes the local
decoding should model the channel values using a full 2D Gaussian function

T —1
WPl = BR (x) = pe08 (x —m)" €7 (x —m) (5.40)
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Here x = (x y)T, m = (k l)T, and C is a full covariance matrix. In scalar form
we get

(z —k)?0) + (y — 1)%07 — 2(x — k)(y — )oay

k.l 2(c202 —02))

u™ =re =y Vay (5.41)
or, for Ar =z —kand Ay =y — [,
Aoy + AyPol — 282Ayo,,
ubl = re_ 2ozoy — 03y) (5.42)

If we choose to estimate the parameters in a 3 X 3 neighbourhood around the
position (k, 1), we obtain the following system

uk—Li-1 er_l’l_l(aj7y)
uk= bl rB M (2, y)
kL1 er—LlJrl(337 Y)
uhi=t B (2, )
uk! = B! (z,y) . (5.43)
uk,l+1 ’I“Bk’H_l(J?, y)
S RES er+1,l—1(337 Y)
Y] | B )
u” ’ T,Bk+1,l+1(x’ y)

The logarithm of an arbitrary row can be written as

(Az — ¢)’0p + (Ay — d)?02 — 2(Ax — ¢)(Ay — d)owy

Inuftettd = npr— . (544
2(0%0,5 — o'%y) ( )
This can be factorised as
Inuftet e =05(1 2¢ 2d —c* —d* —2cd)p (5.45)
for the parameter vector
2Inr(ojo; —02,) — AzPoy — Ayol + 28zAyo,,
Ama§ — Ayogy
1 Ayo: — Azo
P= 2 9 2 You 2 Y (546)
0z05 — 0%, Ug
Ul’
— Oy
In the parameters p, we recognise the inverse covariance matrix
-1 1 0'5 —Ogy P4 Pe
c = o202 — 02 \-0o o2 ) " \pe ps)" (5:47)
zy Ty ry T

Thus we can compute the covariance matrix as
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N 2 1 —
G = (Uz Ugy) _ > < D5 p6> ) (548)
Ozy Oy Paps —DPg \~Ps P4
From the expressions for po, and ps in (5.46), we obtain the following system
p2) _ ¢t N with the solution Aaf =C(P?). (5.49)
3 Ay Ag s

From the solution, we can obtain an estimate of the confidence 7, as

i — 0.5(p1 + paAR® + psAY® — 2ps AZAG) (5.50)
The final peak location is obtained by adding the centre bin location to the peak
offset

F=AZ+k and g=Ag+1. (5.51)

The expectation of the estimated covariance matrix C is the sum of the co-
variance of the noise, and the covariance of the kernel functions Cy, = diag(o, o),
see (5.36) and (5.39). This means that we can obtain the covariance of the noise
as Cnoise =C—-Cy.

5.6.5 Examples

Clustering of points in 2D is illustrated in figure 5.13. Here we have channel
encoded 1000 points, each from one of 5 clusters at random locations. The centre
plot shows the average of the channel representation of the points. In the right
plot, the decoded modes have their peaks represented as dots, and their covariances
as ellipses. This approach to clustering is different from techniques like K-means
clustering [7] and mizture model estimation using expectation mazimisation (EM)
[15, 7], which both require the number of clusters to be known a priori. In order
to get a variable number of clusters, such methods have to test all reasonable
numbers of clusters, and select one based on some criterion see e.g. [15]. Here we
instead assume a scale, specified by the channel distance and kernel width, and
directly obtain a variable number of clusters. This makes our clustering technique
fall into the same category as mean-shift clustering, see section 4.2.3.

The encoding of line constraints is illustrated in figure 5.14. Here we have
channel encoded 4 lines, and averaged their channel representations. In the right
plot, the decoded modes have their peaks represented as dots, and their covariances
as ellipses. This approach to finding multiple solutions to a line constraint equation
was applied in [93] to find multiple solutions to systems of optical flow constraints
at motion boundaries.
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Figure 5.13: Illustration of point decoding. Left: Points to encode. Centre: Av-
erage of the corresponding channel representations, the sizes of the filled circles
correspond to the channel values. Ellipses show the decoded modes. Right: The
points, and the decoded modes.

Figure 5.14: Tllustration of line constraint decoding. Left: Lines to encode. Centre:
Average of the corresponding channel representations, the sizes of the filled circles
correspond to the channel values. Ellipses show the decoded modes. Right: The
original lines, and the decoded modes.

5.6.6 Relation to Hough transforms

The idea of encoding line constraints, averaging and decoding, is the same as in
the Hough transform, see e.g. [92]. In the Hough transform, each line constraint
contributes either 1 or 0 to cells in an accumulator array (corresponding to the
channel matrix).

To reduce noise, and avoid detection of multiple maxima for each solution, a
smoothing is sometimes applied to the accumulator array after it has been com-
puted [92]. Note that channel encoding is a more sound approach, since it corre-
sponds to smoothing before sampling. The use of overlapping kernels, and a local
decoding, instead of just finding the accumulator cell with the largest contribution,
improves the accuracy of the result. Furthermore it avoids the trade-off between
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noise sensitivity and accuracy of the result inherent in the Hough transform, and
all other peak detection schemes using non-overlapping bins.® The difference in
obtained accuracy is often large, see e.g. [33] for an example where the estimation
error is reduced by more than a factor 50.

8 A larger amount of noise will however still mean that larger kernels should be used, and this
will affect the amount of interference between multiple decodings, see section 5.4.



Chapter 6

Channel Smoothing

In this chapter we will introduce the channel smoothing technique for image de-
noising. We will identify a number of problems with the original approach [42], and
suggest solutions to them. One of the solutions is the alpha synthesis technique.
Channel smoothing is also compared to other popular image denoising techniques,
such as mean-shift, bilateral filtering, median filtering, and normalized averaging.

6.1 Introduction

In chapter 4 we saw that averaging in the channel representation followed by a
local decoding is a way to find simple patterns (clusters) in a data set. In low-level
image processing, the data set typically consists of pixels or features in a regular
grid. Neighbouring pixels are likely to originate from the same scene structure, and
it seems like a good idea to exploit this known relationship and perform spatially
localised clustering. This is done in channel smoothing [42, 29].

6.1.1 Algorithm overview

Channel smoothing of a grey-scale image p : Z? — R can be divided into three
distinct steps.

1. Decomposition.
The first step is to channel encode each pixel value, p(z,y), in the grey-scale
image with the confidence r(x,y) = 1, to obtain a set of channel images.

2. Smoothing.
We then perform a spatially local averaging (low-pass filtering) on each of
the channel images.

3. Synthesis.
Finally we synthesise an image and a corresponding confidence using a local
decoding (see section 3.2.3) in each pixel.
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Figure 6.1: Hlustration of channel smoothing. Left to right: Input, channel repre-
sentation, low-passed channels, and local decoding.

At locations where the image is discontinuous we will obtain several valid
decodings. The most simple solution is to select the decoding with the highest
confidence. This synthesis works reasonably well, but it has several problems,
such as introduction of jagged edges, and rounded corners. In section 6.3 we will
analyse these problems, and suggest solutions. Finally in section 6.4 we will have
a look at a more elaborate synthesis method that deals with these problems.

6.1.2 An example

Figure 6.1 shows an example of channel smoothing. In this example we have used
K = 8 channel images, and averaged each channel image with a separable Gaussian
filter of o = 1.18 and 7 coefficients per dimension. A channel representation
u= (H'(p) ... HK(p))T can represent measurements p € [3/2, K —1/2], and
thus we have scaled the image intensities p(x,y) € [r;, ;] using a linear mapping
px(z,y) = tip(x,y) + to with

K -2
t = and to=3/2—tir (6.1)
Th —T1

as described in section 3.3.

6.2 Edge-preserving filtering

The channel smoothing procedure performs averaging of measurements that are
similar in both property (here intensity) and location. In this respect, chan-
nel smoothing is similar to edge preserving filtering techniques, such as robust
anisotropic diffusion[8], selective binomial filtering[40], mean-shift filtering[19],
and non-linear Gaussian filtering[103, 2, 44] also known as SUSAN noise filter-
ing[88], and in case of vector valued signals as bilateral filtering[98]. All these
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methods can be related to redescending® M-estimators (see section 4.2.4). The re-
lationship between anisotropic diffusion and M-estimation is established in [8], and
selective binomial filtering can be viewed as an M-estimation with a cutoff-squares
error norm (see section 4.2.4).

In section 6.5 we will compare mean-shift filtering and bilateral filtering to
channel smoothing, thus we will now describe these two methods in more detail.

6.2.1 Mean-shift filtering

Mean-shift filtering [19, 16, 43] is a way to cluster a sample set, by moving each
sample toward the closest mode. As described in section 4.2.3 this is accomplished
by gradient descent on a kernel density estimate. For each sample p,, an iter-
ation is started in the original sample value i.e. p° = p,, and is iterated until
convergence. The generalised mean-shift iteration [16] is defined by

Sitl _ > H(pr — P)Pk
" >pH(pk —DPL)
Here H is a kernel which is said to be the shadow of the kernel in the corre-
sponding kernel density estimator, see section 4.1.1. For a kernel density estimate
using the Epanechnikov kernel, the iteration rule becomes an average in a local
window, and can thus be computed very quickly [43]. This is what has given the
method its name, and averaging in a local window is also the most commonly
applied variant of mean-shift filtering.
Mean-shift filtering has been developed by Comaniciu and Meer [19, 20] into
algorithms for edge-preserving filtering, and segmentation. In the edge-preserving
filter, they apply mean-shift filtering to the parameter vector

(6.2)

p(x) = (x/o0s r(x)/or g(x)/or b(x)/o.)" . (6.3)

Here 7, g, and b are the three colour bands of an RGB image, and the parame-
ters o, and o, allow independent scaling of the spatial and range (colour) vector
elements respectively. The convergence point p* is stored in the position where
the iteration was started. The result is thus a hill-climbing on the kernel density
estimate.

6.2.2 Bilateral filtering
Bilateral filtering [98] of a signal p(x) is defined by

qlx) = /P H(x —y)/o ) H((p(x) — P(y))/0r)dy
JH((x~y)/os)H((p(x) = p(y))/or)dy
where H is a multi-dimensional Gaussian, see (4.5). For the special case of a

scalar valued image p(x), the expression (6.4) is identical to the earlier non-linear
Gaussian filter [103, 2, 44], and to the SUSAN noise filtering technique [88]. In

(6.4)

LA redescending M-estimator has an influence function with monotonically decreasing mag-
nitude beyond a certain distance to the origin.[8]
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(6.4) we explicitly distinguish between the spatial position x, and the sample values
f(x), whereas in the generalised mean-shift iteration (6.2) on the parameter vector
(6.3) they are treated as one entity.

It is nevertheless possible to relate generalised mean-shift and bilateral filtering,
for the case of a separable kernel H(d), such as the Gaussian. If we use p from
(6.3) in (6.2), and identify r, g, b as f in (6.4), then the result of (6.2) and (6.4)
after one iteration are identical in the r, g, b and f part. The difference is that (6.4)
does not update the position as (6.2) does. A similar observation is made in [104],
where non-linear Gaussian filtering (i.e. bilateral filtering) is shown to correspond
to the first iteration of a gradient descent on an M-estimation problem. Bilateral
filtering thus moves the data towards the local M-estimate, but in general gets
stuck before it is reached [104].

Tomasi and Manduchi [98] also suggest a scheme for iterated bilateral filtering,
by again applying (6.4) to the result q(x). As noted in [19] this iteration will
not converge to a stable clustering. Instead it will eventually erode the image
to contain a single constant colour. Thus, neither bilateral filtering nor iterated
bilateral filtering are robust techniques in a strict sense.

6.3 Problems with strongest decoding synthesis

The original synthesis in channel smoothing selects the decoding with the strongest
confidence as its output.[42, 29] This synthesis has three distinct problems

1 Jagged edges.
Since the synthesis selects one decoding, edges can become arbitrarily sharp.
This means that for an infinitesimal translation of the underlying signal, the
synthesis of a pixel may completely change value, and this in turn results in
jagged edges.

2 Rounded corners.
Corners will tend to be rounded, because the number of pixels voting for
the intensity inside the corner (i.e. the confidence) becomes lower than the
number of votes for the outside intensity when we are near the tip of the
corner.

3 Patchiness.
For steep slopes, or large amounts of blurring, when we have inlier noise, the
selection tends to generate a patchy output signal.

To illustrate these effects we have devised a test image consisting of a slanted
plane, surrounded by a number of triangles with protruding acute angles (see fig-
ure 6.2, left for a noise corrupted version). The difference in grey-level from the
background is also different for all the triangles, in order to illustrate at what dif-
ference the non-linear behaviour starts. The parameters of the channel smoothing
have been specifically set to exaggerate the three problems listed above. The result
is shown in the right plot of figure 6.2.
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Figure 6.2: Illustration of problems with strongest decoding synthesis. Left to
right: Input (100 x 100 pixels, with values in range [—1,1]. Noise is Gaussian
with o = 0.1, and 5% salt&pepper pixels.), normalized average (o = 2.2), channel
smoothing (K = 15 channels, o = 2.2).

In order to demonstrate the non-linear behaviour of the method, a normalized
average with the same amount of smoothing is also shown for comparison. Nor-
malized averaging of a signal-confidence pair (p,r) using the kernel g is defined
by the quotient

perrg)®)
™) = ®

where - denotes an element-wise product.

In our example, normalized averaging is equivalent to plain averaging, except
near the edges of the image, where it helps maintaining the correct DC-level. See
[48, 26] for more on normalized averaging, and the more general framework of
normalized convolution[26].

(6.5)

6.3.1 Jagged edges

The jagged edges problem can be dealt with using super-sampling techniques com-
mon in computer graphics, see e.g. [59] section 4.8. For channel smoothing this can
be done by filling in zeros in between the encoded channel values, before smooth-
ing, and thus generate an output at a higher resolution. By modifying the amount
of channel smoothing accordingly, we can obtain edges with a higher resolution.
This technique is demonstrated in figure 6.3.

Here we have filled in zeroes to obtain 4x the pixel density along each spatial
dimension. We have then modified the amount of smoothing according to

Onew = 04/ (47 — 1)/3 (6.6)

where n = 3 is the octave scale, as suggested in [64]. As a final step we have then
blurred and subsampled the high resolution output. This has given us an image
without jagged edges (see figure 6.3, right).
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Figure 6.3: Super-sampling from channels. Left to right: Strongest decoding
output (using K = 7, and o = 1.3), Strongest decoding output after 4x up-
sampling of the channel images (using K = 7, and 0 = 1.3 x /(43 — 1)/3 = 5.96),
Smoothing and subsampling of the high-resolution decoding (o = 1.4). For input
image, see figure 6.2.

6.3.2 Rounding of corners

A solution to the rounding of corners was suggested by Spies and Johansson in
[94]. They proposed to sometimes select the decoding closest to the original grey-
level, instead of the one with the highest confidence. The method in [94] works as
follows:

o If the strongest confidence is above a threshold ¢}, the corresponding decoding
is selected.

e If not, all decodings with a confidence above t; are searched for the decoding
closest to the original grey value.

Spies and Johansson suggest using ¢, = 0.9 and ¢; = 0.1. A similar behaviour
can be obtained by removing all decodings with confidence below a threshold ¢y,
and select the remaining decoding which is closest to the original value. Selecting
the closest decoding will make the method correspond roughly to the hill-climbing
done by the mean-shift procedure (see section 6.2.1). These two methods (from
now on called Spies and Hill-climbing) are compared to the strongest decoding in
figure 6.4. As can be seen in the figure, these methods trade preservation of details
against removal of outliers which happen to be inliers in nearby structures.

6.3.3 Patchiness

The patchiness problem is caused by a too wide distribution of samples around
a mode. More specifically, the exact mode location cannot be determined by
examining only channel values inside the decoding window, since the noise has not
been completely averaged out, see figure 6.5. Usually more channel smoothing is
unable to average out the noise, since there simply are no more samples inside the
appropriate grey-level range locally in the image.
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Figure 6.4: Comparison of decoding selection schemes. Left to right: Strongest de-
coding synthesis, the Spies method (¢, = 0.7 ¢; = 0.25), the Hill-climbing method
(cmin = 0.25). All three use K = 15 channels, and o = 2.2.

Figure 6.5: Reason for the patchiness problem. For wide distributions, it might
be impossible to pick a proper decoding window. Both alternatives indicated here
will give wrong results, since the noise has not been completely averaged out.

There are two causes to the wide distributions of samples. The first one is that
the noise distribution might be too wide. This can be dealt with by increasing
the sizes of the used kernel functions such that more samples can be used in the
averaging process. This would however require a modification to the decoding
step. A way to obtain larger kernels which does not require a modification of the
decoding step is to simply reduce the number of channels and scale them to fit the
same interval according to (6.1). Reducing the number of channels will however
make the method increasingly more similar to plain linear smoothing.

There is however a second cause to the wide distributions. The channel av-
eraging process implicitly assumes that the signal is piecewise constant. When
the signal locally constitutes a ramp, we violate this assumption, and the actual
width of the distribution depends on the slope of the ramp. Since the required
width of the channels depends both on the amount of noise and on the slope of
the signal, a more theoretically sound solution is to use a more advanced decoding
scheme, which adapts the size of the decoding window to take more channel values
into account when necessary. Alternatively we could replace the locally constant
assumption with a locally linear one, and cluster in (u, dz, dy)-space instead. None
of these ideas are investigated further in this thesis.
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6.4 Alpha synthesis

We will now instead attack the jagged edges problem, and at the same time make
a slight improvement on the performance with respect to the rounding of cor-
ners. The reason for the jagged edges in the strongest decoding synthesis is that
the decoding is a selection of one of the decodings. In many situations a selec-
tion is desirable, for instance if we want to teach a robot to navigate around an
object. Going either left or right of the object works fine, but the average:
straight-ahead is not a valid trajectory. In the present situation however, we
want to output an image, and in images we should not have arbitrarily sharp
edges.

The solution to this problem is to generate a continuous transition between the
decoded values. Instead of choosing the decoding with the highest confidence, we
will now combine all decoded signal-confidence pairs (pg,7%) in a non-linear way.
In this way it is possible to obtain an output signal where the degree of smoothness
is controlled by a parameter. The combination of decoded signal-confidence pairs
(pk,7i) is done according to

,r.CE
pott = Zpkwk where wp = —*~ - (6.7)
A 2T
and « is a tuning parameter. For a = 1 we get a linear combination of the

decodings pg, and for & — oo we obtain a selection of the strongest decoding
again. The behaviour of (6.7) is illustrated in figure 6.6.

I L I
6 6 6 6
-10 -5 [ 5 10 -10 -5 0 5 10 -10 -5 0 5 10 -10 -5 0 5 10

Input channel low-passed Output
representation channels

Figure 6.6: Illustration of alpha synthesis in 1D. Outputs for 5 different o values
are shown.

What is important to note here is that the actual distance between the decod-
ings p; and po plays no part in the synthesis (when the decodings do not interfere).
This is not the case for methods like Histogram filters [107]. In Histogram filters
the noise is removed by regularised inverse filtering of the histogram (i.e. the chan-
nel vector). The output is then computed as the mass centre of histogram, after
raising the histogram bin values to a power . The purpose of  is to control the
sharpness of the result, and it thus serves the same purpose as our «. In such an
approach, the interference of the two levels will be different when they are close
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and when they are far apart. Furthermore, raising the histogram to a power is not
a shift invariant operation.

The signal in figure 6.6 (left) is expanded into a number of channels, which are
low-passed. In the decoding we get two valid signal-confidence pairs (p1,71) and
(p2,72). The blurred channels have values that smoothly change from their highest
value to zero. Since the confidence computation is a local average of the channel
values, the confidence will have the same profile as the channels. The confidence
of a valid decoding is exactly 1 when the low-pass kernel is inside one of the flat
regions, and as we move across the edge it drops to zero.

6.4.1 Separating output sharpness and channel blurring

The actual value of the confidence is given by a convolution of a step and the used
low-pass kernel. In this example we have used a Gaussian low-pass kernel, and
thus obtain the following confidences for the valid decodings

r1(z) = (1 — step) * g)(z) = O: M#e*oﬂmf S <—‘”> —1-® (f)

o o
(6.8)
‘” 1
ro(z) = (step x g)(z) = / e 05/ — g (£> . (6.9)
—oo V2mo? o
Where ®(z) is the integral of the standard normal PDF. The weights now become
r{ 1 1
YTy : g and we= : a
I+ | ——F -1 I+ | —F5x -1
e (7) *(5)
o o
(6.10)
If we look at the decoding for z = 0, we get
ou 1 1 +
PP (0) = wi (0)p1 +wa(0)ps = Sp1 + P2 = (6.11)

which is desirable, since this point is directly inbetween the two levels p; and p.
If we look at the derivative at x = 0, we get

opt - Ow Ows

oz 0= g Ot 5=
— (PZ - Pl) .
\V2mo

This motivates setting o < 0. By switching to a parameter 8 = a/o we get a
new synthesis formula

(0)p2 = ...

(6.12)

pout = Zpkwk where wy, = (6.13)

k 2o 7"160
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Using the parameter 3, we can control the slope of the decoding at the tran-
sition point independently of o. While (6.12) only holds exactly for x = 0, a
constant «/o ratio gives very stable slopes for other values of z as well. This is
demonstrated experimentally in figure 6.7.

3

10

25

15

Figure 6.7: Ilustration of stability of the a ox ¢ approximation. Here we have
used o € {1,1.05,...,3} and set 3 = 1. Left: each row is p°** for some value of o.
Right: all p°** curves superimposed.

Figure 6.8 demonstrates the synthesis according to (6.7) on the test-image
in figure 6.2 (left), for varying amounts of blurring (o) and varied values of 3.
Each row has a constant [ value, and as can be seen they have roughly the same
sharpness.

6.4.2 Comparison of super-sampling and alpha synthesis

We will now make a comparison of alpha synthesis and the super-sampling method
described in section 6.3.1. Figure 6.9 shows the result. From the figure we can see
that the result is qualitatively similar with respect to elimination of jagged edges.
After examining details (see bottom row of figure 6.9) we find that alpha synthesis
is slightly better at preserving the shape of corners.

In addition to slightly better preservation of corners, alpha synthesis also has
the advantage that it is roughly a factor 16 faster, since it does not need to use a
higher resolution internally.

6.4.3 Relation to smoothing before sampling

An image from a digital camera is a regular sampling of a projected 3D scene.
Before sampling, the projection has been blurred by the point spread function of
the camera lens, and during sampling it is further smoothed by the spatial size
of the detector elements. These two blurrings can be modelled by convolution of
the continuous signal f(x) with a blurring kernel g(z). A blurring of a piecewise
constant signal f(z), such as the one in figure 6.6, will have transition profiles
which look the same, regardless of the signal amplitude. This is evident since for
a scalar A, a signal f(z), and a filter g(x) we have
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w

Figure 6.8: ¢ independent sharpness. Column-wise o = 1.2, 1.6, 2.4, 3.2. Row-
wise 8 = 1, 2, 4, 8, oo (i.e. strongest decoding synthesis). The input image is
shown in figure 6.2. K = 7 has been used throughout the experiment.
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Figure 6.9: Comparison of super-sampling method and alpha synthesis. Left to
right: strongest decoding synthesis, strongest decoding with 4x higher resolution,
blurred and subsampled, alpha synthesis. Top row shows full images, bottom row
shows a detail. K =7, 0 = 2.2 and a = 30 has been used.

(Af * g)(x) = A(f * 9) (). (6.14)
For a suitable choice of blurring kernel g(x), a small translation of the input
signal will result in a small change in the sampled signal.
The behaviour of smoothing before sampling bears resemblance to the alpha
synthesis in two respects:

1. For a suitable choice of «, alpha synthesis generates a smooth transition
between two constant levels, in such a way that a small translation of the
input signal results in a small change in the output signal. This is not the
case for e.g. the strongest decoding synthesis, but it is the case for smoothing
before sampling.

2. As noted earlier, the actual distance between the two grey-levels in a transi-
tion plays no part in the alpha synthesis. This means that a transition with a
certain profile will be described with the same number of samples, regardless
of scaling (i.e. regardless of the distance between p; and ps). This follows
directly from (6.7). In this respect channel smoothing with alpha synthesis
behaves like a blurring before sampling for piecewise constant signals. This
is different from methods such as the histogram filter [107], which control the
sharpness of the output by an exponent on the channel values.

We can thus view channel smoothing with alpha synthesis as analogous to
smoothing before sampling on a piecewise constant signal model. The analogy is
that the channel images represent a continuous image model (for piecewise constant
signals), and this model is blurred and sampled by the alpha synthesis.
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6.5 Comparison with other denoising filters

We will now compare channel-smoothing with alpha synthesis with a number of
other common denoising techniques. The methods are tested on the test-image in
figure 6.2, contaminated with two noise types: Gaussian noise only, and Gaussian
plus salt&pepper noise. For all methods we have chosen the filter parameters such
that the mean absolute error (MAE) between the uncontaminated input and the
input contaminated with Gaussian noise is minimised.? MAE is defined as

N1 N

v = e Do O fieat(0) = o ()] (6.15)

I1:1 IQ:l

MAE was chosen above RMSE, since it is more forgiving to outliers. The methods,
and their optimal filter parameters are listed below

1. Normalized averaging.
As defined in (6.5). o = 1.17.

2. Median filtering.
See e.g. [92]. The MATLAB implementation, with symmetric border exten-
sion, and a 5 x 5 spatial window.

3. Bilateral filtering.
As defined in (6.4). o5 = 1.64 and o, = 0.30.

4. Mean-shift filtering.
As defined in (6.2). o, = 4.64 and o, = 0.29.

5. Channel smoothing.
With alpha synthesis, K =8, 0 = 1.76, and o = 30 (not optimised).

The results are reproduced in figure 6.10. As is evident in this experiment,
neither bilateral nor mean-shift filtering is able to eliminate outliers. The reason
for this is that they both do gradient descent starting in the outlier value. However,
none of these methods allow outliers to influence the other pixels as a linear filter
does. The average MAE values for 10 instances of the images in figure 6.10 are
summarised in the table below.

noise type | input normaver median Dbilateral meanshift chan.sm.
Gaussian | 0.0790 0.0305 0.0307 0.0277 0.0226 0.0230
Gaussian+S&P | 0.0996 0.0389 0.0320 0.0377 0.0411 0.0234

The winner for Gaussian noise is mean-shift, with channel smoothing close
second. For Gaussian-+salt&pepper noise, channel smoothing is way ahead of all
other methods, with the median filter being the runner up. The perceptual image
quality, which is what we would really like to optimise for, is a different matter
however.

2For stability of the parameter choice, the error was measured on 10 instances of the noise
contaminated input.
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6.6 Applications of channel smoothing

The image denoising procedure is demonstrated in figure 6.11. The examples are
described below, row by row:

row 1 This is a repeat of the experiment in figure 6.2 (left), but with alpha synthesis
added, and with the number of channels chosen to match the noise (by
making the channels wider).

row 2 This is restoration after contamination with the same type of noise on a
natural image.

row 3 This is a duplication of the restoration of an irregularly sampled signal ex-
periment done in [48], but using channel smoothing instead of normalized
averaging to interpolate values at the missing positions. Note that this is
image denoising and interpolation combined, if just interpolation is sought,
normalized averaging is preferable, since the piecewise constant assumption
modifies the image content slightly.

row 4 This is an example of simple image editing by means of a confidence map.
The right edge of the image is black due to problems with the frame grab-
ber. This has been corrected by setting the confidence at these locations to
zero. Additionally two cars have been removed, by setting the confidences of
their pixels to zero. Note that more sophisticated methods, such as texture
synthesis[25] exist for removing objects in an image.

6.6.1 Extensions

Channel smoothing has been extended to directional smoothing by Felsberg in [28].
This is needed if we want to enhance thin periodic patterns, such as is present in
fingerprints. Anisotropic channel filtering is however out of the scope of this thesis.

6.7 Concluding remarks

In this chapter we have investigated the channel smoothing technique for image
denoising. A number of problems with the straight-forward approach have been
identified and solutions have been suggested. Especially the alpha synthesis tech-
nique seems promising, and should be investigated further. Channel smoothing
has also been compared to a number of common image denoising techniques, and
was found to be comparable to, or better than all tested methods in a MAE sense.
The real criterion should however be the perceived image quality, and this has not
been investigated.
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normalized average median filter

mean-shift

median filter

bilateral filter mean-shift channel smoothing

Figure 6.10: Comparison of filters. A Gaussian noise (o = 0.1). B Gaussian noise
o = 0.1, and 5% salt&pepper pixels. Filter parameters: Normalized average:
o = 1.17, Median filter: symmetric border extension and 5 x 5 window, Bilateral
filter: o, = 1.64, 0, = 0.30, Mean-shift filter: oy = 4.64, o, = 0.29, Channel
smoothing: K =8, 0 = 1.76, @ = 30 (not optimised).
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100 x 100 pixels all ones K=70=17 a=3c
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512 x 512 pixels all ones K=70c=17 a=
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256 x 256 pixels edited confidence map K=22,0=14, a=30

Figure 6.11: Examples of channel smoothing. Columns left to right: Input images,
input confidence, output. The first two images have been contaminated with
Gaussian noise with ¢ = 0.1 (intensities € [0, 1]), and 5% salt&pepper pixels.



Chapter 7

Homogeneous Regions in
Scale-Space

In this chapter we develop a hierarchical blob feature extraction method. The
method works on vector fields of arbitrary dimension. We demonstrate that the
method can be used in wide baseline matching to align images. We also extend
the method to cluster constant slopes for grey-scale images.

7.1 Introduction

For large amounts of smoothing, the channel smoothing output looks almost like
a segmented image (see e.g. figure 6.2). This is what inspired us to develop the
simple blob detection algorithm® to be presented in this chapter. The channel
smoothing operation is non-linear, and fits into the same category as clustering
and robust estimation techniques. The smoothing operation performed on each
channel is however linear, and thus relates to linear scale-space theory.

7.1.1 The scale-space concept

When applying successive low-pass filtering to a signal, fine structures are gradu-
ally removed. This is formalised in the theory of scale space[106, 72]. Scale space
is the extension of a signal f(x), by means of a blurring kernel g(x, o) into a new
signal

fs(x,0) = (f +g(0))(x). (7.1)

The parameter ¢ is the scale coordinate. The original signal is embedded in
the new signal since f;(x,0) = f(x). The kernel g(x,0) is typically a Gaussian,
but Poisson kernels have also been used [27]. Figure 7.1 contains an illustration
of the scale-space concept.

!The method was originally presented in [41]. Here we have extended the method to deal
with colour images, and also made a few other improvements.
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Figure 7.1: Gaussian scale space of a 1D-signal.

The fact that fine structures are removed by blurring motivates the use of a
lower sample density at coarser scales, as is done in a scale pyramid.

7.1.2 Blob features

Homogeneity features are called blobs in scale-space theory [72]. In comparison
with segmentation, blob detection has a more modest goal—we do not attempt
to segment out exact shapes of objects, instead we want to extract robust and
repeatable features. The difference between segmentation and blob detection is
illustrated by the example in figure 7.2. As can be seen, the blob representation
discards exact shapes, and thin connections between patches are neglected.

One segment Two blobs

Figure 7.2: Difference between segmentation and blob detection.

Blob features have been used as texture descriptors [73] and as features for
image database search [6]. For a discussion of the similarities and differences of
other approaches and the one presented here, the reader is directed to [40].

Blob features are related to mazimally stable extremal regions(MSER)[82], and
to affinely invariant neighbourhoods[99]. MSER features are regions grown around
an intensity extrema (max or min) and are used to generate affine invariant frames,
which are then used for view-based object recognition [82]. Affinely invariant
neighbourhoods are found by starting at intensity extrema and finding the nearest
extrema along rays emanating from the point. These extrema are then linked to
form a closed curve, which is used to define an affine invariant [99].
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pyramid image

Figure 7.3: Steps in blob extraction.

7.1.3 A blob feature extraction algorithm

The blob estimation procedure uses a scale pyramid. Each position and scale in
the pyramid contains a measurement—confidence pair (p,r).2 The confidence is a
binary variable, i.e. r € {0,1}. It signifies the absence or presence of a dominant
measurement in the local image region. When r = 1, the dominant measurement
is found in p. This representation is obtained by non-linear means, in contrast
to most scale-space methods which are linear [72], and thus obtain the average
measurement.

The pyramid is used to generate a label image, from which we can compute the
moments of each region. The shape of each region is approximated by its moments
of orders 0, 1 and 2. These moments are conveniently visualised as ellipses, see
right part of figure 7.3. Finally we merge blobs which are adjacent and of similar
colour using an agglomerative clustering scheme. The following sections will each
in turn describe the different steps of the algorithm, starting with the generation
of the clustering pyramid.

7.2 The clustering pyramid

When building the clustering pyramid, we view each image pixel as a measurement
p with confidence r = 1. We then expand the image into a set of channel images.
For each of these channel images we generate a low-pass pyramid. The channels
obtained from the input image constitute scale 1. Successively coarser scales are
obtained by low-pass filtering, followed by sub-sampling. The low-pass filter used
consists of a horizontal and a vertical 4-tap binomial kernel [1 3 3 1]/8.

Since the filter sums to 1, the confidence values of the decoded (p,r) pairs
correspond to fractions of the area covered by the filter. Thus, we construct the
low-pass pyramids, and decode the dominant (p,r) pair in each position. Finally
we make the confidence binary by setting values below rpy, to zero, and values
above or equal to ryi, to 1. Typically we use the area threshold ry,;, = 0.5. Figure
7.4 shows such a pyramid for an aerial image.

In principle this pyramid generation method can also be applied to vector field
images, by extending the channel representation as described in section 5.6. The
number of channels required for vector fields of dimension higher than 2 does
however make this approach rather expensive with respect to both computational

2For generality we will have a vector notation of p, although we will initially use scalar valued
images.
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Figure 7.4: Clustering pyramid created using K = 26 channels, spaced according
to (6.1). Positions with confidence r = 0 are indicated with crosses.

and storage requirements. For example a channel representation of an RGB colour
image with 26 channels per colour band will give us 26% = 17576 channel images
to filter.

7.2.1 Clustering of vector fields

To perform clustering on vector fields, we will replace channel filtering with another
robust estimation technique. The representation at the next scale, p*, is now
generated as the solution to the weighted robust estimation problem

arg min 3 wereo(|lpx — B ). (72)
k

Here wy, are weights from the outer product of two binomial kernels, and p(d) is
a robust error norm. In contrast to linear filter theory we cannot use a separable
optimisation, so for a 1D binomial kernel [1 3 3 1]/8 we will have to take all 16
pixels in a local neighbourhood into account.

Note that for most choices of p(d), problem (7.2) is not convex, and thus local
minima exist. We are however looking for the global min, and will employ a
technique known as successive outlier rejection (SOR) to find it. An iteration of
SOR is computed as

Pog = Nir %:Pk’"k“’k"k where N, = zk:rkwkok. (7.3)
Here o are outlier rejection weights, which are initially set to 1. After each
iteration we find the pixel with largest residual dy, = ||pky — Prll- If di > dimax,
we remove this pixel by setting o = 0. This procedure is iterated until there are
no outliers left. The found solution will be a fixed point of a gradient descent
on (7.2), for the cut-off squares error norm®. Furthermore, provided that more
than half the data supports it, the solution will be either the global min, or close

3p(d) = d? for |d| < dmax, and d2,,, otherwise.



7.2 The clustering pyramid 73

to the global min. The SOR approach thus effectively solves the initialisation
problem which exists in the commonly applied iterated reweighted least squares
(IRLS) technique, see section 4.2.4, or e.g. [109, 95]. Initialisation is also the
reason why mean-shift filtering [19, 20] is unsuitable for generation of a clustering
pyramid. The importance of initialisation is demonstrated in figure 7.5. Here we
have applied SOR to minimise (7.2), and compared the result with mean-shift
filtering, and IRLS. The IRLS method was, just like mean-shift, initiated with the
original pixel value. As can be seen, only SOR is able to reject outliers. Note that
since each iteration either removes one outlier or terminates, there is an upper
limit to the number of required iterations (e.g. 16 for a 4 x 4 neighbourhood).

Figure 7.5: Importance of initialisation. Left to right: Input image, IRLS output
(6 x 6 window), mean-shift output (spatial radius 3), SOR output (6 x 6 window).

As mentioned, the SOR method is closely related to (7.2), for the cut-off squares
error norm. The sharp boundary between acceptance and rejection in cut-off
squares is usually undesirable. As a remedy to this we add a few extra IRLS
iterations with a more smooth error norm. An iteration of IRLS on (7.2) has
the same form as (7.3), but with the outlier rejection weights replaced with oy =
p'(dy)/dy. If the error norms are similar in shape and extent, we should already
be close to the solution, since we are then minimising similar functions. We will
use the weighting function

oldy) (1 — (di/dmax)?)? if |di| < dmax (7.4)
0 otherwise '

which corresponds to the biweight error norm [109]. The dp,.x parameter defines
the scale of the error norm, and is used to control the sensitivity of the algorithm.

To compute p* and r* in each position in the pyramid, we thus first find p* with
SOR, followed by IRLS. The output confidence r* is then computed as

r =

L 1A Y rwror > Tiin Yoy Wi (7.5)
0 otherwise. '

Here o, are the weights used in the last IRLS iteration, see (7.3), and just like in
section 7.2, rnin is a threshold which corresponds to the minimum required area
fraction belonging to the cluster. The clustering process is repeated for successively
coarser scales until the pyramid has been filled.
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7.2.2 A note on winner-take-all vs. proportionality

There is a distinct difference between the channel approach and the SOR+IRLS
approach with respect to propagation of information through the pyramid. For
the channel variant, all pixels in the input image will have contributed to the value
of the channel vector at the top of the pyramid. For the SOR+IRLS variant, each
pixel at each scale only describes the dominant colour component, and thus all the
other values will be suppressed. This is the same approach as is taken in elections
in the UK and the US, where each constituency only gets to select one (or one
kind of)) representative to the next level. The channel approach on the other hand
corresponds to the Swedish system of propagating the proportions of votes for the
different parties to the next level.

The number of channels K, and the maximum property distance dpyax can be
related according to dyax = 2t1 = 2(K +1— N)/(ry, — r;), where N, r,, and r;
are defined in section 3.3. The relationship comes from 2¢; being the approximate
boundary between averaging and rejection, see section 5.4.

The two methods are quite similar in behaviour, but even for grey-scale images
on conventional computer architectures, the SOR+IRLS variant is a factor 5 or
more faster. This is due to the small support (4 X 4) of the parameter estimation.
On hardware with higher degrees of parallelism this could however be different.

7.3 Homogeneous regions

The generation of the clustering pyramid was bottom up, and we will now continue
by doing a top-down pass over the pyramid. Note that the region propagation
described here is different from the one in [41]. The changes since [41] have speeded
up the algorithm and also made the result after region merging more stable.

We start at the top scale and generate an empty label image. Each time we
encounter a pixel with a property distance above dpax) from the pixels above it,
we will use it as a seed for a new region. Each new seed is assigned an integer
label. We allow each pixel to propagate its label to the twelve nearest pixels below
it, provided that they are sufficiently similar see figure 7.6 (left). For a pixel on
the scale below, this means that we should compare it to three pixels above it,
see figure 7.6 (right). If several pixels on the scale above have a property distance
below dp,.x, we propagate the label of the one with the smallest distance.

The algorithm for label image generation is summarised like this:

step 1 Generate an empty label image at the top scale.
step 2 Assign new labels to all unassigned pixels with r» = 1.
step 3 Move to the next scale.

step 4 Compare each pixel with 7 = 1 to the three nearest pixels on the scale
above. Propagate the label of the pixel with the smallest property
distance, if smaller than d ..

step 5 If we are at the finest scale we are done, otherwise go back to step 2.
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Figure 7.6: Label propagation. Left: A pixel can propagate its label to twelve
pixels at the scale below. Right: This can be implemented by comparing each
pixel with three pixels on the scale above.

The result of this algorithm is shown in figure 7.7. As can be seen, this is an
oversegmentation, i.e. image patches which are homogeneous have been split into
several regions.

Figure 7.7: Result of label image generation. Left to right: Input image, label
image, blobs from regions.

7.3.1 Ellipse approximation
The label image [(x) : Z? — N is a compact representation of a set of binary masks
1 ifi(x)=n
= 7.6
on (%) {0 otherwise. (7.6)

The raw moments of such a binary mask v,(x) : Z* — {0,1} are defined by
the weighted sum

= > whaion(x). (7.7)

1 X2

For a more extensive discussion on moments of binary masks, see e.g. [92]. For all
the regions {v,, }2' in the image we will now compute the raw moments of order 0



76 Homogeneous Regions in Scale-Space

to 2, ie. Moo, Ho1, K10, 025 U115 and H20- This can be done using only one for—lOOp
over the label image.

The raw moments are then converted to measures of the area a,,, the centroid
vector m,,, and the inertia matrix I,, according to

L [ po L [ poz pn T
ap = , m, = — and I, =— —m,m,. (7.8
n 00 n 100 < L0 n 1100 i 20 nitin ( )

Using the input image p(z,y) we also compute and store the average measure-
ments for all regions,

P = — 33 plar, z2)on(er, 22). (7.9)
Hoo =

If a region has the shape of an ellipse, its shape can be retrieved from the inertia
matrix, see theorem C.1 in the appendix. Even if the region is not a perfect ellipse,
the ellipse corresponding to the inertia matrix is a convenient approximation of
the region shape. From the eigenvalue decomposition I = X887 + \oés8l with
A1 > Ao we can find the axes of the ellipse as 24/A1&; and 2v/A2&; respectively,
see theorem C.2 in the appendix. Since I = I” each blob can be represented by
1+ 2+ 3 4+ N parameters where N is the dimensionality of the processed vector
field. I.e. we have 7 parameters for grey-scale images, and 9 for RGB images etc.

A visualisation of the regions as ellipses is shown in figure 7.7 (right).

7.3.2 Blob merging

As stated before the result of the label image generation is an oversegmentation,
and thus the final stage of the algorithm is a merging of adjacent blobs.

Due to the linearity of the raw moments (7.7) the moments of a combined
mask can be computed from the moments of its parts. Le. if we have v = v1 + v
we get 1;;(v) = pi;(v1) + pij(v2). For the corresponding property vectors we get
P(v) = (too(v1)P(v1) + poo(v2)P(v2))/ 100 (v)-

Candidates for merging are selected based on a count of pixels along the border
of two regions with similar colours. We define an adjacency matrix M with M;;
signifying the number of pixels along the common border of blobs ¢ and j. The
adjacency matrix is computed by modifying the region propagation algorithm in
section 7.3, such that step 4 at the finest scale computes the count. Whenever
two pixels (with different labels) at the coarser scale match a pixel at the finer
scale, we are at a region boundary, and thus add 1 to the corresponding position
in the adjacency matrix. Since M is symmetric, only the upper triangle need to
be stored. Using M we can now select candidates for merging according to

Mij > Myhr \/min(uoo (Ui), oo (’Uj)) (710)

where myy, is a tuning threshold. Typically we use mn, = 0.5. This choice results
in a lot of mergers, but thin strands of pixels are typically not allowed to join two
blobs into one, see figure 7.2. The square root in (7.10) is motivated by M;; being
a length, and pgp being an area.
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All merging candidates are now placed in a list. They are successively merged
pairwise, starting with the most similar pair according to the property distance
d = ||p;—p;||. After merging, the affected property distances are recomputed, and
a new smallest distance pair is found. The pairwise merging is repeated until none
of the candidate mergers have a property distance below dp.x. This clustering
scheme falls into the category of agglomerative clustering [63].

Finally we remove blobs with areas (i.e. poo) below a threshold i, = 20.

Figure 7.8: Result of blob merging. Left to right: blobs from regions (384 blobs),
merged blobs (92 blobs, my,, = 0.5), reprojection of blob colours onto label image
regions.

Figure 7.8 shows blob representations of the image in figure 7.7 (left), before
and after merging. In order to show the quality of the segmentation, the blob
colours have been used to paint the corresponding regions in the label image,
see figure 7.8 (right). In this example, the clustering pyramid is created using
K = 26 channels that are spaced according to (6.1). The blob representation
initially contains 384 blobs, which after merging and removal of small blobs drops
to 92. This gives a total of 644 parameters for the entire image. Compared to the
348 x 287 input image pixels this is a factor 155 of data reduction.

7.4 Blob features for wide baseline matching

The usefulness of an image feature depends on the application, and should thus
be evaluated in a proper context. We intend to use the blob features for view
based object recognition, wide-baseline matching, and aerial navigation. All of
these topics are however out of the scope of this thesis, and we will settle for a
very simple demonstration. Using pairs of images captured from a helicopter, we
detect blobs, and store their centroids in two lists {my}<, and {n;}¥. We then
find pairs of points that correspond given a homographic model

h (“1’“) —H (“I’f) and h (“1”> —H (‘T) . (7.11)

Two points are said to correspond when the residual

Ot = \/(ﬁk —n)T(hy —ny) + \/(ﬁll — my)T (1 — my) (7.12)
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is below a given threshold.

Figure 7.9: Correspondences for blobs from a video sequence. Each row shows a
pair of matched images.

The correspondence is found using a RANSAC [109] like method. We start by
selecting 4 random points in image 1. For each of these we select a random point
in the other image among those with a property distance dg; = ||Pm,k — Pn.il]
below dpna.x. For each such random correspondence, we compute the pairwise
geometric residuals (7.12) for all point pairs and keep the pairs with distances
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below a threshold d,.x. We stop once we get more than 15 matches. The found
matches are then used to estimate a new homography using scaled total least
squares (STLS) with the scaling described in [57]. We then find correspondences
given the new homography and recompute the residuals. This procedure is iterated
until convergence, which usually is reached after three to four cycles.

Figure 7.9 shows the found correspondences for three image pairs from a video
sequence. The number of blobs NV, the number correspondences N,,, and the
inlier fraction e = N,,, /N, are listed in the table below.

Frame | 1 2 3 4 5 6
Ny 142 163 151 139 161 176
N, 61 61 76 76 70 70
€ 0.43 0.37 0.50 0.55 0.43 0.40

7.4.1 Performance

A C-implementation of the blob feature extraction algorithm takes about 4 seconds
to process a 360 x 288 RGB image on a Sun Ultra 60 (296MHz). Moving the
implementation to an Intel Pentium 4 (1.9GHz) platform resulted in computation
times below one second per frame.

7.4.2 Removal of cropped blobs

Since an image only depicts a window of a scene, some of the homogeneous regions
in the scene will only partially be contained in the image. Such cropped regions
will give rise to blobs which change shape as the camera moves, in a manner
which does not correspond to camera movement. Thus, if the blobs are to be used
for image matching, we will probably gain stability in the matching by removing
cropped blobs. Most such blobs can be removed by calculating the bounding box
of the ellipse corresponding to the blob shape, and removing those blobs which
have their bounding boxes partially outside the image.

In appendix C, theorem C.3, the outline of an ellipse is shown to be given by a
parameter curve. To find a bounding box for an ellipse, we rewrite this curve into
two parameter curves

_ (71 T2 (acost _ (ariicost + brigsint
= <T21 7“22) (bsint> tm= <ar21 cost + brag Sint> +m (7.13)
2,2 7.2 o
_ (W s%n(mol)) m 710
msm(t + ¢2)

Since sin(t + ¢) assumes all values in the range [—1, 1] during one period, the
bounding box is given by the amplitudes

Ay =/a?r} +b%rd, and Ay = \/a?r3 +b%r3,. (7.15)
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The bounding box becomes

xr1 € [m1 — Al,ml + Al] and x5 € [mg — AQ,mQ + AQ} . (716)

7.4.3 Choice of parameters

The blob feature extraction algorithm has three parameters, spatial kernel width,
area threshold amin, and range kernel width dpmax. We will now give some sugges-
tions on how they should be set.

1. Spatial kernel width A larger spatial kernel will make the method less
sensitive to translations of the grid. At the same time however, it will also
reduce the amount of detail obtained. A trade-off that seems to work well
for a wide range of images is the choice of a 4 x 4 neighbourhood. To speed
up the algorithm, we can even consider using the 12 pixel neighbourhood
consisting of the central pixels in the 4 x 4 region, and omit the spatial
weights.

2. Area threshold r.;,. Characteristic for this parameter is that low values
give more mergers of non-connected but adjacent regions. This results in
fewer features. High values will cause less information to be propagated
to the higher levels of the pyramid. This will lead to fewer mergers, but
also to less information being propagated to higher levels in the pyramid.
Thus we obtain more regions at the lowest level, and consequently higher
computational times. Typically we will use the intermediate value 7y, =
0.5.

3. Range kernel witdh d,,x. This parameter decides whether two colours
should be considered the same or not. A small value will give lots of blobs,
while a large value gives few blobs. A suitable choice of dy.x value depends
on the input images.

Typically we will thus mainly modify the d,,.x parameter and let the others
have the fixed values suggested above.



7.5 Clustering of planar slopes 81

7.5 Clustering of planar slopes

The implicit assumption in the previous clustering methods has been that the
image consists of piecewise constant patches. We could instead assume a constant
slope. This is reasonable e.g. in depth maps from indoor scenes and of various
man-made objects. We now assume a scalar input image, i.e. f:Z? — R, and a
local image model of the type

fx)=(1 x1—m1 x—m)p(x). (7.17)

Here m = (m1 mg)T is the centre spatial position of the local model. The pa-
rameter vector in each pixel can be interpreted as p(x) = (mean, slope,, slope, )7

When building the first level of the clustering pyramid we thus have to go from
the image f to a parametric representation p. In principle this could be done by
applying plain derivative filters. This would however distort the measurements at
the edges of each planar patch, and thus make the size of the detected regions
smaller; as well as limiting the sizes of objects that can be detected. Instead we
will estimate the parametric representation using a robust linear model

argn;i*nZwkrkp(ka (1 zip—m1 @25 —m2) P (7.18)
k

where wy, are weights from a binomial kernel, typically in a 4 x 4 neighbourhood.
Like in the colour clustering method, see section 7.2, we solve (7.18) by SOR
followed by a few M-estimation steps. For the 4 x 4 region, we define the following
quantities

1 1 1 1 1 2 3 4
111 12 34 —
M=, 1 1] X=1, 5 5 4|25 Y=X (7.19)
1 1 11 1 2 3 4
| | |
B =|vec(M) vec(X) vec(Y) ] . (7.20)

We also define a weight matrix W with diagonal elements (W), = opwyri. Here
o) are outlier rejection weights, wy, are spatial binomial weights, and r; are the
input confidences. For the 4 x 4 region f, the iterations of the model parameter
estimation are now performed as

p = (WB) Wwec(f) . (7.21)

Since we have just 3 parameters to estimate, we could use a (slightly less reliable)
matrix inversion instead

p.. = (BTWWB) 'BTWWywec(f). (7.22)
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This is faster since the matrix inverse can be computed in a non-iterative way. At
the start all outlier rejection weights are set to 1. After each iteration we find the
pixel with the largest residual

d. = | fi. — (1 Tk —M1 T2k — mz) Post! - (7.23)

If di, > dimax, we remove this pixel by setting o, = 0. By iterating until convergence
we will find a fixed point of (7.18), for the cut-off squares error norm. Furthermore,
if more than half the data supports the solution, we are guaranteed to be close to
the global min. Again, we polish the result by a few M-estimation steps with a
smoother kernel. The corresponding IRLS iteration will have the same form as the
iteration above, i.e (7.21) or (7.22), with the exception that the outlier rejection
weights are replaced with o, = p'(dy)/dy.

To obtain p* and r* for the first scale in the pyramid, we thus compute p*
according to the above equations, and r* according to (7.5).

We typically set the area threshold to rpy;, = 0.85, which is considerably higher
than in the colour method. Pixels on the boundaries between two different slopes
will typically have a parameter estimate that does not correspond to any of the
slopes. In order to get zero confidence for such pixels, we could either reduce
the dpax threshold, or increase the 7, parameter. It turns out that the latter
option is preferable, since reducing dmax Wwill also cause grey-level quantisation
in the input to propagate to the slope parameters. The result of the parameter
estimation step for a simple test image is shown in figure 7.10.

Figure 7.10: Result of parameter estimation. Left to right: Input, mean estimate,
x-slope estimate, y-slope estimate.

7.5.1 Subsequent pyramid levels

After we have obtained the parametric representation, we can generate the other
steps in the pyramid using almost the same technique as in the colour method.
The main difference is that we have to take the centre of the local neighbourhood
into account, and adjust the local mean level accordingly. That is, we now have a
robust estimation problem of the form

arg H;inzwkmp(ﬂf)k -p'l) (7.24)
k

where py is a vector with the mean level adjusted
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p1k — (@16 — ma)pa,k + (T2, — M2)p3 k) S
f)k: = p2,k . (725)
P3.k
Here s is a factor that compensates for the fact that the pixel distance at scale

2 is twice that at scale 1 and so on. In other words we have s = 25¢@le=1 The
residuals for SOR are now computed as

di = /(i — Pi) "W (B — Pisy) (7.26)

where W is a weight matrix of the form diag(W) = (1 Wy wd). The parameter
wy allows us to adjust the relative importance of error in mean and error in slope.
Typically we set wq = 200.

7.5.2 Computing the slope inside a binary mask

To estimate the mean and slopes inside each mask v,,, we will now assume a local
signal model centred around the point m = (m1 mg)T

f(x) = (1 T1—my T — mz) P = p1 + pa1 — pami + p3r2 — p3ma.  (7.27)

We define the moments 7g; of f(x) inside the mask v, as

1
Nkl = N Z Un(xlamQ)f(x17m2)xlf‘rl2 (7.28)

Z1,T2

where N = pgo is the number of elements inside the mask v,,. For the model (7.27)
we now get

1 1
Mo =p1+pany D vnlw1,2)01 = pama +pagz D, Un(w1,02)72 — pamma

T1,T2 r1,T2
(7.29)
= p1 + pamy — pamy + P3ma — P3Ma = p1 (7.30)
as expected. For the first moments we obtain
1 2 2
Mo = p1m1 + p2 N Z Un (21, T2)TT — My
T1,%2
1
+ p3 N wzw Un(xl, -T2)$1£B2 — mims (7.31)
1,22

= pima + p2lu1 + p3liz (7.32)
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and

1
No1 = p1m2 + P2 (N Z Un (1, T2)T221 — m2m1>

Z1,T2

1
o (N S o, a)e? ms) (739

x1,T2

= p1ma + p2la1 + p3las. (7.34)

This can be summarised as the system

No1 P2
= 1 7.35
(7710> pm+ <p3> ( )

where m and I are obtained according to (7.7) and (7.8). We thus first compute
m and I. We then compute p; from 799, see (7.30), and finally ps and ps3 as

<P2> —1! (7701 plml) . (7.36)
p3 o — P12

7.5.3 Regions from constant slope model

The results of blob feature extraction on the test image in figure 7.10 are shown
in figure 7.11. As can be seen in this figure, most of the regions have successfully
been detected. The result is also compared with the output from clustering using
the piecewise constant assumption.

We stress that these are just first results. Some of the regions obtained before
merging (see figure 7.11 left) have striped structure in contrast to the case in the
locally constant clustering (see figure 7.7, left). This suggests that the clustering
strategy might not be optimal. It is well known that clustering of lines using the
model

(r y 1) (cos¢ sing —p)=0 (7.37)

is preferable to using the model
=kx+m (7.38)

since estimation of very steep slopes (large k) becomes unstable. See section 5.6.3
for an example of use for (7.37). This preference for a normal representation of
lines suggests that we should view the grey-level image as a surface, and cluster
surface normals instead.

The algorithm presented here is intended as a post processing to a depth-from-
stereo vision algorithm. In depth maps of indoor scenes, a region with constant
slope could correspond to a floor, a wall, or a door etc. A compact description of
such features will hopefully be useful for autonomous indoor navigation.
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Figure 7.11: Blobs from piecewise linear assumption. Left to right: label im-
age, detected blobs, reprojection of blob slopes to the corresponding label image
regions, and blobs from piecewise constant assumption (dmax = 0.16).

7.6 Concluding Remarks

In this chapter we have introduced a blob feature detection algorithm that works
on vector fields of arbitrary dimension. The usefulness of the algorithm has been
demonstrated on a wide baseline matching task. We have also extended the blob
feature detection to cluster constant slopes instead of locally constant colour. The
slope clustering has however not been fully evaluated, and some design choices,
such as the chosen representation of the slopes might not be optimal. Specifically
the option to cluster surface normals instead should be tested.
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Chapter 8

Lines and Edges in
Scale-Space

In this chapter we develop a representation of lines and edges in a scale hierarchy.
By using three separate maps, the identity of lines and edges are kept separate.
Further, the maps are made sparse by inhibition from coarser scales.

8.1 Background

Biological vision systems are capable of instance recognition in a manner that is
vastly superior to current machine vision systems. Perceptual experiments [83, 12]
are consistent with the idea that they accomplish this feat by remembering a
sparse set of features for a few views of each object, and are able to interpolate
between these (see discussion in chapter 2). What features biological systems
use is currently not certain, but we have a few clues. It is a widely known fact
that difference of Gaussians, and Gabor-type wavelets are useful models of the
first two levels of processing in biological vision systems [5]. There is however no
general agreement on how to proceed from these simple descriptors, toward more
descriptive and more sparse features.

One way might be to detect various kinds of image symmetries such as circles,
star-patterns, and divergences (such as corners) as was done in [65, 64]. Two very
simple kinds of symmetries are lines and edges', and in this chapter we will see
how extraction of lines and edges can be made more selective, in a manner that
is locally continuous both in scale and spatially. An important difference between
our approach and other line-and-edge representations, is that we keep different
kinds of events separate instead of combining them into one compact feature map.

ITo be strict, an edge is better described as an anti-symmetry.
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8.1.1 Classical edge detection

Depth discontinuities in a scene often lead to intensity discontinuities in images
of that scene. Thus, discontinuities such as lines and edges in an image tend to
correspond to object boundaries. This fact been known and used for a long time
in image processing. One early example that is still widely used are the Sobel
edge filters [91]. Another common example is the Canny edge detector [14] that
produces visually pleasing binary images. The goal of edge detecting algorithms in
image processing is often to obtain useful input to segmentation algorithms [92],
and for this purpose, the ideal step edge detection that the Canny edge detector
performs is in general insufficient [85], since a step edge is just one of the events
that can divide the areas of a physical scene. Since our goal is quite different (we
want a sparse scene description that can be used in view-based object recognition),
we will discuss conventional edge detection no further.

8.1.2 Phase-gating

Lines and edges correspond to specific local phases of the image signal. Line
and edge features are thus related to the local phase feature. Our use of local
phase originates from the idea of phase-gating, originally mentioned in a thesis by
Haglund [55]. Phase-gating is a postulate that states that an estimate from an
arbitrary operator is valid only in particular places, where the relevance of the
estimate is high [55]. Haglund uses this idea to obtain an estimate of size, by
only using the even quadrature component when estimating frequency, i.e. he only
propagated frequency estimates near 0 and 7 phase.

8.1.3 Phase congruency

Mach bands are illusory peaks and valleys in illumination that humans, and other
biological vision systems perceive near certain intensity profiles, such as ramp
edges (see figure 8.1). Morrone et al. have observed that these illusory lines, as
well as perception of actual lines and edges, occur at positions where the sum of
Fourier components above a given threshold have a corresponding peak [78]. They
also note that the sum of the squared output of even and odd symmetric filters
always peaks at these positions, which they refer to as points of phase congruency.

This observation has lead to the invention of phase congruency feature detectors
[68]. At points of phase congruency, the phase is spatially stable over scale. This
is a desirable property for a robust feature. However, phase congruency does
not tell us which kind of feature we have detected; is it a line, or an edge? For
this reason, phase congruency detection has been augmented by Reisfeld to allow
discrimination between line, and edge events [86]. Reisfeld has devised what he
calls a Constrained Phase Congruency Detector (CPCT for short), that maps a
pixel position and an orientation to an energy value, a scale, and a symmetry
phase (0, £7/2 or 7). This approach is however not quite suitable for us, since
the map produced is of a semi discrete nature; each pixel is either of 0, +£7/2 or
7 phase, and only belongs to the scale where the energy is maximal. The features
we want should on the contrary allow a slight overlap in scale space, and have
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Figure 8.1: Mach bands near a ramp edge.
Top-left: Image intensity profile
Bottom-left: Perceived image intensity  Right: Image

responses in a small spatial range near the characteristic phases.

8.2 Sparse feature maps in a scale hierarchy

Most feature generation procedures employ filtering in some form. The outputs
from these filters tell quantitatively more about the filters used than the struc-
tures they were meant to detect. We can get rid of this excessive load of data,
by allowing only certain phases of output from the filters to propagate further.
These characteristic phases have the property that they give invariant structural
information rather than all the phase components of a filter response.

We will now generate feature maps that describe image structure in a specific
scale, and at a specific phase. The distance between the different scales is one
octave (i.e. each map has half the centre frequency of the previous one.) The
phases we detect are those near the characteristic phases 0, 7, and £7/2. Thus,
for each scale, we will have three resultant feature maps (see figure 8.2).

Image scale pyramid

Figure 8.2: Scale hierarchies.

This approach touches the field of scale-space analysis pioneered by Witkin
[106]. See [72] for a recent overview of scale space methods. Our approach to scale
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space analysis is somewhat similar to that of Reisfeld [86]. Reisfeld has defined
what he calls a Constrained Phase Congruency Transform (CPCT), that maps a
pixel position and an orientation to an energy value, a scale, and a symmetry phase
(0, w, £7/2, or none). We will instead map each image position, at a given scale, to
three complex numbers, one for each of the characteristic phases. The argument of
the complex numbers indicates the dominant orientation of the local image region
at the given scale, and the magnitude indicates the local signal energy when the
phase is near the desired one. As we move away from the characteristic phase, the
magnitude will go to zero. This representation will result in a number of complex
valued images that are quite sparse, and thus suitable for pattern detection.

8.2.1 Phase from line and edge filters

For signals containing multiple frequencies, the phase is ambiguous, but we can
always define the local phase of a signal, as the phase of the signal in a narrow
frequency range.

The local phase can be computed from the ratio between a band-pass filter
(even, denoted f.) and its quadrature complement (odd, denoted f,). These two
filters are usually combined into a complex valued quadrature filter, f = fo +11f,
[48]. The real and imaginary parts of a quadrature filter correspond to line, and
edge detecting filters respectively. The local phase can now be computed as the
argument of the filter response, g(z) = (s * f)(z), or if we use the two real-valued
filters separately, as the four quadrant inverse tangent; arctan(g,(x), g.(z)).

To construct the quadrature pair, we start with a discretised lognormal filter
function, defined in the frequency domain

~n®(p/pi)
Ri(p)=1e In2 ifp>0 (8.1)
0 otherwise.

The parameter p; determines the peak of the lognorm function, and is called the
centre frequency of the filter. We now construct the even and odd filters as the
real and imaginary parts of an inverse discrete Fourier transform of this filter?

fei(z) = Re(IDFT{Ri(p)}) (8.2)

foi(z) = Im(IDFT{R;(p)}) . (8.3)
We write a filtering of a sampled signal, s(z), with a discrete filter fi(z) as gi(z) =
(s * fr)(x), giving the response signal the same indices as the filter that produced

it.

8.2.2 Characteristic phase

By characteristic phase we mean phases that are consistent over a range of scales,
and thus characterise the local image region. For natural images this mainly

?Note that there are other ways to obtain spatial filters from frequency descriptions that, in
many ways produce better filters [67].
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happens at local magnitude peaks of the responses from the even and odd filters.3
In other words, the characteristic phases are almost always one of 0, 7w, and +7/2.
This motivates our restriction of the phase to these three cases.
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Figure 8.3: Line and edge filter responses in 1D.
Top: A one-dimensional signal.
Centre:  Line responses at p; = w/2 (solid), and w/4 and w/8 (dashed)
Bottom: Edge responses at p; = /2 (solid), and w/4 and 7/8 (dashed)

Ounly some occurrences of these phases are consistent over scale though (see
figure 8.3). First, we can note that band-pass filtering always causes ringings in
the response. For isolated line and edge events this will mean one extra magnitude
peak (with the opposite sign) at each side of the peak corresponding to the event.
These extra peaks will move when we change frequency bands, in contrast to those
peaks that correspond to the line and edge features. Second, we can note that each
line event will produce one magnitude peak in the line response, and two peaks in
the edge response. The peaks in the edge response, however, will also move when
we change frequency bands. We can thus use stability over scale as a criterion to
sort out the desired peaks.

8.2.3 Extracting characteristic phase in 1D

Starting from the line and edge filter responses at scale i: ¢ ;, and ¢, ;, we now
define three phase channels

p1,i = max(0, ge,i) (8.4)
p2,i = max(0, —qe ;) (8.5)
Pa,i = abs(go,i) - (8.6)

That is, we let p; ; constitute the positive part of the line filter response, corre-
sponding to 0 phase, po;, the negative part, corresponding to m phase, and ps;
the magnitude of the edge filter response, corresponding to /2 phase.

3A peak in the even response will always correspond to a zero crossing in the odd response,
and vice versa, due to the quadrature constraint.
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Phase invariance over scale can be expressed by requiring that the phase at the
next lower octave has the same sign

P1,i = max(0, e - Ge,i—1/ai—1) - max(0, sign(ge;)) (8.7)
p2,; = max(0, ge,i - ge,i—1/ai—1) - max(0, sign(—ge,;)) (8.8)
p3,i = max(0,¢oi - Goi—1/0i—1) - (8.9)

The first max operation in the equations above will set the magnitude to zero
whenever the filter at the next scale has a different sign. This operation will
reduce the effect of the ringings from the filters. In order to keep the magnitude
near the characteristic phases proportional to the local signal energy, we have
normalised the product with the signal energy at the next lower octave a;_1 =

\/42i 1 + a2, ;- Theresult of the operation in (8.7)-(8.9) can be viewed as a phase

description at a scale in between the two used. These channels are compared with
the original ones in figure 8.4.
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Figure 8.4: Consistent phase in 1D. (p; = 7/4
D1,is D2.i, P3,; according to (8.4)-(8.6) (dashed), and (8.7)-(8.9) (solid)

We will now further constrain the phase channels in such a way that only re-
sponses consistent over scale are kept. We do this by inhibiting the phase channels
with the complementary response in the third lower octave

c1,; = max(0,p1,; — aabs(go,i—2)) (8.10)
c2,; = max(0,p2 ; — cabs(goi—2)) (8.11)
C3i = maX(07p3,z‘ - CVabS(Qe,z‘—2)) . (8.12)

We have chosen an amount of inhibition o = 2, and the base scale, p; = 7/4.
With this value we successfully remove the edge responses at the line event, and
at the same time keep the rate of change in the resultant signal below the Nyquist
frequency. The resultant characteristic phase channels will have a magnitude cor-
responding to the energy at scale i, near the corresponding phase. These channels
are compared with the original ones in figure 8.5.

As we can see, this operation manages to produce channels that indicate lines
and edges without any unwanted extra responses. An important aspect of this
operation is that it results in a gradual transition between the description of a
signal as a line or an edge. If we continuously increase the thickness of a line,
it will gradually turn into a bar that will be represented as two edges.* This
phenomenon is illustrated in figure 8.6.

4Note that the fact that both the line, and the edge statements are low near the fourth event
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Figure 8.5: Phase channels in 1D. (p; = 7/4, a = 2)
Di1.is P2.i, P3i according to (8.4)-(8.6) (dashed), and (8.10)-(8.12) (solid).

T T T T
02 r W ﬁ F ’ 1 H B
i A A
150 200 250

0 50 100 300

Figure 8.6: Transition between line and edge description. (p; = 7/4)
Top: Signal  Centre: c1,; phase channel  Bottom: c3; phase channel.

8.2.4 Local orientation information

The filters we employ in 2D will be the extension of the lognorm filter function
(8.1) to 2D [48]

Fii(u) = Ri(p)Dk(1) (8.13)

where

Dy (i

- {(ﬁ~ﬁk)2 if u-fy, >0 (5.14)

o otherwise.

We will use four filters, with directions fn; = (() l)T, Ny = (\/0.5 \/0.5)T7

N3 = (1 O)T7 and Ny = (\/ﬁ —\/ﬁ)T. These directions have angles that
are uniformly distributed modulo #. Due to this, and the fact that the angular
function decreases as cos? ¢, the sum of the filter-response magnitudes will be
orientation invariant [48].

Just like in the 1D case, we will perform the filtering in the spatial domain

(fe,ki * Pri)(x) = Re(IDFT{Fy;(u)}) (8.15)
(fo,k:i *p;“-)(x) ~ Im(IDFT{Fkl(u)}) . (816)

(positions 105 to 125) does not mean that this event will be lost. The final representation will
also include other scales of filters, which will describe these events better.
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Here we have used a filter optimisation technique [67] to factorise the lognorm
quadrature filters into two approximately one-dimensional components. The filter
Pri(x), is a smoothing filter in a direction orthogonal to fix, while f, r;(x), and
fo,ki(x) constitute a 1D lognorm quadrature pair in the fi;, direction.

Using the responses from the four quadrature filters, we can construct a local
orientation image. This is a complex valued image, in which the magnitude of each
complex number indicates the signal energy when the neighbourhood is locally one-
dimensional, and the argument of the numbers denote the local orientation, in the
double angle representation [48]

z(x) = Z aki (k1 + $7k2)? = a1i(x) — azi(x) + (a2 (x) — a;(x)) (8.17)
K

where a;(x), the signal energy, is defined as ar; = 1/¢2 1; + €2 1;-

8.2.5 Extracting characteristic phase in 2D

To illustrate characteristic phase in 2D, we need a new test pattern. We will use
the 1D signal from figure 8.6, rotated around the origin (see figure 8.7).

Figure 8.7: A 2D test pattern.

When extracting characteristic phases in 2D we will make use of the same
observation as the local orientation representation does: Since visual stimuli can
locally be approximated by a simple signal in the dominant orientation [48], we
can define the local phase as the phase of the dominant signal component.

To deal with characteristic phases in the dominant signal direction, we first
synthesise responses from a filter in a direction, fi,, compatible with the local
orientation®

i, = (Re(vz) Im(vz))" . (8.18)
The filters will be weighted according to the value of the scalar product between
the filter direction, and this orientation compatible direction

5Since the local orientation, z, is represented with a double angle argument, we could just as
well have chosen the opposite direction. Which one of these we choose does not really matter,
as long as we are consistent.
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wy, =N}, . (8.19)
Thus, in each scale we synthesise one odd, and one even response projection as
Gei =Y Geixabs(wy) (8.20)
k
Qo,i = Z Qo,i,kWk - (8.21)
k

This will change the sign of the odd responses when the directions differ more than
m, but since the even filters are symmetric, they should always have a positive
weight. In accordance with our findings in the 1D study (8.7)-(8.9), (8.10)-(8.12),
we now compute three phase channels, ¢ ;, c24, and cs;, in each scale.

No responses

D N e
No———

N~

Figure 8.8: Characteristic phase channels in 2D. (p; = 7/4)
Left to right: Characteristic phase channels c1;, ¢2,;, and cs ;, according to (8.10)-
(8.12) (o =2). The colours indicate the locally dominant orientation.

The characteristic phase channels are shown in figure 8.8.5 As we can see,
the channels exhibit a smooth transition from describing the white regions in the
test pattern (see figure 8.7) as lines, and as two edges. Also note that the phase
statements actually give the phase in the dominant orientation, and not in the
filter directions, as was the case for CPCT [86].

8.2.6 Local orientation and characteristic phase

An orientation image can be be gated with a phase channel, ¢, (x), in the following

way

0 if ¢p(x) =0

Zn(x) =< cp(x) - 2(x) otherwise (8.22)
2 e

We now do this for each of the characteristic phase statements ¢y ;(x), c24(x),
and ¢z ;(x), in each scale. The result is shown in figure 8.9. The colours in the

6The magnitude of lines this thin can be difficult to reproduce in print. However, the magni-
tudes in this plot should vary in the same way as in figure 8.6.
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figure indicate the locally dominant orientation, just like in figure 8.8. Notice for
instance how the bridge near the centre of the image changes from being described
by two edges, to being described as a bright line, as we move through scale space.
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Figure 8.9: Sparse feature hierarchy. (p; = /2, 7/4,7/8,7/16)

8.3 Concluding remarks

The strategy of this approach for low-level representation is to provide sparse, and
reliable statements as much as possible, rather than to provide statements in all
points.

Traditionally, the trend has been to produce compact, descriptive components
as much as possible; mainly to reduce storage and computation. As the demands
on performance are increasing it is no longer clear why components signifying
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different phenomena should be mixed. An edge is something separating two regions
with different properties, and a line is something entirely different.

The use of sparse data representations in computation leads to a mild increase
in data volume for separate representations, compared to combined representa-
tions.

Although the representation is given in discrete scales, this can be viewed as a
conventional sampling, although in scale space, which allows interpolation between
these discrete scales, with the usual restrictions imposed by the sampling theorem.
The requirement of a good interpolation between scales determines the optimal
relative bandwidths of filters to use.
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Chapter 9

Associative Learning

This chapter introduces an associative network architecture using the channel rep-
resentation. We describe the descriptive properties of the networks, and illustrate
their behaviour using a set of experiments. We will also relate the associative net-
works to the techniques Radial Basis Function (RBF) networks, Support Vector
Machines (SVM) and Fuzzy Control.

9.1 Architecture overview

In the proposed architecture, the choice of information representation is of funda-
mental importance. The architecture makes use of the channel information repre-
sentation introduced in chapter 3. The channel representation implies a mapping
of signals into a higher-dimensional space, in such a way that it introduces locality
in the information representation with respect to all dimensions; geometric space
as well as property space. The obtained locality gives two advantages:

e Nonlinear functions and combinations can be implemented using linear map-
pings

e Optimisation in learning converges much faster.

Figure 9.1 gives an intuitive illustration of how signals are represented as lo-
cal fragments, which can be freely assembled to form an output. The system is
moving along a state space trajectory. The state vector x consists of both in-
ternal and external system parameters. The response space is typically a subset
of those parameters, e.g. orientation of an object, position of a camera sensor in
navigation, or actions of a robot. Response channels and feature channels measure
local aspects of the state space. The response channels and feature channels define
response channel vectors u and feature vectors a respectively.

The processing mode of the architecture is association where the mapping of
features a” onto desired responses u* is learned from a representative training set of
observation pairs {a,,u,}_;, see figure 9.1(b). The feature vector a may contain
some hundred thousand components, while the output vector u may contain some
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state trajector '
J Yy / n

(a) (b)

Figure 9.1: Architecture overview. (a) The system is moving along a state space
trajectory. Response channels, u*, and feature channels, a”, measure different
(local) aspects of the state vector x. (b) The response channels and the feature
channels define localised functions along the trajectory. A certain response chan-
nel is associated with some of the feature channels with appropriate weights cgp,.
Figure borrowed from [51].

thousand components. For most features of interest, only limited parts of the
domain will have non-zero contributions. This provides the basis for a sparse
representation, which gives improved efficiency in storage and better performance
in processing.

The model of the system is in the standard version a linear mapping from a
feature vector a to a response vector u over a linkage matrix C,

u=Ca. (9.1)

In some training process, a set with N samples of output vectors u and
corresponding feature vectors a are obtained. These form a response matrix
U = (u1 uN) and a feature matrix A = (a1 aN). The training implies
finding a solution matrix C to

U=CA. (9.2)

The linkage matrix is computed as a solution to a least squares problem with a
monopolar constraint C > 0. This constraint has a regularising effect, and in
addition it gives a sparse linkage matrix. The monopolar representation together
with locality, allows a fast optimisation, as it allows a parallel optimisation of a
large number of loosely coupled system states.

We will compare the standard version (9.1) to models where the mapping is
made directly to the response subset of the state parameters, i.e. typically what
would be used in regular kernel machines. We will in these cases use a modified
model with various normalisations of a.
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9.2 Representation of system output states

For a system acting in a continuous environment, we can define a state space
X Cc RM. A state vector, x € X, completely characterises the current situation
for the system, and X is thus the set of all situations possible for the system. The
state space has two parts termed internal and external. Internal states describe
the system itself, such as its position and its orientation. External states describe
a subset of the total states of the environment, which are to be incorporated in the
system’s knowledge, such as the position, orientation and size of a certain object.

The estimation of external states requires a coupling to internal states, which
can act as a known reference in the learning process. In general it is desirable
to estimate either a state, or a response that changes the state, i.e. a system
behaviour. For simplicity we will in this chapter assume that the desired response
variables are components of the state vector x.

We assume that the system is somehow induced to change its state, such that
it covers the state space of interest for the learning process. For an agent acting in
the physical world, the system state change has to take place in a continuous way
(due to the inertia caused by limited power for displacement of a certain mass, see
[49] for a more extensive discussion). It is thus reasonable to view the set of states
{x,}V used in the learning process as a system state trajectory. We can express
this system state trajectory as a matrix X = (X1 Xo ... XN).

9.2.1 Channel representation of the state space

The normal form of output for the structure is in channel representation. It is
advantageous to represent the scalar state variables in a regular channel vector
form, as this allows multiple outputs when the mapping from input to output is
ambiguous, see section 3.2.1. The channel representation also forms the basis for
learning of discontinuous phenomena, as will be demonstrated in section 9.6.

A response channel vector u™ is a channel representation of one of the compo-
nents ™ of the state vector x, see (3.1). The vector u™ is thus a non-ambiguous
representation of position in a response state space R™ = {z™ : x € X'}

With this definition, a response channel will be non-zero only in a very limited
region of the state space. The value of a channel can be viewed as a confidence in
the hypothesis that the current state is near a particular prototype state. When a
specific channel is non-zero it is said to be active, and the subspace where a specific
channel is active is called the active domain of that channel. As the active domain
is always much smaller than the inactive domain, an inactive channel will convey
almost no information about position in state space. The small active domain is
also what makes the representation sparse.

The response channel vectors u]' can be put into response channel matrices
um = (uT uy ... u’]’\}) All such response channel matrices are stacked row-wise
to form the response channel matrix U. While U will have a much larger number
of rows than the original state matrix X due to the increase of dimensionality
in the representation, the sparsity of the representation will imply a moderate
increase of the amount of data (typically a factor 3).
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9.3 Channel representation of input features

It is assumed that the system can obtain at least partial knowledge about its

state from a set of observed feature variables, {a"}, forming a feature vector a =

T . . .
(al a® ... a" ) . In order for an association or learning process to be meaningful,

there has to be a sufficiently unique and repeatable correspondence between system
states and observed features. One way to state this requirement is as follows: The
sensor space, A, of states that the feature channels can represent, should allow
an unambiguous mapping f : A — R. The situation where this requirement is
violated is known in learning and robotics as perceptual aliasing, see e.g. [17].

A generative model for {a"}, useful for systems analysis, can be expressed as
localised, non-negative kernel functions Bh(x). These are functions of a weighted
distance between the state vector x and a set of prototype states x" € X. We
exemplify this with the cos?-kernel,

2 h s h <
o Bh(x) _ ) cos (d(x,x")) if d(x,).c )< 7/2 9.3)
0 otherwise.
The used distance function is defined as
dx, x") = 1/ (x — x) TP (x — x). (9.4)

The matrix M” is positive semidefinite, and describes the similarity measure for
the distance function around state x”, allowing a scaling with different sensitivities
with respect to different state variables. Equation (9.3) indicates that a” will have
a maximal value of 1 as x = x". It will go monotonically to zero as the weighted
distance increases to /2. Normally, neither x", nor M" are explicitly known, but
emerge implicitly from the properties of the set of sensors used in the actual case.
These are generally different from one sensor or filter to another, which motivates
the notion of channel representation, as each channel has its specific identity, the
identification of which is part of the learning process.

In general, there is no requirement for a regular arrangement of channels, be it
on the input side or on the output side. The prescription of an orderly arrangement
at the output comes from the need to interface the structure to the environment,
e.g. to determine its performance. In such a case it will be desirable to map the
response channel variables back into scalar variables in order to compare them with
the reference, something which is greatly facilitated by a regular arrangement.

Similarly to the state variables, we denote the observation at sample point n

T .
by a vector a,, = (a}L a? ... all ) . These observation or feature vectors can be
put into a feature matrix A = (al as ... aN).

9.3.1 Feature generation

The feature vectors a, input to the associative structure, may derive directly from
the preprocessing parts of a computer vision system, representing local image
properties such as orientation, curvature, colour, etc. Unless the features emerge
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as monopolar quantities, we will channel encode them. If the properties have
a confidence measure, it is natural to weight the channel features with this, see
discussion in chapter 3.

Often, combinations or functions comb(a) of a set of features a, will be used
as input to the associative structure. A common way to increase specificity in the
percept space is to generate product pairs of the feature vector components, or a
subset of them, i.e.

comb(a) = vec(aa’). (9.5)

The symbol vec signifies the trivial transformation of concatenating rows or columns
of a matrix into a vector, see section 5.6.1. For simplicity of notation, we will ex-
press this as a substitution,

a < comb(a). (9.6)

If we find a linear feature-response mapping in the training phase using the
feature combination (9.5), it will correspond to a quadratic mapping from the
original features to the responses. A network with this kind of feature expansion
is called a higher order network [7].

The final vector a, going into the associative structure will generally be consid-
erably longer than the corresponding size of the sensor channel array. As we are
dealing with sparse feature data, the increase of the data volume will be moderate.

9.4 System operation modes

The channel learning architecture can be run under two different operation modes,
providing output in two different representations:

1. position encoding for discrete event mapping
2. magnitude encoding for continuous function mapping.

The first variety, discrete event mapping, is the mode which maximally exploits
the advantage of the information representation, to allow implementation and
learning of highly non-linear transfer functions, using a linear mapping.

The second variety is similar to more traditional function approximation meth-
ods.

9.4.1 Position encoding for discrete event mapping

In this mode, the structure is trained to map onto a set of channel representations
of the system response state variables, as discussed in subsection 9.2.1. Thus each
response will have a non-zero output only within limited regions of the definition
range. The major issue is that a multi-dimensional, fragmented feature set is
mapped onto a likewise fragmented, version of the system response state space.
See figure 9.2 for an illustration.

There are a number of characteristics of the discrete event mode:

e Mapping is made to sets of response channels, whose response functions may
be partially overlapping to allow the reconstruction of a continuous variable.
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v

v

Figure 9.2: Illustration of discrete event mapping. Solid curves are weighted input
feature functions c;,a”(t) along the state space trajectory. Dashed curves are the

responses u”(t) = Y, cgra’(t).

e Output channels are assumed to assume some standard maximum value, say
1, but are expected to be zero most of the time, to allow a sparse represen-
tation.

e The system state is not given by the magnitude of a single output channel,
but is given by the relation between outputs of adjacent channels.

o Relatively few feature functions, or sometimes only a single feature function,
are expected to map onto a particular output channel.

e The channel representation of a signal allows a unified representation of
signal value and of signal confidence, where the relation between channel
values represents value, and the magnitude represents confidence. Since the
discrete event mode implies that both the feature and response state vectors
are in the channel representation, the confidence of the feature vector will
be propagated to the response vector if the mapping is linear.

The properties just listed, allows the structure to be implemented as a purely
linear mapping,

u=Ca. (9.7)

9.4.2 Magnitude encoding for continuous function mapping

The continuous function mapping mode is used to generate the response state
variables directly, rather than a set of channel functions for position decoding. The
response state vector, x, is approximated by a weighted sum of channel feature
functions, see figure 9.3 for an illustration.

This mode corresponds to classical function approximation objectives. The
mode is used for accurate representation of a scalar continuous function, which is
often useful in control systems.

The approximation will be good if the feature functions are sufficiently local,
and sufficiently dense. There are a number of characteristics for the continuous
function mapping:
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Figure 9.3: Tllustration of continuous function mapping. Solid curves are weighted
input feature functions c;a”(t) along the state space trajectory. Dashed curve is
the response z(t) = >, cpa”(t).

e It uses rather complete sets of feature functions, compared to the mapping
onto a single response in discrete event mode. The structure can still handle
local feature dropouts without adverse effects upon well behaved regions.

e Mapping is made onto continuous response variables, which may have a
magnitude which varies over a large range.

e A high degree of accuracy in the mapping can be obtained if the feature
vector is normalised, as stated below.

In this mode, however, it is not possible to represent both a state value x, and
a confidence measure 7, unless it is done explicitly.

For a channel vector, the vector sum corresponds to the confidence, see section
3. As a first assumption we could thus assume that the feature vector sum corre-
sponds to the confidence measure. Assuming a linear feature-response mapping,
this will imply that the confidence is propagated to the response,

rx = Ca. (9.8)

By dividing the feature vector a with r we can normalise with the amount of
confidence, or certainty, in a. This is related to the theory of normalized averaging,
see e.g. [48].

If we use this model, we have additionally made the assumption that all features
have the same confidence in each sample. To be slightly more flexible, we will
instead assume a linear model for the confidence measure

r=wla, (9.9)

where w > 0 is a suitable weight vector. We now obtain the following response
model for continuous function mode:

1
=C——a. 9.10
x wia® (9.10)
Note that w’a is a weighted [;-norm of a, since a is non-negative. An un-
weighted [;-norm, w = 1, is often used in RBF networks and probabilistic mix-
ture models, see [58, 77]. Other choices of weighting w will be discussed in section
9.5.2.
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9.5 Associative structure

We will now turn to the problem of estimating the linkage matrix C in (9.10) and
in (9.7). We take on a unified approach for the two system operation modes. The
models can be summarised into

u=C——a, (9.11)

where s(a) is a normalisation function, and u denotes a scalar or a vector, rep-
resenting either the explicit state variable/variables, or a channel representation
thereof. In continuous function mode (9.10) u = x and s(a) = wla. In discrete
event mode (9.7) u is a channel representation of x and s(a) = 1.

In the subsequent discussion, we will limit the scope to a supervised learning
framework. Still, the structure can advantageously be used as a core in systems
for other strategies of learning, such as reinforcement learning, with a proper
embedding [96]. This discussion will assume batch mode training. This implies
that there are IV observation pairs of corresponding feature vectors a,, and state
or response vectors u,. Let A and U denote the matrices containing all feature
vector and response vector samples respectively, i.e.

c
[
£
]
[\
=
=
[

(9.12)

A = a; ay ... ay =

For a set of observation samples collected in accordance with (9.12), the model
in (9.11) can be expressed as

U = CAD,, (9.13)

where
D, =diag” " (s(a1) s(as) ... s(an)) . (9.14)

The linkage matrix C is computed as a solution to a weighted least squares
problem, with the constraint C > 0. This constraint has a regularising effect on
the mapping, and also ensures a sparse linkage matrix C. For a more extensive
discussion on the monopolar constraint, see the article [51].

9.5.1 Optimisation procedure

The procedure to optimise the associative networks is mainly the work of Granlund
and Johansson [51]. It is described in this section for completeness. The linkage
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matrix C is computed as the solution to the constrained weighted least-squares
problem

min e(C), (9.15)

where

e(C) = |U — CAD, |3

(9.16)
= trace(U — CAD,)W(U — CAD,)".
The weight matrix W, which controls the relevance of each sample, is chosen as
W = D;!. The minimisation problem (9.15) does not generally have a unique
solution, as it can be under-determined or over-determined.

The proposed solution to (9.15) is the fixed point of the sequence

{ C(0) 0
) _ ) (9.17)
C(i+1) = max(0,C(i) — Ve(C(1))Dy) ,

where Dy is the positive definite diagonal matrix
D; = diag(v)diag™' (AD,ATv) for some v > 0. (9.18)

Since W = D! we have
(9.19)

and we rewrite sequence (9.17) as
C(i+ 1) = max (0, C(i) — (C(i)AD, — U)A"Dy) . (9.20)

We can interpret D, and D as normalisations in the sample and feature domain
respectively, see section 9.5.2 for further details. We will consequently refer to Dy
as sample domain normalisation and D¢ as feature domain normalisation.

9.5.2 Normalisation modes

This normalisation can be put in either of the two representation domains, the
sample domain or the feature domain, but with different effects upon convergence,
accuracy, etc. For each choice of sample domain normalisation D there are non-
unique choices of feature domain normalisations Dy such that sequence (9.20)
converges to a solution of problem (9.15). Dy can for example be computed from
(9.18). The choice of normalisation depends on the operation mode, i.e. continuous
function mapping or discrete event mapping. There are some choices that are of
particular interest. These are discussed below.



108 Associative Learning

Discrete event mapping

Discrete event mode (9.7) corresponds to a sample domain normalisation matrix
D, =1. (9.21)

Choosing v=1= (11 ... 1)T in (9.18) gives

alm?

D; = diag " (AAT1) = =T : (9.22)

where my =5, a’ is proportional to the mean in the feature domain. As D, does
not contain any components of A there is no risk that it turns singular in domains
of samples having all feature components zero.

This choice of normalisation will be referred to as Normalisation entirely in the
feature domain.

Continuous function mapping

There are several ways to choose w in the continuous function model (9.10), de-
pending on the assumptions of error models, and the resulting choice of confidence
measure s. One approach is to assume that all training samples have the same
confidence, i.e. s =1, and compute C > 0 and w > 0 such that

1 wlTA
X CA.

Sometimes it may be desirable to have an individual confidence measure for each
training sample. Another approach is to design a suitable w and then compute C
using the optimisation framework in section 9.5.1 with s(a) = w’a.

There are two specific designs of w that are worth emphasising. The channel
representation implies that large feature channel magnitudes indicate a higher
confidence than low values. We can consequently use the sum of the feature
channels as a measure of confidence:

(9.23)

Q

sa)=1Ta = x-= C%a. (9.24)
As mentioned before, this model is often used in RBF-networks and probabilistic
mixture models, see [58, 77]. The corresponding sample domain normalisation
matrix is L
a{l

D, = diag ' (AT1) = al1 : (9.25)

and if we choose v =1 in (9.18) we get

1
1]
at

D; = diag (A1) = a?

[y

(9.26)
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This choice of model will be referred to as Mized domain normalisation.

It can also be argued that a feature element which is frequently active should
have a higher confidence than a feature element which is rarely active. This can
be included in the confidence measure by using a weighted sum of the features,
where the weight is proportional to the mean in the sample domain:

s(a) =mla where m,=A1l= Zan. (9.27)
n
This corresponds to the sample domain normalisation matrix
1
mla;
s —1AT 1
D, =diag” (A" Al) = mTa; ) (9.28)

and by using v = A1 in (9.18) we get
D =1. (9.29)

This choice of model will be referred to as Normalisation entirely in the sample
domain.

9.5.3 Sensitivity analysis for continuous function mode

We will now make some observations concerning the insensitivity to noise of the
system, under the assumption of sample normalisation in continuous function
mode. That is, a response state estimate X,, is generated from a feature vector a
according to model (9.10), i.e.

1

We observe that regardless of choice of normalisation vector w’, the response will

be independent of any global scaling of the features, i.e.

1 1
=C

a, =
wTla, wl~a,

C ya, . (9.31)

If multiplicative noise is applied, represented by a diagonal matrix D, we get

. 1

Xy = CWTDWan D,a,. (9.32)
If the choice of weights in C and w is consistent, i.e. if the weights used to generate
a response at a sample n were to obey the relation C = %, w7, the network is
perfectly invariant to multiplicative noise. As we shall see in the experiments
to follow, the normalisation comes close to this ideal for the entire sample set,
provided that the response signal varies slowly. For such situations, the network
suppresses multiplicative noise well.

Similarly, a sensitivity analysis can be made for discrete event mode. We will
in this presentation only refer to the discussion in chapter 3 for the invariances
available in the channel representation, and to the results from the experimental
verification in the following section.
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9.6 Experimental verification

We will in this section analyse the behaviour and the noise sensitivity of several
variants of associative networks, both in continuous function mode and in discrete
event mode. A generalisation of the common CMU twin spiral pattern [18] has
been used, as this is often used to evaluate classification networks. We have
chosen to make the pattern more difficult in order to show that the proposed
learning machinery can represent both continuous function mappings (regression)
and mappings to discrete classes (classification). The robustness is analysed with
respect to three types of noise: additive, multiplicative, and impulse noise on the
feature vector.

9.6.1 Experimental setup

In the experiments, a three dimensional state space X C R? is used. The sensor
space A C R?, and the response space R C R are orthogonal projections of the
state space. The network is trained to perform the mapping f : A — R which is
depicted in figure 9.4. Note that this mapping can be seen as a surface of points
x € R3, with 23 = f(x1,22). The analytic expression for f(z1,zz) is:

Fr o) = {fs(r, ®) if mod(y + v1000r,27) <7 (9.33)

sign(fs(r,)) otherwise,

where  fo(r, ) = (1/v/2 — 1) cos(p 4+ V10007 .

Variables 1 = /2% + 22 and = tan~!(z1, z2) are the polar coordinates in sensor
space A. As can be seen in the figure, the mapping contains both smooth parts
(given by the cos function) and discontinuities (introduced by the sign function).
The pattern is intended to demonstrate the following properties:

1. The ability to approximate piecewise continuous surfaces.
2. The ability to describe discontinuities (i.e. assignment into discrete classes).
3. The transition between interpolation and representation of a discontinuity.

4. The inherent approximation introduced by the sensor channels.

As sensor channels, a variant of the channels prescribed in expression (9.3) is
used:

2 : < T

B (x) — cos®(wd) if wd._ 5 (9.34)
0 otherwise,

where d = \/(x —xM)TM(x — x"), (9.35)

and M = diag(1 1 0). In the experiments H = 2000 such sensors are used, with
random positions {x"}# inside the box ([-0.5,0.5],[~0.5,0.5]) C A. The sensors
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T2

Figure 9.4: Desired response function. Black to White correspond to values of
T3 € [—1, 1]

have channel widths of w = 7/0.14 giving each an active domain with radius 0.07.

Thus, for each state x,, a feature vector a,, = (B'(x,) B?*(x,) ... BH(xn))T
is obtained.

During training, random samples of the state vector x, € X on the surface
f: A — R are generated. These are used to obtain pairs {f,, a,} using (9.33)
and (9.34). The training sets are stored in the matrices f, and A respectively. The
performance is then evaluated on a regular sampling grid. This has the advantage
that performance can be visualised as an image. Since real valued positions x € X
are used, the training and evaluation sets are disjoint.

The mean absolute error (MAE) between the network output and the ground
truth (9.33), is used as a performance measure,

N
1
EMAE = N Z |f(xn) — canl, (9.36)
n=1
or, for discrete event mode
1N
EMAE = 77 nz::l |f(x,) — dec(Cay,,)| . (9.37)

The rationale for using this error measure is that it is roughly proportional to
the number of misclassifications along the black-to-white boundary, in contrast to
RMSE which is proportional to the number of misclassifications squared.
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9.6.2 Associative network variants

We will demonstrate the behaviour of the following five variants of associative
networks:

1. Mixed domain normalisation bipolar network
This network uses the model

A 1
= —ca.
/ 17a
This model is often used in RBF-networks and probabilistic mixture models,
see [58, 77]. This network is optimised according to

¢ = argmin ||f — cAD,||® + 7v|[c||?. (9.38)
[
In the experiments, the explicit solution is used, i.e.
c = fAD,(AD,DTAT +41)~*. (9.39)

Note that for larger systems, it is more efficient to replace (9.39) with a
gradient descent method.

2. Mixed domain normalisation monopolar network
Same as above, but with a monopolar constraint on c, instead of the Tikhonov
regularization used above.

3. Sample domain normalisation monopolar network
This network uses the model
1

f= ca
m’a '

where mg is computed from the training set sensor channels according to
m, — Al.

4. Uniform sample confidence monopolar network
This network uses the model
1

f = ca
wla

where the mapping w is trained to produce the response 1 for all samples,
see (9.23).

5. Discrete event mode monopolar network
This network uses the model

1=Ca < f=dec(Ca),

with K = 7 channels. The responses should describe the interval [—1,1] so
the decoding step involves a linear mapping, see (3.5).
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Figure 9.5: Performance of bipolar network (#1) under varied number of samples.
Top left to bottom right: N = 63, 125, 250, 500, 1000, 2000, 4000, 8000.

9.6.3 Varied number of samples

As a demonstration of the generalisation abilities of the networks we will first
vary the number of samples. The monopolar networks are optimised according to
section 9.5, with 50 iterations. For the bipolar network we have used v = 0.005.
This value is chosen to give the same error on the training set as in network #2
using N = 500 samples.

The performance on the regular grid is demonstrated in figure 9.5 for the
bipolar network (#1), and in figure 9.6 for the discrete event network (#5).

If we look at the centre of the spiral, we see that both networks fail to describe
the fine details of the spiral, although #1 is doing slightly better. For the discrete
event network, the failure is a direct consequence of the feature channel sizes. For
the bipolar network it is a combined consequence of the size and density of the
feature channels.

We can also observe that the discrete event network is significantly better at
dealing with the discontinuities. This is also reflected in the error measures, see
figure 9.7. For very low numbers of samples, when both networks clearly fail, the
bipolar network is slightly better. We have also plotted the performance of the
monopolar mappings in continuous function mode. As can be seen in the plot,
these are all slightly worse off than the bipolar network. All three monopolar
continuous function mode variants have similar performances on this setup. Dif-
ferences appear mainly when the sample density becomes non-uniform (not shown
here).
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Figure 9.6: Performance of discrete event network (#5) under varied number of
samples. Top left to bottom right: N = 63, 125, 250, 500, 1000, 2000, 4000, 8000.

Figure 9.7: MAE under varied number of samples. Solid thick is #5, and dashed
is #1. Solid thin are #2,#3, and #4. For low number of samples the variants are
ordered #2, #3, #4 with #4 being the best one.
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Figure 9.8: Performance of discrete event network (#5) under varied number of
channels. Top left to bottom right: K =3 to K = 14.

9.6.4 Varied number of channels

The relationship between the sizes of feature and response channels is important
for the performance of the network. The distance between the channels also deter-
mines where the decision between interpolation and introduction of a discontinuity
is made. We will now demonstrate these two effects by varying the number of chan-
nels in the range [3...14], and keeping the number of samples high, N = 8000.

As can be seen in figure 9.8, a low number of channels gives a smooth response
function. For K = 3 no discontinuity is introduced at all, since there is only one
interval for the local reconstruction (see section 3.2.3). As the number of channels
is increased, the number of discontinuities increases. Initially this is an advantage,
but for a large number of channels, the response function becomes increasingly
patchy (see figure 9.8). In practice, there is thus a trade-off between description
of discontinuities, and patchiness. This trade-off is also evident if MAE is plotted
against the number of channels, see figure 9.9 left.

In figure 9.9, right part, error curves for smaller numbers of samples have been
plotted. It can be seen that, for a given number of samples, the optimal choice of
channels varies. Better performance is obtained for a small number of channels,
when fewer samples are used. The standard way to interpret this result is that a
high number of response channels allows a more complex model, which requires
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Figure 9.9: MAE under varied number of channels. Left MAE for N = 8000.
Right MAE for N = 63, 125, 250, 500, 1000, 2000, 4000, and 8000.
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Figure 9.10: Number of non-zero coefficients under varied number of channels.
Compare this with 2000 non-zero coeflicients for the continuous function networks.

more samples.

If we plot the number of non-zero coefficients in the linkage matrix C, we also
see that there is an optimal number of channels, see figure 9.10. Note that although
the size of C is between 3 and 14 times larger than in continuous function mode,
the number of links only increases by a factor 2.1 to 2.5.

9.6.5 Noise sensitivity

We will now demonstrate the performance of the associative networks when the
feature set is noisy. We will use the following noise models:
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Figure 9.11: Noise sensitivity. Top left: additive noise, top right: multiplicative
noise, bottom: impulse noise. Solid thick is #5, and dashed is #1. Solid thin are

#2,#3, and #4.

1. Additive noise: A random value is added to each feature value, i.e.
a:, = an + 777
with n* € rect[—p, p|, and the parameter p is varied in the range [0,0.1].

2. Multiplicative noise: FEach feature value is multiplied with a random
value, i.e.
a; =D,a,,

where D, is a diagonal matrix with (D), = n* € rect[1 —p, 1+ p], and the
parameter p is varied in the range [0, 1].

3. Impulse noise: A fraction of the features is set to 1, i.e.

k

ke« )1 if fr <p where f, € rect(0,1)
ay  otherwise,

and the parameter p is varied in the range [0,0.01].

The results of the experiments are shown in figure 9.11. We have consistently
used N = 4000 samples for evaluation, and corrupted them with noise according
to the discussion above. In order to make the amount of regularisation comparable
we have optimised the v parameter for network #1 to give the same error on the
training set as network #2 at N = 4000 samples. This gave v = 0.08.

As can be seen from the additive noise experiment, network #5 has a different
slope for its dependence upon noise level. The other networks are comparable,
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and differences are mainly due to how well the networks are able to represent the
pattern in the first place (see section 9.6.3). For the multiplicative noise case,
we see that the slope is similar for all networks. Thus we can conclude that
the multiplicative noise behaviour is comparable for all tested networks. For the
impulse noise case we can see that for small amounts of noise, network #5 has a
less steep slope than the others. For larger amounts of noise however, all networks
seem to behave in a similar manner.

The purpose of these experiments has been to demonstrate the abilities of the
associative networks to generalise, and to cope with various kinds of sensor noise.
Several experiments using image features as inputs have been made, but have to
be excluded from this presentation. For details of such experiments, the reader is
directed to [53, 34, 80].

9.7 Other local model techniques

We will now have a look at three classes of techniques similar to the associative
networks presented in this chapter. The descriptions of the techniques, Radial
Basis Function (RBF) networks, Support Vector Machines (SVM), and adaptive
fuzzy control, are not meant to be exhaustive, the purpose of the presentation is
merely to describe the similarities and differences between them and the associative
networks.

9.7.1 Radial Basis Function networks

The fact that an increased input dimensionality with localised inputs simplifies
learning problems has also been exploited in the field of Radial Basis Function
(RBF) networks [77, 58]. RBF networks have a hidden layer with localised Gaus-
sian models, and an output layer which is linear. In effect this means that RBF
networks learn a hidden representation which works like a channel encoding. The
advantage with this approach is that the locations, and sizes of the channels (or
RBFs) adapt to the data. The obvious disadvantage compared to using a fixed
set of localised inputs is of course longer training time, since the network has two
layers that have to be learned.

Typically the RBF positions are found using a clustering scheme such as K-
means [77], or, if the number of traing data is low, one RBF is centered around
each traning data. Related to RBF networks are hierarchies of local Gaussian
models. Such networks have been investigated by for instance Landelius in [69].
His setup allows new models to be added where needed, and unused models to be
removed. Compared to the associative networks presented in this chapter, we also
note that the response from an RBF network is a continuous function, and not a
channel representation. This means that RBF networks cannot properly deal with
multiple hypotheses.
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9.7.2 Support Vector Machines

Support Vector Machines (SVM) is another kernel technique that avoids mapping
into a high-dimensional space alltogether. For a SVM it is required that the used
kernel is positive definite. For such cases, Mercers theorem states that the kernel
function is equivalent to an inner product in a high-dimensional space [58].

Obvious differences between the associative networks and SVM are that a SVM
has a low dimensional feature space, and maps either to a binary variable (clas-
sification SVM), or to a continuous function (regression SVM). An associative
network on the other hand uses a high-dimensional, sparse representation of the
feature space, and maps to a set of response channels. Since SVMs do not use
responses in the channel representation, they are unable to deal with multiple
hypotheses.

9.7.3 Adaptive fuzzy control

Adaptive fuzzy control is a technique for learning locally linear functional re-
lationships, see e.g. [84] for an overview. In fuzzy control a set of local fuzzy
inference rules between measurements, and desired outputs are established. These
are often in a form suitable for linguistic communication, for instance: IF temper-
ature(warm) THEN power(reduce). The linguistic states (“warm” and “reduce” in
our example) are defined by localised membership functions, corresponding to the
kernels in the channel representation. Each input variable is fuzzified into a set of
membership degrees, which are in the range [0,1.0]. Groups of one membership
function per input variable are connected to an output membership function in a
fuzzy inference rule. Each fuzzy inference rule only fires to a certain degree, which
is determined by the amount of input activations. The result of the fuzzy inference
is a weighted linear combination of the output membership functions, which can
be used to decode a response in a defuzzification step, which is typically a global
moment (centroid) computation. The IF-THEN inference rules can be learned by
a neural network, see for instance [76]. Typically the learning adjusts the shape
and positions of the membership functions, while the actual set of IF-THEN rules
stays fixed. Thus a fuzzy-inference can be thought of as an associative network
with adaptive feature and response channels, and a static, binary linkage matrix
C.

There are several differences between the associative networks, and fuzzy con-
trol. In fuzzy control the implicit assumption is that there is only one value
per feature dimension activating the membership functions at the input side. As
shown in this chapter, this is not the case in associative learning using the chan-
nel representation. Furthermore fuzzy control only allows one response, since the
defuzzification is a global operation. In contrast, representation of multiple values
is an important aspect of the channel representation, see section 3.2.1.
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9.8 Concluding remarks

In this chapter we have demonstrated that the channel learning architecture run-
ning in discrete event mode is able to describe simultaneously continuous and
transiential phenomena, while still being better than or as good as a linear net-
work at suppressing noise. An increase in the number of response channels does
not cause an explosion in the number of used links. Rather, it remains fairly sta-
ble at approximately twice the number of links required for a continuous function
mapping. This is a direct consequence of the monopolar constraint.

The training procedure shows a fast convergence. In the experiments described,
a mere 50 iterations have been required. The fast convergence is due to the
monopolar constraint, locality of the features and responses, and the choice of
feature domain normalisation.

The learning architecture using channel information also deals properly with
the perceptual aliasing problem, that is, it does not attempt to merge or average
conflicting statements, but rather passes them on to the next processing level.
This allows a second processing stage to resolve the perceptual aliasing, using
additional information not available at the lower level.

The ability of the architecture to handle a large number of models in separate
or loosely coupled domains of the state space, promises systems with a combina-
tion of the continuous mapping of control systems with the state complexity we
have become familiar with from digital systems. Such systems can be used for
the implementation of extremely complex, contextually controlled mapping model
structures. One such application is for view based object recognition in computer
vision [53].



Chapter 10

An Autonomous Reactive
System

This chapter describes how a world model for successive recognition can be learned
using associative learning. The learned world model consists of a linear mapping
that successively updates a high-dimensional system state, using performed actions
and observed percepts. The actions of the system are learned by rewarding actions
that are good at resolving state ambiguities. As a demonstration, the system is
used to resolve the localisation problem in a labyrinth.

10.1 Introduction

During the eighties a class of robotic systems known as reactive robotic systems
became popular. The introduction of system designs such as the subsumption
architecture [11] caused a small revolution due to their remarkably short response
times. Reactive systems are able to act quickly since the actions they perform are
computed as a direct function of the sensor readings, or percepts, at a given time
instant. This design principle works surprisingly well in many situations despite
its simplicity. However, a purely reactive design is sensitive to a fundamental
problem known as perceptual aliasing, see e.g. [17].

Perceptual aliasing is the situation when the percepts are identical in two
situations when the system should perform different actions. There are two main
solutions to this problem:

e The first is to add more sensors to the system such that the two situations
can be distinguished.

e The second is to give the system an internal state. This state is estimated
such that it is different in the two situations, and can thus be used to guide
the actions.

This chapter will deal with the latter solution, which further on will be called
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successive state estimation. We note here that the introduced state can be tailor-
made to resolve the perceptual aliasing.

Successive state estimation is called recursive parameter estimation in signal
processing, and on-line filtering in statistics [101]. Successive recognition could
potentially be useful to computer vision systems that are to navigate in a known
environment using visual input, such as the autonomous helicopter in the WITAS
project [52].

10.1.1 System outline

Successive state estimation is an important component of an active perception
system. The system design to be described is illustrated in figure 10.1. The state
estimation, which is the main topic of this chapter, is performed by the state
transition and state narrowing boxes.

The state transition box updates the state using information about which ac-
tion the system has taken, and the state narrowing box successively resolves am-
biguities in the state by only keeping states that are consistent with the observed
stimulus.

Action —pm— — state —>®—> state J—» System state

transitions narrowing

Stimul channel motor )
imulus —= o ing  ———— = programs [ ™ New Action

Figure 10.1: System outline.

The system consistently uses the channel representation (see chapter 3) to
represent states and actions. This implies that information is stored in channel
vectors of which most elements are zero. Each channel is non-negative, and its
magnitude signifies the relevance of a specific hypothesis (such as a specific sys-
tem state in our case), and thus a zero value represents “no information”. This
information representation has the advantage that it enables very fast associative
learning methods to be employed [50], and improves product sum matching [34].

The channel coding box in figure 10.1 converts the percepts into a channel
representation. Finally, the motor program box is the subsystem that generates
the actions of the system. The complexity of this box is at present kept at a
minimum.

10.2 Example environment

To demonstrate the principle of successive state estimation, we will apply it on the
problem shown in figure 10.2. The arrow in the figure symbolises an autonomous
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agent that is supposed to successively estimate its position and gaze direction by
performing actions and observing how the percepts change. This is known as the
robot localisation problem [101]. The labyrinth is a known environment, but the
initial location of the agent is unknown, and thus the problem consists of learning
(or designing) a world model that is useful for successive recognition.

1

Figure 10.2: Illustration of the labyrinth navigation problem.

The stimulus constitutes a three element binary vector, which tells whether
there are walls to the left, in front, or to the right of the agent. For the situation
in the figure, this vector will look like this:

m=(0 0 1)".

This stimulus is converted to percept channels in one of two ways

P1 = (m1 mo Mg 1-— mq 1-— mo 1-— mg)T or
T
po=(p1 P2 P3s Ps D5 D6 P DPs) (10.1)

where

_J1 if m= m”
Ph = 0 otherwise,

and {m"}$ is the set of all possible stimuli. This expansion is needed since we want
to train an associative network [50] to perform the state transitions, and since the
network only has non-negative coefficients, we must have a non-zero input vector
whenever we want a response.

The two variants p; and po will be called semi-local, and local percepts respec-
tively. For the semi-local percepts, correlation serves as a similarity measure, or
metric, but for the local percepts we have no metric—the correlation is either 1
or 0.

The system has three possible actions a' = TURN_LEFT,

a? = TURN_RIGHT, and a® = MOVE_FORWARD. These are also represented as a three
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element binary vector, with only one non-zero element at a time. E.g. TURN_RIGHT
is represented as

a=(0 1 0)".

Each action will either turn the agent 90° clockwise or anti clockwise, or move it
forward to the next grid location (unless there is a wall in the way).

As noted in section 10.1, the purpose of the system state is to resolve perceptual
aliasing. For the current problem this is guaranteed by letting the state describe
both agent location and absolute orientation. This gives us the number of states
as

N, = rows X cols X orientations. (10.2)

For the labyrinth in figure 10.2 this means 7 x 7 x 4 = 196 different states.

10.3 Learning successive recognition

If the state is in a local representation, that is, each component of the state vector
represents a local interval in state space, successive recognition can be obtained
by a linear mapping. For the environment described in section 10.2, we will thus
use a state vector with Ny components.

The linear mapping will recursively estimate the state, s, from an earlier state,
the performed action, a, and an observed percept p. lLe.

s(t+1)=CJs(t) ® a(t) @ p(t + 1)] (10.3)

where ® is the Kronecker product, which generates a vector containing all product
pairs of the elements in the involved vectors (see section 5.6.1). The sought linear
mapping C is thus of dimension Ny x NyN,N, where N, and N, are the sizes of
the action and percept vectors respectively.

In order to learn the mapping we supply examples of s, a, and p for all possible
state transitions. This gives us a total of NgN, samples. The coefficients of
the mapping C are found using a least squares optimisation with non-negative
constraint

arg min |[u — Cf||*> where
cij>0

u =s(t+1)
f =s(t)®alt)@p(t+1).

For details of the actual optimisation see section 9.5.1.

10.3.1 Notes on the state mapping

The first thing to note about usage of the mapping, C, is that the state vector
obtained by the mapping has to be normalised at each time step, i.e.
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St+1) =Cls(t)@a(t)@p(t+1)]
s(t+1
s(t+1) = S(~ +1) . (10.4)
Yokt +1)
In the environment described in section 10.2, we obtain exactly the same be-
haviour when we use two separate maps:

s*(t+1) =Cys(t) ®a(t))
S(t+1) =Cyfs*(t+1)@p(t+1)].
These two maps correspond to the boxes state transition and state narrowing in

figure 10.1. An interesting parallel to on-line filtering algorithms in statistics is
that C; corresponds to the stochastic transition model

s*(t+1) ~ p(x(t + 1)[s(t), a(t)) (10.6)

(10.5)

where z is the unknown current state. Additionally, Cs is related to the stochastic
observation model p(p(t)|s(t)). A probabilistic interpretation of Cs would be

s(t+1) ~plx(t+1)[s*(t+1),p(t+1)). (10.7)

See for instance [101] for a system which makes use of this framework.

The mappings have sizes Ny x N;N, and Ny, x N,N,, and this gives us at
most N2(N, + N,) coefficients compared to N2N,N, in the single mapping case.
Thus the split into two maps is advantageous, provided that the behaviour is not
affected (which in our case it is not).

Aside from the gain in number of coefficients, the split into two maps will
also simplify the optimisation of the mappings considerably. If we during the
optimisation supply samples of s*(¢t+1) that are identical to s(t+1) we end up with
a mapping, Cs, that simply weights the state vector with the correlations between
the observed percept and those corresponding to each state during optimisation.
In other words (10.5) is equivalent to

S(t+1) = diag(Pp(t + 1))C1 [s(t) @ a(t)] . (10.8)

Here P is a matrix with row n containing the percept observed at state n during the
training, and diag() generates a matrix with the argument vector in the diagonal.

10.3.2 Exploratory behaviour

How quickly the system is able to recognise it’s location is of course critically
dependent on which actions it takes. A good exploratory behaviour should strive
to observe new percepts as often as possible, but how can the system know that
shifting its attention to something new when it does not yet know where it is?

In this system the actions are chosen using a policy, where the probabilities
for each action are conditional on the previous action a(t — 1) and the observed
percept p(t). Le. the action probabilities can be calculated as

pa(t) =a") = c"[a(t — 1) © p2(t)] (10.9)
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Figure 10.3: Illustration of state narrowing.

where {a"}? are the three possible actions (see section 10.2). The coefficients in
the mappings {c"}3 should be defined such that ), p(a(t) = a”") = 1.

Initially we define the policy {c}$, manually. A random run of a system with
a fixed policy is demonstrated in figure 10.3. The two different kinds of percepts
p1 and pg are those defined in (10.1).
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10.3.3 Evaluating narrowing performance

The performance of the localisation process may be evaluated by observing how
the estimated state vector s(t) changes over time. As a measure of how narrow a
specific state vector is we will use

n(t) = =2 ——.
mgx{sk(t)}

If all state channels are activated to the same degree, as is the case for ¢ = 0, we
will get n(t) = N,, and if just one state channel is activated we will get n(t) = 1.
Thus n(t) can be seen as a measure of how many possible states are still remaining.

Figure 10.4 (top) shows a comparison of systems using local and semi-local
percepts for 50 runs of the network. For each run the true initial state is selected
at random, and s(0) is set to 1/N,.

20 30 40

20 25 30 35 40

Figure 10.4: Narrowing performance.
Top left: n(t) for a system using p1. Top right: n(t) for a system using pa. Each
graph shows 50 runs (dotted). The solid curves are averages. Bottom: Solid: n(t)
for p1 and pa. Dashed: py using f1(). Dash-dotted: p; using f3(). Fach curve is
an average over 50 runs.

Since the only thing that differs between the two upper plots in figure 10.4 is
the percepts, the difference in convergence has to occur in step 2 of (10.5). We can
further demonstrate what influence the feature correlation has on the convergence
by modifying the correlation step in equation 10.8 as follows

S(t+ 1) = diag(f(Pp(t + 1)))Cy [s(t) ® a(t)] . (10.11)

We will try the following two choices of f() on correlations of the semi-local percepts



128 An Autonomous Reactive System

1 ife>0

i (10.12)
0 otherwise.

fi(c)=+c and fo(c) = {

All four kinds of systems are compared in the lower graph of figure 10.4. As
can be seen, the narrowing behaviour is greatly improved by a sharp decay of the
percept correlation function. However, for continuous environments there will most
likely be a trade off between sharp correlation functions and state interpolation
and the number of samples required during training.

10.3.4 Learning a narrowing policy

The conditional probabilities in the policy defined in section 10.3.2 can be learned
using reinforcement learning [96]. A good exploratory behaviour is found by giving
rewards to conditional actions {a(t)|p(t),a(t—1)} that reduce the narrowing mea-
sure (10.10), and by having the action probability density p(a(t) = a”|p(t),a(t—1))
gradually increase for conditional actions with above-average rewards. This is
called a pursuit method [96].

In order for the rewards not to die out, the system state is regularly reset to
all ones, for instance when ¢ mod 30 = 0. The first attempt is to define the reward
as a plain difference of the narrowing measure (10.10), i.e.

ri(t) =n(t—1)—n(t). (10.13)

With this reward, the agent easily gets stuck into sub-optimal policies, such as
constantly trying to move into a wall. Better behaviour is obtained by also looking
at the narrowing difference one step into the future, i.e.

ro(t) =r(t)+rit+1)=n(t—-1)—n(t+1). (10.14)

10 20 30 40 10 20 30 40

Figure 10.5: Narrowing performance.
Left: n(t) for a policy learned using 1 (t). Right: n(t) for a policy learned using
ro(t). Each graph shows 50 runs (dotted). The thick curves are averages. Dashed
curves show average narrowing for a completely random walk.

The behaviours learned using (10.13) and (10.14) are compared with a random
walk in figure 10.5.
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10.4 Concluding remarks

The aim of this chapter has not been to describe a useful application, but instead to
show how the principle of successive recognition can be used. Compared to a real
robot navigation task, the environment used is way too simple to serve as a model
world. Further experiments will extend the model to continuous environments,
with noisy percepts and actions.
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Chapter 11

Conclusions and Future
Research Directions

In this chapter we conclude the thesis by summarising the results. We also indicate
open issues, which point to research directions that can be pursued further.

11.1 Conclusions

This thesis is the result of asking the question “What can be done in the channel
representation, which cannot be accomplished without it?”. We started by deriving
expressions for channel encoding scalars, and retrieving them again using a local
decoding. We then investigated what the simple operation of averaging in the
channel representation resulted in.

The result that several modes of a distribution can be treated in parallel is of
fundamental importance in perception. Perception in the presence of noise is a
difficult problem. One especially persistent kind of noise is a competing nearby
feature. By making use of the channel representation, we can make this problem
go away, by simultaneously estimating all present features in parallel. We can
select significant features after estimation, by picking one or several of the local
decodings. In principle this would allow the design of a perception system similar
to that of the bat described in section 2.1.4.

Channel representation is also useful for response generation. The associative
networks in chapter 9 was shown to be able to learn piecewise continuous mappings,
without blurring discontinuities. Such an ability is useful in response generation,
such as navigation with obstacle avoidance. If we encounter an obstacle in front of
us, it might be possible to pass it on both the left and the right side, so both these
options are valid responses. Their average however is not, and thus a system that
learns obstacle avoidance will need to use some kind of channel representation in
order to avoid such inappropriate averaging.

For all levels in a perception system it is crucial that not all information is
processed at each position. In order not to be flooded with data we need to exploit
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locality, i.e. restricting the amount of information available at each position to a
local context. This can however lead to problems such as perceptual aliasing. As
was demonstrated in chapter 9, intermediate responses in channel representation is
a proper way to deal with perceptually aliased states. The channel representation
solves the perceptual aliasing problem by not trying to merge states, but instead
passing them on to the next processing level, where hopefully more context will
be available to resolve the aliasing.

11.2 Future research

As is common in science, this thesis answered some questions, but at the same
time it raised several new ones. We will now mention some questions which might
be worthwhile to pursue further.

This far, the only operations considered in channel spaces are averaging and
non-negative projections. Are there other meaningful operations in channel spaces?
One option is to adapt the averaging to the local image structure, see Felsberg’s
paper [28] for some first results in this area.

The clustering of constant slopes developed in chapter 7 is, as mentioned just
a first result. It could probably benefit from changing the representation of the
slopes to cluster.

11.2.1 Feature matching and recognition

Two currently active areas in computer vision are wide baseline matching, see
e.g. [99] and parts based object recognition, see e.g. [70, 66, 82]. Both of these areas
are possible applications for the blob features developed in chapter 7.

11.2.2 Perception action cycles

Active vision is an important aspect of robotics. Apart from the simple example
in chapter 10, this thesis has not dealt with closed perception—action loops. One
direction to pursue is to explore the visual servoing idea in connection with the
methods and representations developed in this thesis. One way to do this is to
apply the successive recognition system in chapter 10 to more realistic problems,
but other architectures and approaches could also prove useful.
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Appendices

A Theorems on cos? kernels

Theorem A.1 For cos? kernels withw = 7 /N, a group of N consecutive channels
starting at index k has a common active domain of

SN =]k -1+ N/2,k+ N/2[.

Proof: The active domain (non-zero domain, or support) of a channel is defined

Sp = {z:B*(x) > 0} =Ly, Us[. (A1)

Since the kernels should go smoothly to zero (as discussed in section 3.2.2), this
is always an open interval, as indicated by the brackets. For the cos? kernel (3.2)
we have domains of the type

Sp=1lk—7/2/w, k+m/2/w]. (A.2)

For w = /N this becomes

Sp =1k — N/2,k + N/2[. (A.3)

The common active domain of N channels, S ,]CV becomes

S]JCV:SkﬁSkJrlﬂ...ﬂSkJrN,l :]LkJrN,l,Uk[: (A4)
=]k+N—-1—-N/2,k+ N/2[=]k—1+ N/2,k+ N/2[. (A.5)
This concludes the proof. O

Theorem A.2 For cos® kernels with w = m/N, and a local decoding using N
channels, the represented domain of a K channel set becomes

RY =|N/2,K +1— N/2].

Proof: If we perform the local decoding using groups of N channels with w = /N,
we will have decoding intervals according to theorem A.1. Note that we need to
have N € N/{0,1} in order to have a proper decoding. These intervals are all
of length 1, and thus they do not overlap. We now modify the upper end of the
intervals

Sy =1k —1+N/2,k+ N/2] (A.6)
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in order to be able to join them. This makes no practical difference, since all that
happens at the boundary is that one channel becomes inactive. For a channel
representation using K channels (with K > N) we get a represented interval of

type

le\(f - S{v U Sév U...u S%7N+1 == ]L1+N71, UK7N+1} (A?)

=|N/2, K- N+1+N/2]=]N/2,K+1—N/2|. (A.8)

This concludes the proof. O
Theorem A.3 The sum of a channel value vector (Bl(x) B*(z) ... BK(x))T

for w=7/N, where N € N/{0,1}, is invariant to the value of x when x € RY.

Proof: According to theorem A.l, groups of N consecutive channels with w =
7/N have mutually non-overlapping active domains S7'. This means that for a
given channel vector, the value x will fall into exactly one of these domains, S,iv .
Thus the sum over the entire channel set is equal to the sum over the channels
belonging to S{, for some value of k

K k+N-1 N-1
Y B'(z)= Y B'x)=Y B"(a). (A.9)
n=0 n=~k n=0

We now define a complex valued function

vi(z) = eh2w(a—k) (A.10)

This allows us to write the kernel function B*(z) as

B*(z) = cos?(w(z — k)) = 0.5+ 0.5 cos(2w(z — k)) =
= 0.5 + 0.5Re [vg(z)] .

Now the sum in (A.9) becomes

N-1
N 1

Z B (z) = — 4+ ZRe

= 2 2

N-—1
Z vm(x)] . (A.11)
n=0

The complex sum in this expression can be rewritten as

N-1 N-1 . N-1 L oon
Z Viin(T) = Z pl2w(@—k—n) _ J2w(a—k) Z (e—’l,Zw) _ (A.12)
n=0 n=0 n=0

For! e=%2% £ 1 this geometric sum can be written as

IThe case e~ 2% = 1 never happens, since it is equivalent to w = nm, where n € N, and our
assumption was w = w/N, N € N/{0, 1}.
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N-1 1 e—’l:QwN

> () = (A.13)

n=0
The numerator of this expression is zero exactly when wN = nm, n € N. Since our
assumption was w = /N, N € N/{0,1}, it is always zero. From this follows that
the exponential sum in equation A.11 also equals zero. We can now reformulate
equation A.11 as

N-1

N
Z BF(z) = 5} for w = w/N where N € N/{0,1}. (A.14)
n=0
This in conjunction with (A.9) proves the theorem. O

Theorem A.4 The sum of a squared channel value vector
(B'(z)? B*(z)* ... BK(JU)2)T for w =m/N, where N € N/{0,1,2} is invari-
ant to the value of x when x € RY.

Proof: The proof of this theorem is similar to the proof of theorem A.3. With
the same reasoning as in (A.9) we get

K k+N-1 N—-1
S B@?2= Y B'@)2=Y B*()2, (A.15)
n=0 n=k n=0

We now rewrite the squared kernel function as

3 1 1
B*(2)? = cos*(w(z — k)) = 3 + 5 cos(2w(x — k)) + 3 cos(dw(z — k)).
This allows us to rewrite (A.9) as

N-1

> Vil )1. (A.16)

N-1
Z BF (2)? = = —|— Re + Re

§ VkJrn

The first complex sum in this expression is zero for w = 7 /N, where
N € N/{0,1} (see equations A.12 and A.13).
The second sum can be written as

n=0

Hw(@—k—n) _ dw(z—k) NZ ( —z4w) (A.17)

||Fﬂ2

N-—
E Vk+n

For e~ # 1 (that is, w # nm/2 where n € N)?2, this geometric sum can be
written as

2In effect this excludes the solutions N = 1, and N = 2.
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N-1 __—t4wN

i\ 1—e
O () g (19
n=0 1 —e
The numerator of this expression is zero exactly when w = 35, for integers n, and

N, but again our premise was w = 7/N, N € N/{0, 1,2}, so it is always zero. The
constraints on equation A.18 requires us to exclude the cases N € {0, 1, 2}.
We can now reformulate equation A.16 as

= 3N
> BM2)? = = forw=m/N where N € N/{0,1,2}. (A.19)
n=0

This in conjunction with (A.15) proves the theorem. O

Observation A.5 We will now derive a local decoding for the cos® when w = 7 /2.

For the case w = 7/2 we can also define a local decoding, but it is more difficult
to decide whether the decoding is valid or not. We now have the system

() = (o) = (i) o

since cos(x — 7/2) = sin(z) we have
() = (Lo =Y. o)
‘We now see that

2 2
A — z Vbl 4 iVl = z -1 I+1 /4,
z l+7rarg{ ul +ivVu } l+7rtan (y/u /u) (A.22)
and

1= |ul + T and 7y =Wl 4!t (A.23)
In order to select valid decodings, we cannot simply check if & is inside the

common support, since this is always the case. One way to avoid giving invalid
solutions is to require that 7#5(1) > #o(l + 1) and 7o (1) > 7o (I — 1). O

Theorem A.6 The cos? local decoding is an unbiased estimate of the mean, if the
PDF f(x) is even, and restricted to the decoding support SlN.

fx)=f@u—=) and supp{f}C S = E{2}=E{z.}.

The local decoding of a cos? channel representation consists of two steps: a
linear parameter estimation and a non-linear combination of the parameters into
estimates of the mode location and the confidence. The expected value of the
linear parameter estimation is

o cos(2u(a — ) x)da
E{p} = | [o sinQu(z — 1)) f(v)dx (A.24)
fslN f(z)dx
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if we require that supp{f} C S», see section 4.2.2. We now simplify the notation,
by denoting ¢(z) = cos(2wx), and s(x) = sin(2wx). Further, we assume that f is
even about a point y, i.e. f(x) = f(2u — x). This allows us to rewrite E{p;} as

B} = [ f@rta=do = [ f@)elo == da (4.25)
= | 1@ el = melu—1) = st = p)s( =] de (A.26)
= —l/ f(@)e(x — p)dx — s( —l/ f(z —p)dx  (A.27)
=elu=1) [ (A28)

where one of the integrals becomes zero due to antisymmetry about . In a similar
way we can rewrite E{ps} as

Blpa} = s(u=1) [ f@)ew = ), (4.29)
1
We now denote the integral by «
a= flz)c(r — p)de . (A.30)
S
This allows us to write
E{p1} = acos(2w(p —1)) (A.31)
E{p2} = asin(2w(p —1)). (A.32)
Finally we insert these two expressions into the non-linear step of the decoding
. 1 .
B} =1+ o ag[E{pi) +iE{p)] (4.33)
1 120 (u—1) 1
— il = — — A.34
I+ 5, argae I+ 55 Qw(p —1)) (A.34)
= L. (A.35)
For a density that is even about u, we also get
E{z,} = /xf(x)dx (A.36)
= /(Q,u — ) f(2u — x)dx = 2u — /xf(Z,u —z)dx = 2u — /xf(x)dm
(A.37)

Setting the right-hand of (A.36) equal to the right-hand of (A.37) gives

E{z,} = /xf(z)da: =pu. (A.38)
Together with (A.35) this gives E{%} = E{x,}, which concludes the proof. O
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B Theorems on B-splines

Theorem B.1 The sum of integer shifted B-splines is independent of the encoded
scalar for any degree n.

ZBZ(w)zl vz, n €N
k

Proof: B-splines of degree zero are defined as

Bo,(g:): 1 k-05<z<k+0.5
k 0 otherwise.

From this trivially follows that the zeroth degree sum is constant, since exactly
one B-spline is non-zero, and equal to 1 at a time. That is

> Bi(x)=1 Va. (B.1)
k

Using the recurrence relation (5.10), we can express the sum of an arbitrary degree
as

> Bp(z) = (B.2)

-y (ac - k+7(1n+ 1)/2sz/2(x) N (n+ 1)/i_x+kBZ+11/2(x)> (B.3)
k

_y (x - k+£ln+ 1)/2132%/2(@) Y ((n+ 1)/Z—x+kBZ+1l/2($)>
k k

(B.4)

B x—l+n/2Bn_1 n2+l—x_, 4

= — (x) ) + — B (2) (B.5)
(e ) o 2 (M)

:Z(m—l:n/2+n/2—71m+l>B?_1(x) (B.6)
l

=> "B (a). (B.7)
l

That is, the sum of B-splines of degree n is equal to the sum of degree n — 1. This
in conjunction with (B.1) proves theorem B.1 by induction. d

Theorem B.2 The first moment of integer shifted B-splines is equal to the en-
coded scalar for any degree n > 1.

ZkBZ(m) =z Vr, neNt
k
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Proof: Using (5.11), the first moment of B-splines of degree one can be written
as

SO kBL@) = 3k [(@ =k + DBy ja(@) + (1= 2+ k)BYa(a) (B:3)
k k

= k(z—k+1)B)_ (@) + Y k(L —z+k)BY, 5() (B.9)
k

k
=> (1+1/2)(x—1+1/2)B)(z) + > (1 —-1/2)(1/2 -z +1)B)(x)
l l

(B.10)
72 (1/4— 12 + 1z + 2/2)BY(z Z —1/4 —lz + 2/2)B) (2)

(B.11)
= zl:xB?(x) = le:B?(x) =z. (B.12)

We now make an expansion of the first moment using the recurrence relation
(5.10),

S B () - (B.13)
k
:Zk[x—k+r(ln+1)/ By %/2( )+(n+1)/721—x+kBZ+11/2( )
k
(B.14)
:ka—k—i—r(zl—&-l)/ By~ 11/2( )+Zk(n+1)/z_$+kBZ+ll/2( )
k ; (B.15)
-y (I+ 1/2)(:;- I+ n/2)Bl"_1(:c) Y = 1/2)(7;2/2 —x+ l)Bln_l(x)
l : (B.16)
—Z 2lx — 21 +l7;;rwfl+n/2B7,1(x) (B.17)
l
+Z In — 2133+2l2n— n/2+x — le_l(x) (B.18)
Zln+x Bl (x). (B.19)

l

By applying theorem B.1 we get
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N HOESY %Bf—l(@ (B.20)

k l

zy <1 - %) XI:ZB;H@). (B.21)

If we assume the theorem holds for n — 1, we get

> kB (x) % + (1 — %) > By (x) (B.22)
k

1
_1’+(1)x_l« (B.23)
n n
This in conjunction with (B.12) proves theorem B.2 by induction. a

C Theorems on ellipse functions

Theorem C.1 The matriz A describing the shape of an ellipse
(x —m)TA(x — m) < 1 is related to the inertia matriz I of the same ellipse
according to

1 1
1= ZA*1 or A= Zrl.

Proof: A surface patch in the shape of an ellipse is the set of points x = (z1 x2)7
fulfilling the relation (x1/a)? + (z2/b)? < 1. This can be rewritten as

T ~_(1/a®> 0
x'Dx <1 for D—( 0 1/5?) (C.1)

In order to describe an ellipse with arbitrary position and orientation, we add a
rotation R = (r; ry), and a translation m = (m; mz)7 and obtain

(x—m)"A(x-m)<1 where A=R'DR. (C.2)

Note that the square root of the left hand expression is a Mahalanobis distance
between m and x, with A defining the metric, see e.g. [7]. A often corresponds
to the inverse covariance of a data set.

For the ellipse described by A, and m, we can define a binary mask,

)it (x-m)"A(x—m)<1
v(x) = {O otherwise. (€-3)

The mask v(x) has moments that in the continuous case are given by
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Ml = /R2 aiahv(x)dx —/ ah b dx (C.4)

(x—m)TA(x—m)<1

= / (21 +m1)* (2o + mo)ldx (C.5)
xTRTDRx<1

y =Rx T k(. T l
= dy = :
{ dx = dy } /TDy<1(r1Y+m1) (rzy +ma)'dy (C.6)

- D3 . L .
[ dyx: |Dj%y\dx } N /T <1(r1TD éx+m1)k(r2TD éXerQ)l|D ;|dX:
(C.7)

cos . -
X:P-(p:Pn_ lT—lA ki Ty 4 l
s @ = (ry D72 ph + mq)"(ry D™ 2 ph + ma2) abpdpdyp .
—7m JO

dx = pdpdp
(C.8)
If we define the rotation R to be
[ cos¢p sing\
R= (— sing  cos ¢) = () (G9)
we can simplify this to
1
ukl:/ / (pa cos ¢ cos @ — pbsin ¢sin p + my )k x
—7m JO
(pa cos ¢ cos @ + pbsin ¢sin o + ma) abpdpdyp . (C.10)
We can now verify the expressions for the low order moments
1
oo = / / abpdpdp = wab (C.11)
0

>‘:a

1
Mo = / (pa cos ¢ cos p — pbsin ¢ sin ¢ + my)abpdpdp = mimab  (C.12)

0

3 >:

/
o)

1
/ pa cos ¢ cos  + pbsin ¢ sin ¢ + mg)abpdpdp = mamab  (C.13)

(=)
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I 1
20 = / / (pa cos ¢ cos @ — pbsin ¢sin o + mq)2abpdpdyp
—m JO
1
= mab (Z(a2 cos? ¢ + b%sin’ ¢) + m?) (C.14)
I 1
o2 = / / (pa cos ¢ cos @ + pbsin ¢sin p + ma)2abpdpdyp
—m JO
1
= mab (1((12 cos? ¢ + b?sin’ ¢) + m%) (C.15)

ks 1
M11:/ / (pa cos ¢ cos p — pbsin ¢ sin ¢ + mq)x
-7 JO
(pa cos ¢ cos p + pbsin ¢ sin p + ma)abpdpdp

1
= mab (1((12 cos® ¢ — b? sin? o) + m1m2> . (C.16)

We now group the three second order moments into a matrix

p20 par) _ mab (r{D7'ry r{D 'y T
</,L11 /,LOQ) = 4 (r%"D_lrl rgD_lrQ =+ Wabmm (Cl?)
b
= %RTD*R + rabmm? . (C.18)

By division with g, see (C.11), we get

1 1
— ( Hoz  Hn ) = -R'D'R+mm”. (C.19)
Moo \ M11  H20 4

T

By subtraction of mm* we obtain the definition of the inertia matrix

1 1
I=— (2 A1) ymT = —RTD'R. (C.20)
Moo \ M11  H20 4

Here we recognise the inverse of the ellipse matrix A~! = RTD™!R, see (C.2),
and thus the ellipse matrix A is related to I as

I=-A"1' or A=-1"! (C.21)

which was what we set out to prove. O
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Theorem C.2 The azes, and the area of an ellipse can be extracted from its
inertia matrix I according to

{a,b} ={2+/A1,2/ A2} and Area=4nvdetI.

Proof: For positive definite matrices, the eigenvectors constitute a rotation, and
thus (C.20) is an eigenvalue decomposition of I. In other words I = \;éjel +
A262€7, has its eigenvalues in the diagonal of D!, {A;, A2} = {a?/4,b%/4}.
From this follows that {a,b} = {2/A1, 2V 2}

Since detI = A\ A\g = 1—16a2b2, we can find the ellipse area as wab = 47wv/det 1.

Also note that of all shapes with a given inertia matrix, the ellipse is the
one that is best concentrated around m. This means that in the discrete case,
the above area measure will always be an overestimate of the actual area, with
exception of the degenerate case when all pixels lie on a line. O

Theorem C.3 The outline of an ellipse is given by the parameter curve

x = RTD~1/2 (Zif:) +m for te0,2x]. (C.22)

Proof: An ellipse is the set of points x € R? fulfilling relation (C.2). By inserting
the parameter curve (C.22) into the quadratic form of (C.2) we obtain

(x—m)TA(x —m) = (x —m)"R"DR(x — m) (C.23)
— (cost sint) D"/2RRTDRRTD~ /2 (1) (C.24)

sint
=cos’t +sin’t =1. (C.25)

Thus all points in (C.22) belong to the ellipse outline. Note that (C.22) is a
convenient way to draw the ellipse outline. O
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